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Abstract001

Recent progress in large language model002
(LLM)-based text-to-speech (TTS) has enabled003
increasingly natural and versatile speech gener-004
ation, including zero-shot voice synthesis and005
multilingual capability. However, these gains006
are often accompanied by a growing reliance007
on large-scale data, making training resource-008
intensive, costly, and time-consuming. In this009
paper, we introduce TTL, a novel data selec-010
tion framework tailored for LLM-based TTS011
that leverages a probability gap computed on012
codec tokens. Our selection uses two scoring013
models of different sizes, each aggregating con-014
ditional probabilities of global and semantic015
tokens given the text. A larger score gap indi-016
cates more challenging and informative speech017
samples, which we prioritize to construct data-018
efficient training subsets. On top of that, we019
further show that naïve selection can severely020
bias the selected subset toward a high-resource021
language in multilingual settings, and propose022
a simple language-balanced strategy to miti-023
gate this bias and effectively improve multi-024
lingual generalization. Extensive experiments025
on multiple benchmarks demonstrate consis-026
tent improvements in naturalness and intelli-027
gibility, with substantial gains in word error028
rate (WER) and strong multilingual perfor-029
mance under data-constrained settings. Source030
codes are available at https://github.com/TTL-031
cell/TTL.git.032

1 Introduction033

Text-to-speech (TTS) technology has made remark-034

able advancements in recent years, expanding its035

functionality and improving overall user experi-036

ence. In particular, current models (Ju et al., 2024;037

Anastassiou et al., 2024; Chen et al., 2025) deliver038

increasingly natural speech and support zero-shot039

voice synthesis, often extending to multilingual040

generation. At the forefront of this progress is the041

incorporation of large language models (LLMs)042

into the speech synthesis pipeline. In many LLM- 043

based TTS frameworks (Wang et al., 2025b; Ye 044

et al., 2025; Wang et al., 2025a; Du et al., 2024), 045

speech is represented as discrete token sequences, 046

typically comprising semantic tokens for linguistic 047

content and acoustic tokens for fine-grained speech 048

details. Conditioned on text, the LLM generates 049

these tokens, and a neural codec decoder recon- 050

structs waveforms from them. 051

Though landmark advances in LLM-based TTS 052

have highlighted the tremendous potential of mod- 053

ern architectures for speech synthesis, their success 054

increasingly relies on large-scale data. Such scal- 055

ing requires massive computational resources and 056

makes reproduction costly and time-consuming, 057

motivating the need for data-efficient training. 058

However, existing approaches has typically focused 059

on architectural design, tokenization schemes, and 060

inference strategies, yet relatively less attention 061

has been paid to how training data should be se- 062

lected or prioritized for LLM-based TTS. From a 063

data-centric perspective, improving the information 064

density of training data can achieve comparable re- 065

sults with lower data demands, thereby reducing the 066

computational burden. Despite its practical impor- 067

tance, this direction remains largely underexplored 068

in the LLM-based TTS literature. 069

Motivated by this, we propose TTS data selec- 070

tion based on codec Token scoring with Language 071

balancing (TTL), a novel framework tailored for 072

LLM-based TTS that leverages probability gaps on 073

semantic and global tokens. Our selection criterion 074

ranks each sample using the score gap between 075

two scoring models of different sizes, where the 076

smaller model matches the size of the target LLM- 077

based TTS model we ultimately train. The score is 078

computed by aggregating token-wise conditional 079

probabilities of global and semantic tokens con- 080

ditioned on the text, and the difference between 081

the two aggregated scores is used for ranking. The 082

proposed framework prioritizes samples with large 083
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gaps, where the larger scoring model is confident084

but the smaller model remains uncertain on the085

global and semantic tokens, yielding more chal-086

lenging and informative speech data. For efficiency,087

both scoring models are trained on only a small088

fraction of the full dataset, about 2% in our experi-089

ments. In addition, we further observe that naïve se-090

lection based solely on probability gaps can heavily091

bias the selected subset toward a specific language.092

For example, when selecting a 12.5% subset from093

our bilingual English–Chinese corpus, the selected094

data includes 1,055,528 English samples (98.43%)095

but only 16,807 Chinese samples (1.57%). To ad-096

dress this issue, we introduce a language-balanced097

selection strategy that preserves the intended per-098

language composition of the selected data while099

still prioritizing high-scoring samples within each100

language. This simple balancing step improves cov-101

erage across languages and leads to consistent gains102

in multilingual TTS performance.103

Our experimental results demonstrate that the104

proposed selection approach consistently selects105

more informative training subsets. In a challenging106

data-constrained setting, TTL improves both natu-107

ralness and intelligibility across multiple bench-108

marks, including Seed-TTS evaluations (en, zh,109

hard), LibriTTS, VCTK, and AISHELL-3, yield-110

ing substantial reductions in word error rate (WER)111

and consistent gains in multilingual settings. In ad-112

dition, we provide an in-depth analysis of language113

balancing effects and further characterize the differ-114

ences in acoustic and linguistic feature distributions115

across training subsets selected by each method.116

Our contributions are summarized as follows:117

• We introduce TTL, a novel data selection118

framework for LLM-based TTS that leverages119

probability differences on semantic and global120

tokens. To the best of our knowledge, this is121

the first attempt at data selection tailored for122

LLM-based TTS.123

• Based on the observation that naïve selection124

can severely bias the selected subset toward125

a high-resource language, we propose a sim-126

ple language-balanced strategy that effectively127

improves multilingual performance.128

• Extensive experiments on multiple bench-129

marks show that TTL achieves consistent im-130

provements under data-constrained settings,131

providing a practical path toward more effi-132

cient LLM-based TTS training.133

2 Related Work 134

2.1 LLM-based TTS 135

Recent advances in speech tokenization bridge con- 136

tinuous waveforms and discrete token-based LLMs 137

by quantizing speech into codec tokens. Many zero- 138

shot TTS systems therefore adopt a codec-based 139

LLM framework, where an LLM predicts speech 140

token sequences and a codec decoder reconstructs 141

the final waveform. For example, LLaSA (Ye et al., 142

2025) extended a LLaMA (Touvron et al., 2023) 143

backbone with an expanded vocabulary that incor- 144

porates speech tokens and trains the model via next- 145

token prediction. Spark-TTS (Wang et al., 2025a) 146

introduced BiCodec, a single-stream codec that 147

decomposes speech into low-bitrate semantic to- 148

kens for linguistic content and fixed-length global 149

tokens for speaker attributes, utilizing Qwen2.5 150

(Yang et al., 2025). 151

2.2 Data Selection 152

Data selection is the process of choosing an infor- 153

mative subset from a large dataset to make train- 154

ing more efficient. Recently, several selection tech- 155

niques have been proposed in the LLM literature 156

to enable data-efficient training (Xie et al., 2023; 157

Zhang et al., 2025; Gu et al., 2025). Quad (Zhang 158

et al., 2025) balanced data quality and diversity 159

by iteratively selecting samples via a multi-armed 160

bandit over clustered data. MiniPLM (Gu et al., 161

2025) introduced an offline knowledge distillation 162

(KD)-based data selection framework that uses dif- 163

ference sampling. Though the proposed approach 164

also adopts the KD-based scoring framework, it dif- 165

fers from MiniPLM in that it is explicitly tailored 166

to LLM-based TTS. The scoring of TTL operates 167

on codec tokens, focusing on semantic tokens for 168

linguistic content and global tokens for speaker 169

attributes. Additionally, it incorporates language 170

balancing for multilingual training, yielding con- 171

sistent gains across languages. In speech synthe- 172

sis, Kurematsu et al. (1989) proposed phoneme- 173

balanced corpus construction to alleviate sparsity 174

for rare phonemes, while Seki et al. (2024) intro- 175

duced diversity-based core-set selection by using 176

joint linguistic, speaker, and acoustic features. 177

3 Proposed Method 178

Considering that LLM-based TTS relies on se- 179

mantic and acoustic codec tokens and is typically 180

trained on multilingual data, it is essential to de- 181

velop selection criteria tailored to these token types 182
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Figure 1: Overview of TTL. We utilize two scoring models of different sizes to compute the probability gap based
on global and semantic tokens. This metric prioritizes informative samples where the teacher is confident while the
student remains uncertain. We allocate λl · α · |D| samples to each languages l ∈ {en, zh}. Consequently, the final
subset D′

is constructed by aggregating the top-ranked samples independently selected from each language.

while maintaining language balance. In this section,183

we introduce TTL, a novel data selection frame-184

work designed for LLM-based TTS.185

Scoring Model. As illustrated in Fig. 1, we adopt186

two scoring models of different sizes and rank each187

training sample by the probability gap computed on188

codec tokens, with semantic tokens capturing lin-189

guistic content and global tokens encoding speaker190

attributes. For ease of understanding, we refer to the191

larger model as the teacher and the smaller model192

as the student scoring model. The student’s size is193

set to that of the target LLM-based TTS model we194

ultimately train and evaluate. We prioritize samples195

with large gaps, where the teacher is confident but196

the student is uncertain on these tokens, thereby197

selecting more challenging and informative speech198

data to train the target TTS model. Since training199

both teacher and student scoring models on the full200

dataset is highly costly, we train them on a small201

fraction (about 2%) of the data for a small number202

of epochs.203

Score Computation. To calculate the score, we204

construct the input by concatenating the text to-205

ken with the global tokens and semantic tokens.206

For each model θ ∈ {θtea, θstu}, the score is de-207

fined as the sum of the token-wise conditional log-208

probabilities of global and semantic tokens condi-209

tioned on the text, which can be calculated as210

log pθ(y|x) =
T∑
t=1

log pθ(yt|x, y<t) (1)211

where x is text and y = [Ĝ, Ŝ] represents the gen- 212

erated global and semantic tokens. Finally, the dif- 213

ference score s(pθtea , pθstu , x) for each sample is 214

computed as the gap between the teacher and stu- 215

dent scores, which is given by 216

s(pθtea , pθstu , x) = log

(
pθtea(y|x)
pθstu(y|x)

)
. (2) 217

We interpreted s(pθtea , pθstu , x) by categorizing it 218

into three parts. First, for samples where pθtea ≫ 219

pθstu , we apply up-sampling as they represent in- 220

formative data for the target TTS model. Second, 221

when pθtea ≃ pθstu , we apply down-sampling, re- 222

garding it as already well predicted by smaller 223

model. Lastly, under the assumption that the 224

teacher scoring model provides a more accurate 225

prediction, we discard samples with pθtea ≪ pθstu 226

as potentially noisy, thereby improving data quality. 227

By ranking difference scores of full dataset D, we 228

refines subset D′
as follows: 229

D′ = top-α%
{
s(pθtea , pθstu , x)

∣∣∣ x ∈ D}. (3) 230

The target LLM-based TTS model is then trained 231

on D′
to generate semantic and global tokens, 232

where D′
consists of high-scoring samples. As 233

mentioned above, the target model shares the same 234

architecture as the student scoring model. 235

Language-balanced Selection. However, we ob- 236

serve that a naïve selection strategy that relies 237

solely on ranking difference scores overlooks lan- 238

guage distributions, leading to severe selection bias. 239
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Language Duration (hr) # of Samples

English 8,998.93 7,710,721
Chinese 1,099.21 887,685

Table 1: Statistics of the bilingual corpus used in our
experiments.

In our experiments, high-resource English sam-240

ples dominate the selected subsets, accounting for241

98.43% at sampling rates of 12.5% while Chinese242

samples constitute only 1.57%. To mitigate this im-243

balance and prevent language-specific performance244

bias, we introduce a simple language-balanced se-245

lection strategy. When applying the proposed lan-246

guage balancing, the final subset D′
is constructed247

by selecting the top λl · α · |D| samples within248

each language l ∈ {en, zh} according to differ-249

ence scores, where λl denotes the balancing ratio250

satisfying
∑

λl = 1. In our experiments, we use an251

equal allocation with λl = 0.5. For each language252

l ∈ {en, zh}, we construct the subset as follows:253

D′
l = top-(λlα)%

{
s(pθtea , pθstu , x)

∣∣∣ x ∈ Dl

}
(4)254

where Dl denotes the full dataset for language l.255

The final subset is then obtained by merging the256

language-specific subsets, which is given by257

D′ =
⋃

l∈{en,zh}

D′
l. (5)258

4 Experimental Setup259

Model. We used Spark-TTS (Wang et al., 2025a)260

as the baseline LLM-based TTS framework and261

adopted SmolLM2 (Allal et al., 2025) as its LLM262

backbone. We used the 1.7B SmolLm2 model as263

the teacher θtea and 135M as the student scoring264

model θstu. For each selection method, we trained265

a Spark-TTS model with a 135M SmolLM2 back-266

bone, using the same architecture.267

Datasets. We conducted experiments on bilin-268

gual datasets comprising English and Chinese. As269

shown in Table 1, the training corpus totaled ap-270

proximately 10,000 hours, with a detailed list pro-271

vided in the appendix. For evaluation, we used272

benchmarks in both languages: LibriTTS (Zen273

et al., 2019) and VCTK (Yamagishi et al., 2019) for274

English, and AISHELL-3 (Shi et al., 2021) for Chi-275

nese. In addition, we adopted the Seed-TTS (Anas-276

tassiou et al., 2024) test sets, including test-en for277

English and test-zh and test-hard for Chinese.278

Conventional Methods. Given the lack of data 279

selection methods specifically designed for LLM- 280

based TTS, we compared against the following 281

model-agnostic selection approaches: 282

• Random sampling: Samples were selected uni- 283

formly at random. 284

• Phoneme-based sampling (Kurematsu et al., 285

1989): A text-centric strategy that prioritized 286

samples to maximize phoneme coverage and 287

diversity. 288

For a fair comparison, we trained the LLM-based 289

TTS model on subsets selected by each method 290

with the same sampling rate α. 291

Evaluation Metrics. Objective evaluations were 292

performed using the following metrics: 293

• Word error rate (WER, %) and character error 294

rate (CER, %): To measure pronunciation ac- 295

curacy and intelligibility, we computed WER 296

for English and CER for Chinese. Transcrip- 297

tions were obtained using Whisper large-v3 298

(Radford et al., 2023). 299

• Speaker embedding cosine similarity (SECS): 300

This metric quantified speaker similarity by 301

computing the cosine similarity between 302

embeddings extracted from the synthesized 303

speech and the reference audio. We used 304

WavLM (Chen et al., 2022) as the speaker 305

encoder. 306

• UTMOS: We used UTMOSv2 (Baba et al., 307

2024) to predict the perceptual quality of syn- 308

thesized speech via a neural MOS prediction 309

network, serving as a proxy for objective nat- 310

uralness. 311

Subjective evaluations were conducted via human 312

listening tests on a 5 point scale (1: bad, 5: excel- 313

lent) using the following metric: 314

• Mean opinion score (MOS): It evaluated the 315

naturalness and perceptual quality of the syn- 316

thesized speech. 317

5 Experimental Results 318

5.1 Main Results 319

Zero-shot TTS Performance. Table 2 shows 320

zero-shot TTS performance on Seed-TTS, Lib- 321

riTTS, VCTK, and AISHELL-3. As mentioned 322
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Method SEED-TTS test-en SEED-TTS test-zh
UTMOS(↑) MOS(↑) WER(↓) SECS(↑) UTMOS(↑) MOS(↑) CER(↓) SECS(↑)

Ground Truth 2.809 3.73 ± 0.67 2.14 0.870 2.988 3.92 ± 0.44 1.254 0.852
Random 2.744 3.90 ± 0.42 18.790 0.714 2.575 3.67 ± 0.48 84.303 0.743
Phoneme 2.616 3.69 ± 0.76 17.596 0.700 2.515 3.53 ± 0.77 86.119 0.747
Ours, TTL 2.759 4.23 ± 0.33 11.302 0.715 2.581 4.06 ± 0.39 14.660 0.757

Method SEED-TTS test-hard LibriTTS
UTMOS(↑) MOS(↑) CER(↓) SECS(↑) UTMOS(↑) MOS(↑) WER(↓) SECS(↑)

Ground Truth 3.016 3.96 ± 0.48 – 0.851 3.180 4.20 ± 0.41 6.123 1.000
Random 2.611 3.42 ± 0.55 92.566 0.758 3.096 3.75 ± 0.52 25.264 0.756
Phoneme 2.405 3.52 ± 0.56 89.358 0.750 2.831 3.84 ± 0.43 43.220 0.742
Ours, TTL 2.475 3.87 ± 0.55 36.996 0.769 3.103 4.06 ± 0.34 16.127 0.806

Method VCTK AISHELL-3
UTMOS(↑) MOS(↑) WER(↓) SECS(↑) UTMOS(↑) MOS(↑) CER(↓) SECS(↑)

Ground Truth 3.722 4.32 ± 0.24 1.992 1.000 2.751 3.91 ± 0.44 3.931 1.000
Random 2.942 3.98 ± 0.45 11.843 0.661 2.408 4.11 ± 0.59 74.761 0.701
Phoneme 2.843 3.83 ± 0.84 13.023 0.656 2.218 3.00 ± 0.78 >100 0.742
Ours, TTL 3.272 4.06 ± 0.22 10.625 0.670 2.466 4.44 ± 0.27 8.904 0.667

Table 2: Objective (UTMOS, WER, SECS) and subjective (MOS) results on Seed-TTS (test-en/test-zh/test-hard)
and LibriTTS/VCTK/AISHELL-3 with α = 6.25%. Seed-TTS uses English for test-en and Chinese for test-zh
and test-hard. LibriTTS and VCTK are English benchmarks, while AISHELL-3 is a Chinese benchmark. > 100
indicates that WER/CER exceeded 100%, meaning the ASR transcription fails. Bold indicates the best result.

above, Seed-TTS included test-en, test-zh, and test-323

hard, where test-zh and test-hard were Chinese324

test sets. Both LibriTTS and VCTK were English325

benchmarks, while AISHELL-3 was a Chinese326

benchmark dataset. We compared the proposed327

TTL with random sampling, referred to as Ran-328

dom, and phoneme-based sampling, referred to as329

Phoneme. For all selection methods, we selected330

the top α = 6.25% of samples, representing a331

challenging data-constrained setting. From the re-332

sults, we confirm that TTL consistently showed333

the best performance in most configurations. In334

the case of naturalness and perceptual quality, TTL335

achieved higher MOS and UTMOS compared to336

other methods. On Seed-TTS test-en, it provided337

the best MOS score, while maintaining a compet-338

itive UTMOS performance. Similar trends were339

observed on Seed-TTS test-zh, LibriTTS, VCTK,340

and AISHELL-3. The only exception was Seed-341

TTS test-hard, where Random yielded a higher342

UTMOS than TTL, although TTL still achieved a343

higher MOS. Overall, TTL improved speech qual-344

ity and consistently increased human-rated natu-345

ralness. TTL’s largest and most consistent gains346

were in intelligibility, as measured by WER for347

English and CER for Chinese. In particular, the im-348

provements were especially significant on the Chi-349

nese test sets. On Seed-TTS test-zh, TTL reduced350

CER to 14.660% from 84.303% with Random and351

86.119% with Phoneme, corresponding to about352

an 83% relative reduction. On AISHELL-3, TTL353

test-en
Method WER(↓) #INS #DEL #SUB
Random 18.790 1637 2566 3497
Phoneme 17.596 1970 4238 2061
Ours, TTL 11.302 1037 1239 1989

test-zh
Method CER(↓) #INS #DEL #SUB
Random 84.303 738 7482 27512
Phoneme 86.119 2022 5967 25116
Ours, TTL 14.660 334 1625 4299

test-hard
Method CER(↓) #INS #DEL #SUB
Random 92.566 67 14585 5380
Phoneme 89.358 135 15103 4224
Ours, TTL 36.996 371 5699 3159

Table 3: Comparison of Levenshtein distance compo-
nents on Seed-TTS test-en, test-zh, and test-hard with
α = 6.25%, reporting insertion, deletion, and substitu-
tion counts. Bold indicates the best result.

achieved a CER of 8.904%, representing a substan- 354

tial gain compared to other selection approaches. 355

On the challenging Seed-TTS test-hard set, TTL 356

still yielded the best CER performance. On English 357

benchmarks, TTL also consistently reduced WER 358

across Seed-TTS test-en, LibriTTS, and VCTK. 359

Comparison of Levenshtein Distance Compo- 360

nents. Since TTL achieved particularly strong 361

gains in intelligibility, we further analyzed WER 362

and CER by decomposing errors into insertion, 363

deletion, and substitution counts, as shown in Table 364
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test-en
Method UTMOS(↑) WER(↓)
Random 2.779 7.551
Phoneme 2.711 7.845
Ours, TTL 2.812 5.271

test-zh
Method UTMOS(↑) CER(↓)
Random 2.617 17.699
Phoneme 2.703 20.084
Ours, TTL 2.642 9.542

test-hard
Method UTMOS(↑) CER(↓)
Random 2.646 40.238
Phoneme 2.618 43.257
Ours, TTL 2.670 30.147

Table 4: Objective (UTMOS, WER) results on Seed-
TTS test-en, test-zh, and test-hard with α = 12.5%.
Bold indicates the best result.

3. On Seed-TTS test-en, the performance improve-365

ment of TTL was largely driven by a sharp drop366

in deletion and substitution errors. In particular,367

deletions decreased from 2566 to 1239 and substi-368

tutions decreased from 3497 to 1989. While inser-369

tions also decreased from 1637 to 1037, most of the370

improvement came from fewer deletions and substi-371

tutions, suggesting fewer missing words and clearer372

pronunciation, directly improving ASR-based in-373

telligibility. The effect was even more significant374

on the Chinese test sets. On Seed-TTS test-zh, TTL375

lowered CER to 14.660% from 84.303% with Ran-376

dom and 86.119% with Phoneme. This dramatic377

reduction aligned with a substantial decrease in378

substitution errors, which fell from 27512 to 4299,379

alongside large reductions in deletions from 7482380

to 1625 and insertions from 738 to 334. On the chal-381

lenging Seed-TTS test-hard set, TTL still achieved382

the best CER. Although insertions increased rela-383

tive to Random, the overall gain was again domi-384

nated by a large reduction in deletions from 14585385

to 5699 and a reduction in substitutions from 5380386

to 3159. Overall, this error decomposition showed387

that TTL improved intelligibility primarily by re-388

ducing deletions and substitutions, with the largest389

benefits on Chinese test sets.390

Zero-shot TTS Performance under Larger Se-391

lection Ratio. When increasing the selection ra-392

tio to α = 12.5%, TTL continued to outperform393

other methods on both perceptual quality and intel-394

ligibility across all Seed-TTS test sets. On test-en,395

TTL achieved the highest UTMOS of 2.812 and the396
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balancing

TTL
0

100, 000

200, 000

300, 000

400, 000

500, 000

600, 000

Sa
m

pl
e

C
ou

nt

English (en) Chinese (zh)

Figure 2: Number of selected samples per language
across sampling methods. TTL adopts the proposed
language balancing, while TTL w/o balancing denotes
the proposed selection without language balancing.

test-en
Model UTMOS(↑) WER(↓)
θtea 2.639 24.819
θstu 2.393 >100

test-zh
Model UTMOS(↑) CER(↓)
θtea 2.586 48.081
θstu 2.469 >100

Table 5: Performance comparison of the scoring models
on Seed-TTS test-en and test-zh. > 100 indicates that
WER/CER exceeded 100%, meaning the ASR transcrip-
tion fails. Bold indicates the best result.

lowest WER of 5.271%. On test-zh, TTL again de- 397

livered the lowest CER at 9.542%, nearly halving 398

the error rate compared to other selection meth- 399

ods, while maintaining a competitive UTMOS of 400

2.642. The trend also persisted on the challenging 401

test-hard. This indicates that TTL’s advantage was 402

not limited to extremely small subsets. Even with 403

a larger selected subset, TTL consistently selected 404

more informative and higher-quality samples. 405

5.2 Analysis 406

Language Distribution. Since the training cor- 407

pus was English-heavy, English naturally appeared 408

as the high-resource language. As shown in Fig. 2, 409

conventional selection methods inherited this im- 410

balance, producing subsets dominated by English 411

with relatively few Chinese samples. TTL without 412

language balancing also exhibited a highly biased 413

language distribution, indicating that score–based 414

selection alone can further amplified the high- 415

resource language bias. This observation motivated 416
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Figure 3: Comparison of acoustic and linguistic feature distributions for training subsets selected by three sampling
strategies, including Random, Phoneme, and TTL. Each panel shows the density of a feature computed on the
selected subsets: speaking rate, pitch, utterance duration, syllable count, pitch variability, and speech duration. The
histograms correspond to Random (red), =Phoneme (blue), and TTL (green).

the balancing strategy as a necessary component417

of TTL for multilingual training. In the proposed418

framework, TTL explicitly applied language bal-419

ancing, enforcing a fixed sampling ratio between420

English and Chinese so that both languages are con-421

sistently represented in the selected subset. Inter-422

estingly, TTL selected substantially fewer English423

samples than the other methods, yet still achieved424

strong English performance. This suggests that425

TTL selected more informative English samples,426

enabling improved English performance even with427

reduced English data.428

Performance of Scoring Models. Table 5 com-429

pares the scoring teacher and student models on430

Seed-TTS test-en and test-zh. From the results, it431

is verified that the gap was substantial. The teacher432

scorer achieved WER 24.819% on test-en and CER433

48.081% on test-zh, whereas the student scorer ex-434

ceeded 100% on both sets, indicating frequent ASR435

transcription failures. The teacher also exhibited436

higher perceptual quality and more stable speech,437

as reflected by UTMOS. These results support the438

motivation of TTL. Two scorers with different ca-439

pacities showed distinct confidence and error pat-440

terns on the same codec tokens, yielding a mean-441

ingful score gap for identifying challenging and 442

informative speech samples. Moreover, the poor 443

performance of the student scorer suggested that 444

teacher–student gap–based selection could focus 445

training on samples where the target-sized model 446

struggled most. 447

Acoustic and Linguistic Feature Distribution. 448

Fig. 3 analyzed how different sampling strategies 449

shaped the distributions of acoustic and linguis- 450

tic features. For speaking rate, the random sam- 451

pling included more slow utterances, whereas the 452

phoneme-balanced sampling concentrated more 453

tightly around mid-to-fast speaking rates. TTL 454

covered a wider range around typical speaking 455

rates, suggesting that it preserved diversity with- 456

out overemphasizing unusually slow or fast speech. 457

For duration and syllable count, the random sam- 458

pling was heavily skewed toward very short utter- 459

ances and low syllable counts, which could limit 460

exposure to sentence-level structure. In contrast, 461

the phoneme-balanced sampling was biased toward 462

much longer utterances and higher syllable counts, 463

which could increase difficulty and exacerbate fail- 464

ures such as omissions or alignment issues. How- 465

ever, the proposed TTL lay between these extremes, 466
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Figure 4: Performance comparison across varying English-Chinese ratios. The results reveal a clear trade-off:
while increasing the Chinese share improves CER on Chinese sets, it severely degrades English intelligibility in
Chinese-heavy splits. The equal split offers the optimal balance while maintaining competitive performance on
Chinese benchmarks.

emphasizing mid-length utterances while still re-467

taining a meaningful tail of longer samples. Over-468

all, by avoiding the short-utterance bias of the ran-469

dom sampling and the long-utterance bias of the470

phoneme-balanced approach, TTL selected train-471

ing samples from the multilingual corpus that were472

both informative and learnable.473

Effect of Language-balancing Ratio. As shown474

in Fig. 4, varying the English–Chinese ratio re-475

vealed a clear trade-off. On test-en, the equal476

split performed best with WER 11.302% and UT-477

MOS 2.759, while shifting toward more Chinese478

severely degraded English intelligibility to WER479

42.101%. On the Chinese sets, increasing the Chi-480

nese share consistently improved CER. On test-481

zh, CER dropped from 30.757% under an English-482

heavy split to 14.660% under an equal split and483

11.031% under a Chinese-heavy split, and on test-484

hard it improved from 52.203% to 36.996% and485

33.135%. Overall, the equal split offered the best486

balance, whereas a Chinese-heavy split favored487

Chinese at a substantial cost to English.488

6 Conclusions489

In this paper, we introduced TTL, a data selection490

framework for LLM-based TTS that leveraged a491

probability gap computed on codec tokens. TTL492

employed two scoring models of different sizes493

and ranked samples using the score gap obtained494

by aggregating conditional probabilities of global495

and semantic tokens given the text. Additionally,496

we also demonstrated that naïve selection severely497

biased the selected subset toward the high-resource498

language in multilingual settings, and proposed a 499

simple language-balanced strategy to mitigate this 500

bias and improve multilingual generalization. Ex- 501

tensive experiments across multiple benchmarks 502

validated that TTL consistently improved natural- 503

ness and intelligibility, yielding substantial WER 504

reductions and strong multilingual performance in 505

data-constrained settings. 506

Limitations 507

The proposed selection method has a few limi- 508

tations. First, its language balancing strategy is 509

heuristic, relying on a preset ratio rather than being 510

learned or adaptively optimized, which may not 511

be optimal across datasets with different language 512

mixes. Second, the current evaluation is limited 513

in multilingual scope, and it would be valuable to 514

validate TTL under more diverse multilingual set- 515

tings with more languages, varying resource levels, 516

and different domain distributions. Despite these 517

limitations, TTL represents a first attempt at data 518

selection tailored to LLM-based TTS that explicitly 519

accounts for codec-token structure and multilingual 520

training. Empirically, it achieves strong improve- 521

ments in both perceptual quality and intelligibility 522

under data-constrained settings. 523

Ethics Statements 524

This work does not raise any ethical concerns. 525

8



References526

Loubna Ben Allal, Anton Lozhkov, Elie Bak-527
ouch, Gabriel Martín Blázquez, Guilherme Penedo,528
Lewis Tunstall, Andrés Marafioti, Hynek Kydlíček,529
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A Appendix745

A.1 Model Configuration746

To process speech, We employ BiCodec, a single-747

stream speech codec that effectively decomposes748

audio into low-bitrate semantic tokens(50 TPS) for749

linguistic content and fixed-length global tokens(32750

tokens) for speaker attributes. Building upon this751

tokenizaion, our speech language model is based752

on SmolLM2 architecture, utilizing a decoder-only753

transformer framework. The model is trained with754

the AdamW optimizer, configured with β1 = 0.9755

and β2 = 0.96 to optimize the auto-regressive pre-756

diction of speech tokens.757

A.2 Algorithm of TTL : Language-Balanced758

Data Selection via Probability Gap759

The pseudocode of the proposed language-760

balanced data selection strategy is presented in761

Algorithm 1.

Algorithm 1 TTL : Language-Balanced Data Se-
lection via Probability Gap

Require: Full dataset D, Sampling rate α, Lan-
guage balancing ratio λl, Teacher θtea, Student
θstu

Ensure: Refined subset D′

1: D′ ← ∅
2: for each language l ∈ {en, zh} do
3: Dl ← {x ∈ D | Lang(x) = l}
4: Nl ← ⌊λl · α · |D|⌋
5: for each sample x ∈ Dl do
6: s(pθtea , pθstu , x) ← log pθtea(y|x) −

log pθstu(y|x)
7: end for
8: SortDl in descending order based on score

s(pθtea , pθstu , x)
9: D′

l ← Select top Nl samples from sorted
Dl

10: D′ ← D′ ∪ D′
l

11: end for
12: return D′

762

A.3 Data Statistics763

The full dataset D comprises a total of 10,098.14764

hours of speech data, consisting of approximately765

8.6 million utterances. As summarized in Table 6,766

the dataset exhibits a severe linguistic imbalance:767

• English Subset (Dominant): English sam-768

ples dominate the corpus, accounting for769

8,998.93 hours (approx. 89.1% of the total 770

volume) sourced from 19 distinct datasets. 771

• Chinese Subset (Minority): In sharp con- 772

trast, Chinese samples are limited to 9 datasets 773

totaling 1,099.21 hours, representing merely 774

10.9% of the total volume. 775

Such a skewed distribution poses a challenge 776

for multilingual modeling, as naïve training may 777

lead to performance degradation on the under- 778

represented language. 779
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Data Language #Utterance Male (h) Female (h) Total (h)

AISHELL-3 (Shi et al., 2021) Chinese 88,035 16.01 69.61 85.62
CASIA (Tao et al., 2008) Chinese 857 0.25 0.20 0.44
ESD (Zhou et al., 2022) Chinese 16,101 6.69 7.68 14.37
HQ-Conversations (Zhou et al., 2024) Chinese 50,982 35.77 64.23 100.00
M3ED (Zhao et al., 2022) Chinese 253 0.04 0.06 0.10
MAGICDATA (Magic Data Technology Co., 2019) Chinese 609,474 360.31 393.81 754.13
MER2023 (Lian et al., 2023) Chinese 1,667 0.86 1.07 1.93
NCSSD-CL-CN (Liu et al., 2024) Chinese 98,628 53.83 59.21 113.04
NCSSD-RC-CN (Liu et al., 2024) Chinese 21,688 7.05 22.53 29.58

Total Chinese 887,685 480.81 618.40 1,099.21

CREMA-D (Cao et al., 2014) English 809 0.30 0.27 0.57
DailyTalk (Lee et al., 2023) English 23,754 10.79 10.86 21.65
EMNS (Noriy et al., 2023) English 918 0.00 1.49 1.49
EmoV-DB (James et al., 2018) English 3,647 2.22 2.79 5.86
Expresso (Nguyen et al., 2023) English 11,595 5.47 5.39 10.86
Gigaspeech (Chen et al., 2021) English 6,619,339 4,310.19 2,885.66 7,195.85
Hi-Fi TTS (Bakhturina et al., 2021) English 323,911 133.31 158.38 291.68
IEMOCAP (Busso et al., 2008) English 2,423 1.66 1.31 2.97
JL-Corpus (James et al., 2018) English 893 0.26 0.26 0.52
Librispeech (Panayotov et al., 2015) English 230,865 393.95 367.67 761.62
LibriTTS-R (Koizumi et al., 2023) English 363,270 277.87 283.03 560.90
MEAD (Wang et al., 2020) English 3,767 2.26 2.42 4.68
MELD (Poria et al., 2019) English 5,100 2.14 1.94 4.09
MSP-Podcast (Martinez et al., 2020) English 796 0.76 0.56 1.32
NCSSD-CL-EN (Liu et al., 2024) English 62,107 36.84 32.93 69.77
NCSSD-RL-EN (Liu et al., 2024) English 10,032 4.18 14.92 19.09
RAVDESS (Livingstone and Russo, 2018) English 950 0.49 0.48 0.97
SAVEE (Haq et al., 2008) English 286 0.15 0.15 0.31
TESS (Yu et al., 2022) English 1,956 0.00 1.15 1.15
VCTK (Yamagishi et al., 2019) English 44,283 16.95 24.51 41.46

Total English 7,710,721 5,202.79 3,796.14 8,998.93

Overall Total 8,598,406 5,683.6 4,414.54 10,098.14

Table 6: Statistical overview of the full dataset D used in our experiments.
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