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Abstract001

Aligning text-to-speech (TTS) system outputs002
with human feedback through preference opti-003
mization has been shown to effectively improve004
the robustness and naturalness of LLM-based005
TTS models. Current approaches primarily re-006
quire paired desirable and undesirable samples007
at the utterance level. However, such pairs are008
often limited in TTS output data, and utterance-009
level formulation prevents fine-grained token-010
level optimization needed for accurate pro-011
nunciation alignment. In this study, we pro-012
pose TKTO that eliminates the need for paired013
data, enabling a more data-efficient training014
paradigm, and directly targets token-level units,015
automatically providing fine-grained alignment016
signals without token-level annotations. TKTO017
improves the challenging Japanese TTS accu-018
racy by 39% and reduces CER by 54%, leverag-019
ing 6× more training data and assigning 12.8×020
stronger reward to targeted tokens.021

1 Introduction022

Recent advances in neural network technology023

have enabled high-fidelity text-to-speech (TTS)024

synthesis models (Chen et al., 2025; Meng et al.,025

2025; Li et al., 2024). They typically convert input026

text into a phoneme sequence using a grapheme-027

to-phoneme (G2P) converter (Oura et al., 2010),028

followed by generative models from the phoneme029

sequence (Wang et al., 2025b; Nishimura et al.,030

2025). However, G2P is generally based on mor-031

phological analysis, and thus may fail to generate032

correct pronunciations in ambiguous languages like033

Japanese, where the reading and meaning of words034

can change depending on context (Figure 1).035

G2P-free large language model (LLM)-based036

TTS methods (Wang et al., 2025a; Du et al., 2024)037

have shown great promise to generate context-038

aware pronunciations directly from raw text with-039

out G2P by leveraging large-scale natural language040

pretraining. Recent work (Zhang et al., 2025; Tian041

(This curry is spicy) 
このカレーは辛い

この作業は辛い

Input text  Reading

karai
 (spicy)

tsurai
(hard)(This work is hard) 

(a)

(b)

Figure 1: Examples of ambiguity in Japanese. Although
(a) and (b) contain the same word, its meaning and
reading differ depending on the context.

et al., 2025; Zhang et al., 2024) has further applied 042

Direct Preference Optimization (DPO) (Rafailov 043

et al., 2023) to improve intelligibility, speaker sim- 044

ilarity, and overall naturalness by enlarging the 045

preference gap between pairwise samples. 046

Despite these advances, two fundamental chal- 047

lenges remain. (i) Necessity of paired data: DPO- 048

based methods require paired desirable and unde- 049

sirable outputs for the same utterance, but TTS 050

systems often produce one-sided results, where 051

many samples are consistently desirable or unde- 052

sirable. This causes significant data inefficiency 053

and wastes costly human feedback, limiting the 054

scalability of DPO-based preference alignment. (ii) 055

Sample-level optimization: Pronunciation gen- 056

eration is essentially a character- or token-level 057

task, while preference alignment is conducted with 058

utterance-level labels. This mismatch forces the 059

model to optimize at the data-sample level rather 060

than directly at the pronunciation unit level, lead- 061

ing to suboptimal learning signals and limiting the 062

effectiveness of alignment. 063

To address these challenges, we propose a novel 064

preference optimization framework, Token-level 065

Kahneman-Tversky Optimization (TKTO) that 066

constructs contrastive LLMs to estimate token- 067

level weights and optimizes token-level preferences 068

grounded in Kahneman-Tversky’s prospect theory 069

(Ethayarajh et al., 2024). Our contributions are 070

summarized in three key dimensions: 071

• Problem formulation: we pioneer the challeng- 072
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Figure 2: Overview of our TKTO framework. Step 1: we estimate token-level importance weights, constructing two
contrastive LLMs. Step 2: we optimize token-level preferences.

ing task of ambiguous pronunciation as a token-073

level preference optimization problem.074

• Novel methodology: we propose TKTO that (i)075

eliminates the need for paired data, enabling a076

more data-efficient training paradigm, and (ii)077

directly targets token-level units, automatically078

providing fine-grained alignment signals.079

• Wide evaluation: we demonstrate that TKTO080

reduces character error rate (CER) by 54% and081

improves the accuracy of Japanese pronunciation082

by 39 %. By leveraging unpaired data, TKTO can083

utilize 6× more training data than DPO, leading084

to higher data efficiency. It also automatically as-085

signs 12.8× stronger rewards to targeted tokens.086

2 LLM-based Text-to-Speech087

We consider a text-to-speech (TTS) task formu-088

lated as conditional generation from input text x089

to output speech token sequence y = (y1, . . . , yT ).090

Let πθ(y | x) denote a LLM decoder that autore-091

gressively predicts acoustic tokens conditioned on092

textual input and previously generated tokens:093

πθ(y | x) =
T∏
t=1

πθ(yt | x, y<t). (1)094

The output token sequence y is transformed into095

speech audio via a neural vocoder. Our goal is096

to train the LLM decoder πθ to learn token-level097

preferences from user feedback or preference data.098

3 Proposed Method099

We propose a two-step approach to optimize token-100

level preferences from unpaired data (Figure 2).101

First, we quantify how informative each token is102

for preference learning. These weights are then103

used to guide our TKTO objective.104

3.1 Targeted Token Weight Estimation105

We first construct two contrastive language mod-106

els, π+ and π−, to capture token-level preferences.107

Then, we use the log-ratio between these two mod- 108

els to estimate token-level importance weights. 109

KTO-based Contrastive LLM Construction. 110

We propose a KTO-based approach to construct 111

contrastive LLMs. KTO (Ethayarajh et al., 2024) 112

uses unpaired data, enabling more flexible training. 113

Details are provided in Appendix A. We build two 114

contrastive LLMs, π+ and π−, which do not share 115

parameters. We train π+ using the original desir- 116

able/undesirable labels, and obtain π− by training 117

on the same data with the labels swapped, i.e., treat- 118

ing desirable samples as undesirable and vice versa. 119

120

Token-level Importance Sampling. We estimate 121

the token’s weight wt (Liu et al., 2025) as: 122

wt = exp(µ · clamp(log
π+(yt | x, y<t)

π−(yt | x, y<t)
, L, U)),

(2) 123

where log π+(yt|x,y<t)
π−(yt|x,y<t)

estimates the token’s reward 124

(Rafailov et al., 2024). L < U are lower and upper 125

clamping bounds to improve optimization stability. 126

µ is a scaling factor that controls the strength of 127

reward weighting. For desirable samples, we set 128

µ > 0; for undesirable ones, we set µ < 0. 129

3.2 Token-level KTO 130

We extend KTO (Ethayarajh et al., 2024) to the 131

token level, proposing Token-level KTO (TKTO) 132

to learn finer-grained token-level signals. 133

Token-level Reward and Reference. We define 134

the reward rθ,t(x, y) for each token yt as its log- 135

ratio against a reference policy πref: 136

rθ,t(x, y) = log
πθ(yt | x, y<t)

πref(yt | x, y<t)
, (3) 137

z0,t = KL
(
πθ(· | x, y<t)

∥∥∥πref(· | x, y<t)
)
, (4) 138

where z0,t is a fixed reference baseline estimated 139

across a microbatch (no gradients propagated). 140
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Model PO Data
Female Male

Acc ↑ CER ↓ Bad ↓ Acc ↑ CER ↓ Bad ↓

gpt-4o-mini-tts - 0.900 0.109 0.079 0.939 0.111 0.062
gemini-2.5-flash-preview-tts - 0.776 0.140 0.105 0.769 0.134 0.091
gemini-2.5-pro-preview-tts - 0.871 0.127 0.094 0.885 0.119 0.073
F5-TTS (Chen et al., 2025) - 0.498 0.173 0.189 0.500 0.177 0.183
F5-TTS with G2P (Oura et al., 2010) - 0.500 0.136 0.100 0.500 0.146 0.107

Base model (Du et al., 2024) - 0.683 0.128 0.090 0.668 0.138 0.095
Supervised Fine-Tuning (SFT) Desirable 0.674 0.119 0.076 0.654 0.130 0.084
DPO (Tian et al., 2025) Paired 0.706 0.120 0.076 0.693 0.130 0.082
KTO (Ethayarajh et al., 2024) Paired 0.654 0.066 0.028 0.651 0.074 0.030
KTO (Ethayarajh et al., 2024) Unpaired 0.933 0.079 0.030 0.952 0.087 0.032
TKTO (ours) Paired 0.681 0.059 0.025 0.701 0.066 0.029
TKTO (ours) Unpaired 0.949 0.075 0.029 0.958 0.085 0.027

Table 1: Accuracy (Acc), Character Error Rate (CER), and bad case ratio (Bad) across different models. The best
and second-best results are highlighted in bold and underline, respectively.

Token-level Value Function. We define each to-141

ken’s value vt using a logistic-shaped function:142

vt(x, y) =


λD σ

(
β (rθ,t(x, y)− z0,t)

)
if y ∼ ydesirable | x,

λU σ
(
β (z0,t − rθ,t(x, y))

)
if y ∼ yundesirable | x,

(5)143

where σ(·) is the sigmoid function, β controls cur-144

vature, and λD, λU adjust aversion weights.145

Objective Function. The TKTO loss is a146

weighted sum of token-level values, with impor-147

tance weights wt:148

LTKTO = E(x,y)

− |y|∑
t=1

wt · vt(x, y)

 . (6)149

4 Experiments150

4.1 Experimental Setup151

Text Dataset. To evaluate not only CER but also152

more challenging cases of ambiguous Japanese pro-153

nunciation, we created a Japanese dataset of 5,000154

sentences containing the word "辛い" using GPT-155

5 (OpenAI, 2025b). The word can be pronounced156

either as karai (spicy) or tsurai (hard), depending157

on the context; we ensured that each pronunciation158

appears in half of the samples.159

Speech Dataset. For each text sentence, we gen-160

erate five speech samples for both female and male161

Japanese speakers (Okamoto et al., 2023) using a162

TTS model, with training data containing 23 hours163

of speech for each speaker. Among them, the sam-164

ple with the correct pronunciation and the lowest165
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Figure 3: Average log-likelihood for desirable and un-
desirable tokens during training. TKTO effectively in-
creases only that of desirable tokens.

CER is selected as a desirable sample. Conversely, 166

the sample with the incorrect pronunciation and the 167

highest CER is selected as an undesirable sample. 168

The CER is computed using the whisper-v3-large 169

(Radford et al., 2023). 170

Baselines. We use CosyVoice2 (0.5B) (Du et al., 171

2024) fine-tuned on 20K hours of Japanese speech 172

data as our base model and apply our TKTO. The 173

following baselines are considered: 174

• Preference Optimization (PO) methods: DPO 175

uses 1.5K paired desirable–undesirable samples; 176

KTO uses 9K unpaired desirable or undesirable 177

samples; SFT uses 6K desirable samples. 178

• TTS models: Flow matching-based F5-TTS 179

(Chen et al., 2025) trained on the 20K hours, 180

w/ and w/o Japanese G2P (Oura et al., 2010). 181

• Reference industry models: gpt-4o-mini-tts (Ope- 182

nAI, 2025a) (Coral: female, Ash: male) and 183

gemini-2.5-tts-preview (Google, 2025) (Zephyr: 184

female, Puck: male). 185
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Figure 4: Token reward analysis. Desirable tokens have
a higher reward, while undesirable tokens have a much
lower reward, encouraging both weights to increase.

Targeted Tokens
(a) Desirable sample

(b) Undesirable sample

Token weight

HighLow
(Mapo tofu is so spicy that it makes me sweat. )

(Habanero sauce is spicy but delicious. )

Figure 5: Case study of token weight estimation. The
tokens of target character have higher weights.

Objective Metrics: Accuracy measures the pro-186

portion of samples in which the generated pronun-187

ciation matches the correct reading for a target am-188

biguous word (e.g., "辛い" ). We also use CER189

to evaluate overall robustness and the bad case ratio190

(Bad), where samples with CER exceed 0.3.191

Subjective Metrics: We employ the naturalness192

mean opinion score (NMOS) to evaluate the nat-193

uralness. In addition, we conduct an ABX test.194

Please see Appendix B for more details.195

4.2 Objective Evaluation Results196

Main Results. Table 1 presents the objective197

evaluation results. Our TKTO model achieves the198

highest Japanese TTS accuracy and the lowest CER199

and bad case ratio. The non-LLM baseline F5-200

TTS shows extremely low accuracy regardless of201

whether it uses G2P or not, highlighting the impor-202

tance of LLMs to consider contextual information.203

By leveraging unpaired data, we can utilize up to204

6× more training samples than paired methods.205

This leads to a significant improvement in accuracy206

(0.668→0.958), surpassing even strong industry207

models. Paired training relies on a very narrow and208

biased subset that represents only rare borderline209

cases where both correct and incorrect pronunci-210

ations appear for the same text. This limits the211

learning signal and reduces generalization. Com-212

pared with KTO, our model achieves improvements213

TKTO vs Base

TKTO vs KTO

61.3

50.1

35.7

46.9

Win No preference Lose

Figure 6: Results for ABX preference test.

Base KTO TKTO (ours)

NMOS ↑ 4.09 4.17 4.21

Table 2: NMOS comparison (higher is better).

across all metrics, demonstrating the effectiveness 214

of token-level targeted optimization. 215

Training Dynamics. Figure 3 illustrates the 216

changes in the average log-likelihood of desirable 217

and undesirable tokens. As training progresses, 218

TKTO (left) effectively increases only that of desir- 219

able tokens, whereas SFT (right) tends to increase 220

the log-likelihood of undesirable tokens. 221

Token Weight Analysis. Figure 4 illustrates the 222

token rewards log π+(yt|x,y<t)
π−(yt|x,y<t)

for desirable and un- 223

desirable tokens for the target character "辛" and 224

the overall average. The desirable tokens have a 225

higher reward (0.22) compared to the overall mean 226

(0.12), while the undesirable tokens show a much 227

lower value (-1.54), indicating that targeted tokens 228

are automatically assigned larger weights. For un- 229

desirable samples, two peaks are observed when 230

a clear difference between π+ and π− emerges; 231

the reward drops sharply, whereas when no signifi- 232

cant difference exists. Figure 5 also presents a case 233

study showing that the tokens corresponding to the 234

target characters receive notably higher weights. 235

4.3 Subjective Evaluation Results 236

Table 2 presents the NMOS subjective evaluation 237

scores. Figure 6 shows the results of the ABX test. 238

In the subjective evaluations, TKTO also outper- 239

forms the base model and the standard KTO. 240

5 Conclusion 241

We propose TKTO that eliminates the need for 242

paired data, enabling a more data-efficient train- 243

ing paradigm, and directly targets token-level units, 244

automatically providing fine-grained alignment sig- 245

nals without token-level annotations. TKTO serves 246

as an off-policy approach compatible with human 247

feedback, while extending it to an on-policy setting 248

remains a promising direction for future work. 249
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Limitations250

The evaluations are conducted on only challeng-251

ing Japanese and Chinese data. Although multiple252

preference optimization methods and configura-253

tions were tested, the base model was limited to254

CosyVoice2 0.5B model due to the computational255

resources. While this work only focuses on pref-256

erence optimization for TTS, the proposed TKTO257

framework can potentially be applied to other text258

generation tasks where specific tokens play a cru-259

cial role.260

Ethical Considerations261

While text-to-speech (TTS) technology may raise262

concerns regarding unauthorized generation or mis-263

use, the models utilized in this paper were used for264

research purposes under controlled conditions.265
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Appendix369

A Kahneman–Tversky Optimization370

Kahneman–Tversky Optimization (KTO) (Etha-371

yarajh et al., 2024) is a pair-free alignment ob-372

jective that directly maximizes a proxy of human373

utility using binary feedback indicating whether374

an output is desirable or undesirable. Unlike DPO375

(Rafailov et al., 2023), KTO does not require paired376

comparisons.377

Reference-adjusted reward. Given an input x,378

output y, current policy πθ, and reference policy379

πref, we define the reward rθ(x, y) as:380

rθ(x, y) = log
πθ(y | x)
πref(y | x)

. (7)381

A reference point z0 is defined as:382

z0 = KL(πθ(· | x) ∥πref(· | x)) , (8)383

which captures the expected reward.384

Value function. To model loss aversion and di-385

minishing sensitivity, KTO uses a logistic value386

function:387

v(x, y) =


λD σ(β(rθ(x, y)− z0)) ,

if y ∼ ydesirable | x,
λU σ(β(z0 − rθ(x, y))) ,

if y ∼ yundesirable | x,

(9)388

where σ(·) is the sigmoid function, β controls risk389

sensitivity, and λD, λU control gains and losses.390

KTO objective. The KTO loss is defined as:391

LKTO(πθ) = E(x,y)∼D
[
− v(x, y)

]
, (10)392

393

Connection to TKTO. Our TKTO extends KTO 394

by lifting the optimization from the sequence level 395

to the token level for TTS. While KTO assigns a sin- 396

gle utility to an entire output y, TKTO introduces 397

token-wise weights that estimate the relative contri- 398

bution of each token to human utility. By explicitly 399

modeling heterogeneous token importance, TKTO 400

enables fine-grained credit assignment across to- 401

kens, allowing the model to emphasize critical 402

reasoning or decision-making steps while down- 403

weighting less informative tokens. In this sense, 404

TKTO can be viewed as a token-wise generaliza- 405

tion of KTO that preserves its prospect-theoretic 406

inductive bias while substantially improving opti- 407

mization granularity. 408

B Subjective Evaluation Details 409

The instructions for the subjective evaluation are 410

as follows. Three Japanese native human annota- 411

tors listened to the speech samples and rated their 412

naturalness as NMOS on a 5-point scale, where 1 413

indicates very unnatural and 5 indicates completely 414

natural. In addition, we conducted an ABX test 415

in which the participant listened to two generated 416

speech samples from different models but based on 417

the same input and then chose the one that sounds 418

more natural; if the samples are too similar to dis- 419

tinguish, they are instructed to indicate a tie. The 420

annotator was recruited via a crowdsourcing plat- 421

form and received appropriate compensation for 422

their work. 423

C Implementation Details 424

Our implementation was based on the publicly 425

available codes of prior work (Chen et al., 2025; 426

Du et al., 2024), which are released under research- 427

permissive licenses, and hyperparameters and li- 428

braries used followed those studies. Base model 429

and baseline F5-TTS were initialized from the pre- 430

trained checkpoints and fine-tuned once. Train- 431

ing took a few minutes on 8×A100 GPUs. All 432

preference optimization experiments were con- 433

ducted on 1 epoch with 1e-6 learning rate. We 434

set λD = λU = 1, β = 0.10, we set µ = 1 for 435

desirable tokens, µ = −1 for undesirable ones, 436

following Ethayarajh et al. (2024). 437

D Additional Validation on Chinese 438

In addition to Japanese, we evaluate the generaliza- 439

tion capability of our method on Chinese. Follow- 440

ing the same experimental setup as in the Japanese 441
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Moethods PO Data Acc ↑ CER ↓ Bad ↓

Base model – 0.645 0.024 0.010
DPO Paired 0.682 0.021 0.007
KTO Paired 0.712 0.026 0.009
KTO Unpaired 0.832 0.018 0.010
TKTO (ours) Paired 0.746 0.024 0.007
TKTO (ours) Unpaired 0.898 0.014 0.003

Table 3: Results on Chinese polyphonic disambiguation.

Parameter Female Male
L, U Acc ↑ CER ↓ Bad ↓ Acc ↑ CER ↓ Bad ↓

-1, 1 0.937 0.076 0.028 0.951 0.088 0.031
-2, 2 0.949 0.075 0.029 0.958 0.085 0.027
-3, 3 0.956 0.072 0.027 0.948 0.088 0.028

Table 4: Parameter sensitivity analysis.

evaluation, we generate 5,000 sentences contain-442

ing the polyphonic character "行" which has two443

context-dependent readings, “xíng” and “háng.”444

For each sentence, we generate five speech sam-445

ples using the base TTS model with a Chinese446

speaker, resulting in 1.5K paired samples and 4K447

unpaired samples. We evaluate the correctness of448

each reading using the wav2vec2-mms-1b-cmn-449

phonetic checkpoint1.450

Results. Table 3 presents the Chinese evaluation451

results. TKTO achieves the highest accuracy and452

the lowest CER and bad-case ratio among all com-453

pared methods. These results demonstrate that454

TKTO generalizes beyond Japanese and is effective455

for polyphonic disambiguation in Chinese.456

E Parameter Sensitivity Analysis457

Since the clamping range controls the scaling of458

the reward weights, it plays an important role in459

balancing learning stability and sensitivity. Table 4460

presents the clamping range (L,U) sensitivity anal-461

ysis results. While performance remains stable for462

moderate clamping ranges, wide bounds (e.g., (-3,463

3)) can slightly lead to accuracy degradation. This464

suggests that imposing reasonable constraints on465

the reward range is beneficial for achieving optimal466

results. We select (−2, 2) as the optimal range for467

experiments.468

1https://huggingface.co/Chuatury/wav2vec2-mms-1b-
cmn-phonetic

F Source code and data. 469

The source code and our text dataset are available 470

at: 2 471

2https://anonymous.4open.science/r/TKTO
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