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Abstract001

Neural audio codecs are widely used as tok-002
enizers for spoken language models, but they003
are optimized for waveform reconstruction004
rather than autoregressive prediction. This mis-005
match injects acoustically driven uncertainty006
into the discrete token space and increases007
language-model perplexity. We propose LLM-008
CODEC, which trains the codec encoder with009
language-model-facing objectives while keep-010
ing both codec and LLM architectures un-011
changed. LLM-CODEC introduces (i) future012
token prediction with Medusa-style multi-step013
heads to encourage multi-step predictability,014
and (ii) semantic alignment that matches au-015
dio and text representations via a memory-016
bank contrastive loss. A differentiable Gumbel017
bridge enables end-to-end gradients from these018
objectives to the codec encoder. On SALMon019
speech coherence, token LMs trained on LLM-020
CODEC reach 62.3% accuracy (+13.0 points021
over AUV) while reducing perplexity 34×. On022
Codec-SUPERB-tiny, LLM-CODEC improves023
speech Mel distance by 10.4%. 1024

1 Introduction025

Following the success of large language models026

(LLMs), spoken language models (SLMs) have027

emerged as a promising paradigm for speech gener-028

ation. SLMs represent speech as discrete token se-029

quences and model them with autoregressive LLM030

backbones. Most SLMs adopt neural audio codecs,031

such as EnCodec (Défossez et al., 2022) and Sound-032

Stream (Zeghidour et al., 2021), which provide a033

bidirectional mapping between waveforms and dis-034

crete speech tokens. This design provides a unified035

interface for modeling speech and text within the036

same vocabulary space.037

However, a fundamental tension exists between038

how codecs and LLMs are trained. Codecs are op-039

timized for reconstruction, i.e., minimizing distor-040

tion between the waveform x and its reconstruction041
1Code & Model will be released upon acceptance.

x̂ (e.g., ∥x− x̂∥), whereas LLMs are optimized for 042

prediction, i.e., maximizing next-token likelihood. 043

These objectives favor different representations. 044

To achieve high-fidelity reconstruction, a codec 045

must preserve fine-grained acoustic factors such 046

as pitch micro-variations, phase, breathing, and 047

background conditions. Many of these factors are 048

weakly tied to linguistic content. In a discrete to- 049

ken space, these factors behave like stochastic vari- 050

ations. This stochasticity increases token entropy 051

and makes the resulting sequences harder for an 052

LLM to model. In generation, the mismatch can 053

manifest as repetition, semantic drift, and halluci- 054

nated content. This paper asks a simple question. 055

Can we retrain an existing codec encoder so that 056

its discrete tokens remain reconstructable, but be- 057

come predictable under autoregressive language 058

modeling? 059

These observations suggest a simple principle: 060

if an LLM must predict speech tokens, then the 061

codec should be trained to emit tokens that are pre- 062

dictable under language modeling while preserv- 063

ing linguistic content. Motivated by this, we pro- 064

pose LLM-CODEC, which augments codec train- 065

ing with two LLM-facing regularizers. First, we 066

introduce Future Token Prediction (FTP), which 067

attaches K auxiliary heads to predict multiple fu- 068

ture tokens, implemented with a Medusa-style (Cai 069

et al., 2024) design and inverse-distance weighting. 070

Unlike standard next-token prediction, which mod- 071

els only one-step dependencies, FTP encourages 072

longer-range structure by capturing linguistic units 073

(e.g., phonemes and words) that often span mul- 074

tiple tokens. Second, Semantic Alignment (SA) 075

addresses the risk of producing predictable but se- 076

mantically arbitrary codes by aligning speech and 077

text representations within the LLM using layer- 078

wise cosine alignment and a memory-bank con- 079

trastive objective. Finally, to enable end-to-end op- 080

timization through vector quantization, we further 081

introduce a differentiable Gumbel-Softmax bridge 082
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that preserves discrete tokens in the forward pass083

while providing smooth gradients in the backward084

pass.085

We conduct two complementary evaluations on086

speech coherence and audio reconstruction bench-087

marks. On SALMon speech coherence bench-088

mark, LLM-CODEC produces tokens that are more089

amenable to language modeling: LMs trained090

on LLM-CODEC tokens reach 62.3% accuracy,091

substantially exceeding all baselines (49–50%).092

Moreover. on Codec-SUPERB-tiny, which mea-093

sures codec reconstruction quality, LLM-CODEC094

achieves the best spectral fidelity among codecs at095

comparable bitrates: on speech, it attains a Mel dis-096

tance of 0.683, outperforming AUV (0.762), Big-097

Codec (0.810), and all WavTokenizer variants. Per-098

ceptual quality remains competitive (PESQ 2.147,099

STOI 0.858). Finally, LLM-CODEC is simple to100

adopt, as it modifies only the training objectives101

without changing model architectures.102

Overall, our major contributions include:103

• Objective mismatch. We formalize the mis-104

match between reconstruction-trained codecs105

and prediction-trained LMs, and we show that106

it inflates audio-token uncertainty and LM per-107

plexity.108

• LLM-CODEC Training Framework. We109

propose LLM-CODEC training framework,110

which utilizes FTP and SA as complementary111

regularizers to address predictability and se-112

mantics respectively. We use a hard Gumbel-113

Softmax bridge to backpropagate through114

quantization while keeping discrete tokens in115

the forward pass.116

• Comprehensive Evaluation. On SALMon,117

LLM-CODEC improves speech-coherence118

accuracy to 62.3% (+13.0 over AUV). On119

Codec-SUPERB-tiny, it reduces speech Mel120

distance by 10.4% while keeping PESQ and121

STOI competitive.122

2 Related Work123

Neural audio codecs. SoundStream (Zeghidour124

et al., 2021) and EnCodec (Défossez et al., 2022)125

established neural audio compression with vec-126

tor quantization and adversarial training. Big-127

Codec (Xin et al., 2024) explores a large single128

codebook. WavTokenizer (Ji et al., 2025) improves129

codebook utilization and targets better language130

modeling compatibility. These methods optimize131

reconstruction quality. LLM-CODEC modifies the 132

training objective to incorporate language-model- 133

facing signals. 134

Semantic speech tokens and self-supervised 135

learning. Self-supervised models such as 136

wav2vec 2.0 (Baevski et al., 2020) and Hu- 137

BERT (Hsu et al., 2021) learn discrete or 138

pseudo-discrete units that correlate with phonetic 139

content. SpeechTokenizer (Zhang et al., 2024) 140

and related lines separate semantic and acoustic 141

factors for speech LLMs. These approaches 142

often introduce additional encoders or decoders. 143

LLM-CODEC keeps the codec architecture 144

unchanged and instead reshapes the codec via 145

LLM-aligned losses. 146

Multi-step prediction. Medusa (Cai et al., 2024) 147

introduces multiple decoding heads to predict 148

several future tokens for faster LLM inference. 149

FlowSLM (Chou et al., 2025) argues that spoken 150

language modeling benefits from constraints be- 151

yond one-step prediction. LLM-CODEC adapts the 152

Medusa idea as a training-time regularizer to en- 153

courage multi-step predictability in codec tokens. 154

Audio-text alignment. CLAP (Elizalde et al., 155

2023) aligns audio and text for retrieval in a shared 156

embedding space. SpeechGPT (Zhang et al., 2023) 157

projects speech features into LLM input space for 158

dialogue. LLM-CODEC aligns audio and text rep- 159

resentations inside the hidden layers of a frozen 160

LLM. This choice directly targets generation and 161

token predictability. 162

Token consistency and factorized tokenizers. 163

Recent work studies token instability under acous- 164

tic perturbations and proposes consistency-oriented 165

metrics and regularizers. Other lines decouple se- 166

mantic and acoustic factors, or use spectral quanti- 167

zation to obtain more predictable token sequences 168

by construction. LLM-CODEC is complementary. 169

It keeps architectures unchanged and retrofits exist- 170

ing codecs using frozen-LLM objectives. 171

3 Preliminaries 172

3.1 Neural Audio Codecs 173

A neural audio codec compresses audio into dis- 174

crete tokens. Let E be the encoder,Q the quantizer, 175

and D the decoder. Given waveform x ∈ RT , the 176

codec produces: 177

z = E(x), c = Q(z), x̂ = D(c). (1) 178
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The training objective is reconstruction:179

Lcodec = Lrecon(x, x̂) + LVQ(z), (2)180

where Lrecon includes time-domain L1, mel-181

spectrogram L1, and adversarial losses. LVQ is182

the commitment loss for the quantizer.183

Modern codecs like EnCodec (Défossez et al.,184

2022) use Residual Vector Quantization (RVQ)185

with multiple codebooks. This achieves high recon-186

struction quality at low bitrates (e.g., 6 kbps).187

3.2 Spoken Language Models188

A spoken language model treats codec tokens as a189

language and models their distribution autoregres-190

sively:191

p(c1, . . . , cT ) =
T∏
t=1

p(ct|c<t). (3)192

This formulation allows SLMs to leverage pow-193

erful transformer architectures developed for text194

LLMs. Systems like VALL-E (Wang et al.,195

2023), AudioLM (Borsos et al., 2023), and196

SpeechGPT (Zhang et al., 2023) have demonstrated197

impressive speech generation capabilities.198

3.3 The Objective Mismatch Problem199

The codec and the LLM are optimized for funda-200

mentally different goals. Codec goal: preserve all201

information needed for reconstruction, including202

linguistic content, speaker identity, prosody, and203

fine-grained acoustic details. LLM goal: model204

sequential dependencies, which favors token se-205

quences that exhibit predictable patterns given con-206

text. These goals can conflict: to faithfully re-207

construct acoustic nuances, a codec may assign208

different tokens to acoustically distinct but linguis-209

tically equivalent realizations. For example, the210

same word “hello” can map to different token se-211

quences under changes in pitch, speaking rate, or212

background noise. From the LLM’s perspective,213

such variation appears as noise and reduces token214

predictability.215

A concrete example. Consider the word “hello”216

spoken twice by the same speaker. The two utter-217

ances are linguistically identical but acoustically218

slightly different (different pitch contour, duration,219

breath). A reconstruction-oriented codec might220

encode them as:221

“hello”1 → [1042, 3891, 2847, 1923]222

“hello”2 → [1042, 3892, 2851, 1919]223

The tokens are similar but not identical. This cre- 224

ates two problems for the LLM. First, the model 225

must learn multiple token patterns for the same 226

word, increasing the effective vocabulary complex- 227

ity. Second, during generation, even if the model 228

correctly predicts “hello,” it must choose among 229

acoustically valid variants, introducing unneces- 230

sary degrees of freedom. These variations accumu- 231

late: a sentence has exponentially many valid token 232

sequences, making both learning and generation 233

harder. 234

3.4 Desiderata for LLM-Friendly Tokens 235

Based on this analysis, we identify two properties 236

that LLM-friendly tokens should have: 237

Property 1: Multi-step predictability. Given 238

context, not just the next token but several fu- 239

ture tokens should be predictable. Linguistic units 240

(phonemes, words, phrases) span multiple tokens. 241

If a word starts, the LLM should be able to predict 242

how it ends. 243

Property 2: Semantic consistency. Tokens rep- 244

resenting the same linguistic content should pro- 245

duce similar LLM representations, regardless of 246

acoustic variations. “Hello” should look like “hello” 247

inside the LLM, whether spoken loudly or softly. 248

Standard codecs satisfy neither property. They 249

optimize reconstruction, not predictability or se- 250

mantic consistency. 251

4 LLM-Codec 252

We propose to train the codec with LLM-facing 253

objectives. Figure 1 shows the overall architecture. 254

The key components are: (1) future token predic- 255

tion heads, (2) semantic alignment losses, and (3) 256

a differentiable Gumbel bridge. 257

4.1 Future Token Prediction (FTP) 258

Why multi-step prediction? Standard next- 259

token prediction optimizes one-step dependencies. 260

But linguistic structure spans multiple tokens. A 261

phoneme at 50 Hz might be 2–4 tokens. A word 262

might be 5–15 tokens. We want the codec to pro- 263

duce tokens where seeing the beginning of a word 264

helps predict its ending. 265

Medusa-style heads. We add K prediction 266

heads, where head Mk predicts the token at off- 267

set k. Each head is a linear projection: 268

Mk : RH → RV , Mk(h) = hWk. (4) 269
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Figure 1: Overview of LLM-CODEC. Audio is encoded by the codec and passed through a Gumbel bridge to
obtain differentiable embeddings. A single LLM forward pass produces hidden states for both FTP (using K
Medusa heads) and SA (aligning with text representations). Gradients flow back through the bridge to update the
codec encoder.

Initialization from LLM head. Let WLM denote270

the frozen LLM output projection. Let Vaudio be271

the index set of audio tokens in the extended vocab-272

ulary. We initialize each Medusa head by copying273

the audio-token sub-matrix from WLM:274

Wk ← SelectAudio(WLM,Vaudio). (5)275

This initialization leverages the pretrained output276

geometry and stabilizes early training.277

Inverse-distance weighting. Near-future pre-278

dictability should dominate the signal, but farther279

horizons are still informative. We use inverse-280

distance weights and normalize them to sum to281

one:282

wk =
1/k∑K
j=1 1/j

. (6)283

For K = 5, this yields w ≈284

[0.44, 0.22, 0.15, 0.11, 0.09].285

Loss formulation. Let T be the audio-token286

sequence length. We define the FTP loss as a287

weighted multi-step cross entropy:288

LFTP =
1

T −K

T−K∑
t=1

K∑
k=1

wk · CE(Mk(ht), ct+k), (7)289

where ht is the LLM hidden state at position t and290

ct+k is the target token at offset k.291

Gradient flow. Gradients from FTP flow through292

the LLM’s hidden states, the input embeddings, the293

Gumbel bridge (which will be further introduced 294

in Section 4.3), and finally to the codec encoder. 295

This end-to-end gradient flow is what allows FTP 296

to shape the codec’s behavior. 297

4.2 Semantic Alignment (SA) 298

Why semantic alignment? FTP encourages pre- 299

dictability, but predictability alone is not enough. 300

A codec could learn to produce predictable but se- 301

mantically meaningless tokens. We need to ensure 302

tokens preserve linguistic content. 303

Core idea. If audio and text represent the same 304

content, they should produce similar representa- 305

tions inside the LLM. We enforce this by aligning 306

hidden states from the audio branch with hidden 307

states from the text branch. 308

Layer selection. Not all layers are equally suit- 309

able for alignment. Lower layers capture modality- 310

specific surface features. Upper layers capture ab- 311

stract semantics. Let L denote the total number of 312

layers in the LLM. We align middle-to-high lay- 313

ers: l ∈ [L/3, 0.8L]. For a 32-layer LLM, this 314

corresponds to layers 10–25. 315

Representation extraction. We align sequence- 316

level states because speech and text have different 317

token rates and lengths. For a causal transformer, 318

the last hidden state summarizes the full prefix. For 319

each selected layer l, we use last-position pooling: 320
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• Audio: h(l)audio is the hidden state at the last audio321

token.322

• Text: h
(l)
text is the hidden state at the last non-323

padding text token.324

We compute the text branch with no_grad and de-325

tach h
(l)
text. This prevents the audio pathway from326

drifting the semantic geometry of text representa-327

tions and stabilizes the alignment objective.328

Cosine alignment loss. We minimize cosine dis-329

tance across selected layers:330

Lcos =
1

|L|
∑
l∈L

(
1− cos(ĥ

(l)

audio, ĥ
(l)

text)
)
, (8)331

where ĥ denotes ℓ2-normalized vectors.332

Contrastive loss with memory bank. Cosine333

loss alone can cause representation collapse. We334

add contrastive learning to maintain discriminabil-335

ity. We maintain a memory bank Q of recent text336

representations (FIFO queue, size 512). For each337

audio representation, the paired text is positive;338

bank entries are negatives:339

Lctr = − log
exp(α · sim(ha, h

+
t ))

exp(α · sim(ha, h
+
t )) +

∑
q∈Q exp(α · sim(ha, q))

(9)340

where α = 5.0 is the logit scale and we apply label341

smoothing with ϵ = 0.1.342

4.3 Differentiable Gumbel Bridge343

Vector quantization uses argmax, which has zero344

gradient almost everywhere. We use the Gumbel-345

Softmax trick (Jang et al., 2017) with hard sam-346

pling: discrete tokens in the forward pass, smooth347

gradients in the backward pass. Let zt ∈ RC be348

the codec’s continuous latent at time t. A linear349

projection maps it to logits ℓt = ztWbridge, and350

we apply yt = GumbelSoftmax(ℓt/τ, hard=True).351

The LLM embedding is et = ytEaudio, where352

Eaudio ∈ RV×H is the audio token embedding353

matrix. We anneal temperature τ from 1.0 to 0.3354

over 20k steps. To prevent the bridge from diverg-355

ing from the codec’s quantizer, we add Lbridge =356

CrossEntropy(ℓt, ct), where ct is the codec’s origi-357

nal token.358

4.4 Training Procedure359

We activate LLM-facing objectives only after codec360

reconstruction stabilizes, using a delayed ramp-up361

schedule to avoid injecting high-variance gradients362

into early training. Specifically, FTP ramps from363

step 5k to 15k, and SA ramps from step 5k to 15k.364

The total loss combines the standard codec objec- 365

tive Lcodec, the bridge alignment Lbridge, and the 366

step-weighted LLM regularizers LFTP, Lcos, and 367

Lctr. We optimize: 368

Ltotal = Lcodec+λbridgeLbridge+λFTPLFTP+λcosLcos+λctrLctr.
(10) 369

We train the codec encoder, Gumbel bridge, audio 370

token embeddings, and Medusa heads, while freez- 371

ing the codec decoder (to preserve reconstruction) 372

and the LLM backbone (to preserve text capabil- 373

ity). Inference cost is unchanged because auxiliary 374

heads are discarded at test time. 375

5 Experiments 376

5.1 Experiment Setup 377

Codec training. We train on LibriSpeech train- 378

clean-100 with paired transcripts (Panayotov et al., 379

2015). We fine-tune the AUV codec encoder at 50 380

Hz (vocabulary size 20,480) and freeze the codec 381

decoder. We use Qwen3-4B (32 layers, hidden 382

size 2,560) as a frozen LLM backbone to isolate 383

the effect of tokenization. We train the codec for 384

200k steps with 4-second segments and an effec- 385

tive batch size of 32. Appendix A reports the full 386

configuration and hyperparameters. 387

SLM training. We use the same LM training 388

recipe across tokenizers. We tokenize LibriSpeech 389

train-clean-100 with each codec. We fine-tune 390

Qwen3-4B with LoRA (rank 64, α=128) using 391

next-token prediction with learning rate 10−4 and 392

batch size 32. We train up to 3 epochs and re- 393

port the best-performing checkpoint for each to- 394

kenizer, since we observe different convergence 395

behaviors across tokenizations. We evaluate on 396

SALMon (Maimon et al., 2025). 397

SLM evaluation. We measure token learnability 398

by training a token-level speech LM and evaluat- 399

ing coherence on SALMon. SALMon evaluates 400

whether a model assigns higher likelihood to coher- 401

ent speech than to minimally perturbed incoherent 402

variants. Each example contains a coherent sam- 403

ple and an incoherent counterpart constructed by 404

changing one acoustic factor mid-utterance. We 405

select the coherent sample by comparing length- 406

normalized negative log-likelihood under the to- 407

ken LM. We report the speaker and acoustic envi- 408

ronment categories in the main paper, since they 409

most directly reflect token-level stability under mid- 410

utterance perturbations. We report the emotion 411

categories in the appendix. 412
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Reconstruction evaluation. We evaluate codec413

reconstruction on Codec-SUPERB-tiny across414

Speech, Music, and Environmental Audio. We415

report domain-appropriate metrics to avoid mis-416

leading comparisons. Main-text tables use Speech417

(Mel, STFT, PESQ, STOI), Music (Mel, STFT,418

PESQ, STOI, F0), and Audio (Mel, STFT, PESQ).419

Appendix C provides the full metric applicability420

rationale.421

Baselines. We compare against strong codec tok-422

enizers that are commonly used for speech or audio423

language modeling. We match the token rate to 50424

tokens/s to control sequence length and modeling425

difficulty. The baselines include AUV (our starting426

point), BigCodec, UniCodec, and WavTokenizer427

variants with different capacities.428

5.2 Speech Language Modeling429

Reconstruction fidelity is not sufficient for spo-430

ken language modeling. We therefore first eval-431

uate whether LLM-CODEC produces more LLM-432

friendly token sequences by training token-level433

LMs and testing speech coherence on SALMon.434

Main results. Table 1 shows SALMon accuracy.435

Three findings stand out: (1) LLM-CODEC out-436

performs all baselines. At 1 epoch, LLM-CODEC437

achieves 56.3% vs. 49.3% for AUV (+7.0 points).438

(2) LLM-CODEC scales with training. Accuracy439

improves from 56.3% to 62.3% over 3 epochs.440

Baselines plateau or degrade (AUV: 49.3% →441

48.4%). (3) Gains concentrate on speaker/acoustic442

consistency. Speaker: +22 points. Gender: +19.5443

points. RIR: +19.5 points. This gap suggests that444

LLM-CODEC tokenization yields lower effective445

modeling noise, enabling continued improvement446

with additional LM training.447

SALMon isolates a property that matters for448

token LMs, namely likelihood contrast between449

coherent and minimally perturbed incoherent au-450

dio. This likelihood-based protocol directly tests451

whether a tokenizer produces sequences that an LM452

can model reliably. In our results, LLM-CODEC453

exhibits stronger scaling with LM training, which454

is consistent with higher token learnability.455

Why do speaker-related scores improve? We456

hypothesize that SA encourages representations457

that are more invariant to speaker-specific nuisance458

factors given the same transcript. Such invariance459

can make mid-utterance speaker changes appear as460

Figure 2: Perplexity is determined by training ob-
jectives, not model size. All baselines (80M–211M
parameters) achieve similar perplexity (∼150K). LLM-
CODEC (122M, same as AUV) achieves 4,555, a 34×
reduction. This confirms that the codec-LLM objective
mismatch, not model capacity, is the bottleneck.

sharper distribution shifts, which increases likeli- 461

hood contrast on SALMon. 462

Initialization matters. We initialize audio token 463

embeddings from the LLM’s text embedding space. 464

A random initialization reduces SALMon accuracy 465

to 50.7%, which is close to chance for a binary- 466

choice benchmark. This result suggests that reusing 467

the LLM’s pre-trained embedding geometry stabi- 468

lizes early training for speech tokens. 469

Token predictability. Beyond SALMon accu- 470

racy, we directly measure token predictability via 471

language modeling perplexity. Figure 2 shows val- 472

idation perplexity on LibriSpeech for each codec. 473

All baselines exhibit perplexity around 150K, re- 474

gardless of codec parameter count (80M–211M). 475

In contrast, LLM-CODEC achieves perplexity of 476

4,555, which is 34× lower than AUV despite iden- 477

tical parameter counts (122.63M). This result con- 478

firms that improvements stem from training objec- 479

tives, not model capacity. The dramatic perplexity 480

reduction directly validates our core claim: LLM- 481

facing objectives produce more predictable tokens. 482

Implications. SALMon results support our cen- 483

tral claim that LLM-facing objectives can shape a 484

codec tokenizer toward more learnable token se- 485

quences. The improvement over AUV and the con- 486

tinued gains with longer training indicate that token 487

predictability is a first-order bottleneck for spoken 488

language modeling. 489

5.3 Reconstruction Quality 490

We next evaluate reconstruction quality to verify 491

that LLM-facing objectives do not degrade codec 492
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Speaker Acoustic Environment
Model Spkr Gend RIR BG-Align BG-Dom BG-All Avg

WavTok-L 49.0 53.0 39.0 51.5 51.5 53.0 49.5
BigCodec 49.5 49.0 47.0 50.0 54.5 47.0 49.5
UniCodec 52.0 52.0 54.5 48.5 45.5 43.0 49.3
AUV (base) 50.0 52.0 44.5 46.0 54.5 48.5 49.3
LLM-CODEC 56.0 62.0 61.5 50.0 56.5 52.0 56.3

AUV (3 ep) 53.0 54.5 40.5 49.0 47.0 46.5 48.4
LLM-CODEC (3 ep) 72.0 71.5 64.0 51.5 58.0 57.0 62.3

Table 1: SALMon speech coherence evaluation. Accuracy (%) on speaker and acoustic consistency. Baselines
plateau after 1 epoch. LLM-CODEC continues improving: 56.3% at 1 epoch, 62.3% at 3 epochs (+13.0% over
AUV). Gains are largest on speaker (+22%) and gender (+19.5%) consistency.

fidelity. Table 2 summarizes reconstruction across493

domains.494

Speech domain: LLM-CODEC excels. On495

speech, LLM-CODEC achieves the best spectral496

fidelity with Mel distance 0.683 and STFT dis-497

tance 1.507. Relative to AUV, LLM-CODEC im-498

proves Mel by 10.4% and STFT by 8.6%, while499

keeping PESQ and STOI competitive. BigCodec500

remains slightly better on PESQ and STOI, but501

LLM-CODEC closes most of the perceptual gap502

while improving spectral metrics substantially.503

Why does LLM-CODEC excel on speech?504

We hypothesize that semantic alignment reduces505

content-irrelevant variability that is prominent in506

speech recordings, such as channel effects and507

background conditions. This suppression can im-508

prove spectral metrics without explicitly optimiz-509

ing for them. We treat this as a working hypothesis,510

since the loss does not directly minimize Mel or511

STFT distances.512

Music domain: AUV leads. On music, AUV513

achieves the best overall reconstruction in our set-514

ting. LLM-CODEC underperforms AUV on Mel,515

PESQ, STOI, and F0 correlation, which is consis-516

tent with our training signals being speech-centric.517

Semantic alignment relies on speech-text supervi-518

sion and may suppress fine-grained pitch variations519

that are important for music.520

Audio (environmental) domain: Mixed results.521

On environmental audio, UniCodec achieves the522

best spectral metrics, while LLM-CODEC is com-523

parable to AUV and slightly better in PESQ. The524

gains are smaller than those on speech, which is525

consistent with weaker supervision for SA and526

weaker linguistic structure for FTP.527

Domain-specific summary. Across domains,528

LLM-CODEC improves speech spectral fidelity529

while preserving competitive perceptual scores. 530

The method shows limited gains on music and envi- 531

ronmental audio, which highlights that SA is most 532

effective when paired text supervision exists. This 533

result motivates domain-specific alignment signals 534

for non-speech audio. 535

5.4 Analysis 536

Why semantic alignment improves spectral fi- 537

delity. LLM-CODEC optimizes objectives that 538

are not defined in waveform space, yet it improves 539

speech Mel and STFT metrics. We provide three 540

hypotheses. First, SA may suppress nuisance vari- 541

ation that is weakly correlated with text, which 542

behaves like denoising. Second, FTP may regular- 543

ize the encoder toward temporally consistent codes, 544

which can reduce frame-level artifacts. Third, the 545

text branch may act as a semantic anchor that dis- 546

courages encoding idiosyncratic acoustic details. 547

Trade-off: Spectral vs. perceptual. LLM- 548

CODEC improves speech spectral fidelity, but it 549

reduces F0 correlation on music relative to AUV. 550

This observation is consistent with SA and FTP 551

suppressing variations that are irrelevant to text but 552

important for musical pitch. This trade-off matches 553

our design goal, since we prioritize tokens that are 554

easier to model for language generation over maxi- 555

mum perceptual fidelity. 556

5.5 Ablation Study 557

We ablate each objective on speech reconstruction 558

to isolate the roles of FTP and SA. 559

Reconstruction ablation. Table 3 compares 560

FTP-only, SA-only, and the combined objective un- 561

der the same codec backbone. FTP-only achieves 562

the best Mel distance and the best perceptual met- 563

rics, while SA-only achieves the best STFT dis- 564

tance. 565
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Speech Music Audio
Model Mel↓ STFT↓ PESQ↑ STOI↑ Mel↓ STFT↓ PESQ↑ STOI↑ F0↑ Mel↓ STFT↓ PESQ↑

BigCodec 0.810 1.718 2.208 0.877 1.522 3.108 1.922 0.606 0.728 2.101 4.864 1.391
UniCodec 0.830 1.824 2.022 0.851 1.196 2.441 1.859 0.588 0.760 1.337 3.336 1.548
WavTok-M 0.904 1.846 1.843 0.823 1.407 2.683 1.579 0.528 0.683 1.382 3.367 1.380
WavTok-L 1.133 2.006 1.547 0.765 1.558 2.896 1.484 0.478 0.722 1.579 3.777 1.334
WavTok-S 1.096 2.174 1.437 0.761 1.631 2.976 1.350 0.475 0.629 1.487 3.442 1.273

AUV (base) 0.762 1.648 2.094 0.850 1.129 2.557 2.195 0.609 0.785 1.847 4.407 1.567
LLM-CODEC 0.683 1.507 2.147 0.858 1.208 2.584 1.999 0.587 0.743 1.834 4.378 1.573

Table 2: Reconstruction quality across domains. Evaluated on Codec-SUPERB-tiny. All models operate at 50
tokens/s. We report domain-appropriate metrics: F0 only for Music (pitch matters for melody), STOI only for
Speech/Music (intelligibility undefined for environmental sounds). Speech: LLM-CODEC achieves best spectral
fidelity (Mel 0.683, STFT 1.507). Music: AUV leads. Audio: LLM-CODEC achieves highest PESQ.

Variant Mel↓ STFT↓ PESQ↑ STOI↑

AUV (base) 0.762 1.648 2.094 0.850

FTP only 0.681 1.509 2.176 0.861
SA only 0.683 1.507 2.147 0.858

LLM-CODEC (FTP + SA) 0.683 1.507 2.147 0.858

Table 3: Reconstruction ablation on Speech. FTP
only achieves best Mel and perceptual metrics. SA only
achieves best STFT. The full model matches SA exactly.

Interestingly, the combined objective matches566

SA-only in our configuration, suggesting that SA567

dominates when both losses are enabled. These re-568

sults indicate that FTP and SA emphasize different569

error modes in reconstruction.570

6 Discussion571

Why does FTP help? FTP directly regularizes572

token sequences to be predictable beyond the next573

step. This objective favors information that is stable574

across multiple frames, which often correlates with575

linguistic structure. As a result, FTP can discourage576

encoding idiosyncratic frame-level details that are577

costly for autoregressive modeling.578

Why does SA help? SA injects an external se-579

mantic anchor by tying audio-induced hidden states580

to text-induced hidden states. This anchor can re-581

duce variation that is not supported by the tran-582

script, which improves token consistency for lan-583

guage modeling. FTP and SA target different fail-584

ure modes, since FTP emphasizes local predictabil-585

ity and SA emphasizes semantic invariance.586

Domain effects. The method is most effective on587

speech, where paired text provides a direct align-588

ment signal. For non-speech audio, SA becomes589

ill-posed or indirect, so improvements are limited.590

This gap motivates future work on alternative su-591

pervision for music and environmental sound.592

Spectral versus perceptual objectives. Improv- 593

ing LM compatibility does not necessarily maxi- 594

mize perceptual metrics, since perceptual quality 595

depends on fine acoustic details that may be unpre- 596

dictable or transcript-irrelevant. This tension clar- 597

ifies when LLM-CODEC should be used, namely 598

when the downstream objective is generation or 599

modeling rather than pure playback quality. 600

Computation. Training requires an extra frozen- 601

LLM forward pass and auxiliary prediction heads. 602

Inference is unchanged, since the deployed codec 603

keeps the same encoder-decoder structure and dis- 604

cards the auxiliary heads. 605

What makes tokens LLM-friendly? Our results 606

suggest two complementary properties. First, to- 607

kens should be locally predictable: given context, 608

the next few tokens should be deterministic. FTP 609

enforces this by penalizing unpredictable futures. 610

Second, tokens should be semantically grounded: 611

the same linguistic content should map to sim- 612

ilar representations regardless of acoustic varia- 613

tion. SA enforces this by aligning audio and text 614

branches. Neither property alone suffices: FTP 615

without SA produces predictable but semantically 616

arbitrary codes; SA without FTP produces semanti- 617

cally grounded but locally noisy codes. 618

7 Conclusion 619

We proposed LLM-CODEC, which trains a neu- 620

ral audio codec with objectives that reflect down- 621

stream autoregressive modeling. LLM-CODEC 622

adds future token prediction and semantic align- 623

ment through a differentiable bridge, without modi- 624

fying the codec or LLM architectures. Experiments 625

show substantially better SALMon coherence ac- 626

curacy and improved speech reconstruction fidelity, 627

indicating that tokenizer predictability is a key bot- 628

tleneck for spoken language modeling. 629
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Limitations630

Speech-centric supervision. SA relies on631

speech-text correspondence, so it requires paired632

transcripts during training. This assumption holds633

for read-speech corpora such as LibriSpeech, but it634

is weaker for untranscribed audio or non-speech635

domains. Our cross-domain results reflect this636

limitation and motivate alternative alignment637

signals beyond text.638

Frozen LLM backbone. We freeze the LLM639

backbone to preserve its text competence and to iso-640

late the effect of tokenizer training. Jointly adapt-641

ing the LLM could further improve speech model-642

ing, but it may introduce regressions on text tasks643

and complicate attribution.644

Evaluation coverage. Our primary evaluations645

emphasize read speech. Conversational settings646

contain disfluencies, overlap, and rapid speaker647

turns, which may stress different token properties.648

Future work should validate LLM-CODEC under649

conversational corpora and multi-speaker condi-650

tions.651

Training overhead. The auxiliary Medusa heads652

increase training-time memory and compute, even653

though they are discarded for inference. This cost654

may limit scaling to larger backbones or larger655

batches.656

Perceptual quality. LLM-CODEC does not con-657

sistently improve perceptual scores relative to658

codecs that explicitly optimize perceptual losses.659

Applications that prioritize playback quality over660

generation or modeling may prefer perceptually661

optimized codecs.662
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A Implementation Details751

This appendix reports the full implementation de-752

tails of LLM-CODEC. This appendix specifies753

model configurations, training hyperparameters,754

and stability settings. This appendix also clarifies755

how we compute and report reconstruction metrics756

across domains.757

A.1 Model Configurations758

Codec. We use the AUV codec at a 50 Hz token759

rate. The codec uses a vocabulary size of 20,480.760

The codec latent dimension is 256. The codec hop761

length is 320. We freeze the codec decoder. We762

fine-tune the codec encoder.763

LLM backbone. We use Qwen3-4B-Instruct as764

the frozen LLM backbone. The LLM has 32 trans-765

former layers. The LLM hidden dimension is 2,560.766

We extend the LLM vocabulary with 20,480 audio767

tokens via resize_token_embeddings. We train768

only the audio-token embeddings. We freeze all769

other LLM parameters.770

Gumbel bridge. We implement the Gum-771

bel bridge as a single linear projection from772

codec latents to audio-token logits. We use773

nn.Linear(256, 20480). We anneal the Gumbel-774

Softmax temperature from 1.0 to 0.3 over 20k steps.775

We use a cosine schedule for annealing.776

Medusa heads (FTP). We use K = 5 Medusa-777

style prediction heads. Each head is a bias-free lin-778

ear layer: nn.Linear(2560, 20480, bias=False).779

We initialize each head from the frozen LLM780

output projection restricted to audio token in-781

dices. We implement this initialization as782

lm_head.weight[audio_ids].783

A.2 Training Configuration 784

Table 4 lists the main training hyperparameters. 785

We use 4-second audio segments. We use gradient 786

accumulation to reach an effective batch size of 787

32. We train for 200k optimization steps. We clip 788

the gradient norm to 5.0. We use AdamW with 789

(β1, β2) = (0.9, 0.99). 790

Hyperparameter Value

Batch size 4
Gradient accumulation 8
Effective batch size 32
Segment length 4 seconds

LR (encoder) 1× 10−4

LR (decoder) frozen
LR (embeddings + heads) 5× 10−4

Optimizer AdamW (β1=0.9, β2=0.99)
Gradient clip 5.0
Total steps 200k
Warmup 2k steps

λmel 1.0 → 0.5 (cosine, 50k steps)
λFTP 1.0 (after ramp)
λcos 0.1 (after ramp)
λctr 0.05 (after ramp)

FTP schedule delay 5k, warmup 2k, ramp 8k
SA schedule delay 5k, warmup 5k, ramp 5k

Table 4: Training hyperparameters.

A.3 Semantic Alignment Details 791

Table 5 lists the semantic alignment hyperparame- 792

ters. We align a mid-to-high layer range to target 793

semantic representations. We use a memory bank 794

to provide negatives for the contrastive loss. We 795

use a fixed logit scale and label smoothing. 796

Parameter Value

Layer range [L/3, 0.8L] = [10, 25]
Layer weights Uniform
Memory bank size 512
Logit scale α 5.0
Label smoothing ϵ 0.1
EMA momentum µ 0.99 (optional)

Table 5: Semantic alignment hyperparameters.

A.4 Reconstruction Losses 797

We train the codec with multiple reconstruction 798

losses. We use a log mel-spectrogram ℓ1 loss with 799

100 mel bins and hop size 256. We use multi-scale 800

mel losses with FFT sizes 512, 1024, and 2048. We 801

use a multi-resolution STFT loss. The STFT loss 802

includes spectral convergence and magnitude error. 803

We omit STOI and PESQ from the training loss. 804

We report STOI and PESQ only for evaluation. 805
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A.5 Optional GAN Training806

We optionally enable adversarial training. We use807

a multi-period discriminator (MPD) with periods808

{2, 3, 5, 7, 11}. We use a multi-scale discriminator809

(MSD) with three scales and AvgPool downsam-810

pling. We use hinge loss with feature matching.811

We pause GAN updates if the feature-matching812

loss exceeds 35% of the total loss. We pause GAN813

updates for 500 steps when this condition holds.814

We apply R1 regularization with γ = 10.0 every815

16 steps.816

A.6 Numerical Stability817

We apply several stability mechanisms. We skip818

parameter updates when the loss is non-finite. We819

clamp logits to [−80, 80] before softmax. We clip820

audio samples to [−1.2, 1.2]. We apply code noise821

by randomly replacing 1.5% of tokens as regular-822

ization.823

B Hyperparameter Sensitivity824

We provide a sensitivity study in future revisions.825

We include a placeholder table below for complete-826

ness.827

C Additional Results828

C.1 Metric Applicability and Reporting829

Rationale830

This section clarifies which reconstruction met-831

rics are meaningful for each domain in Codec-832

SUPERB-tiny. Each metric assumes specific signal833

properties. We report a metric only when its as-834

sumptions hold. This protocol avoids misleading835

comparisons across domains.836

Mel distance (Mel). Mel distance measures the837

ℓ1 error between log mel-spectrograms. Mel dis-838

tance is defined for all audio signals. Mel distance839

reflects coarse spectral fidelity. We report Mel for840

Speech, Music, and Environmental Audio.841

STFT distance (STFT). STFT distance mea-842

sures spectral reconstruction error in the short-time843

Fourier domain. We use a multi-resolution STFT844

variant with spectral convergence and magnitude845

error. STFT distance is defined for all audio signals.846

STFT distance captures finer spectral structure than847

mel features. We report STFT for Speech, Music,848

and Environmental Audio.849

Perceptual Evaluation of Speech Quality 850

(PESQ). PESQ is calibrated for human speech 851

perception. PESQ assumes a speech-like signal. 852

PESQ is therefore most meaningful for Speech and 853

singing voice. We report PESQ for Speech and 854

Music. We report PESQ for Environmental Audio 855

for completeness. We interpret PESQ on Environ- 856

mental Audio cautiously. 857

Short-Time Objective Intelligibility (STOI). 858

STOI measures speech intelligibility using tempo- 859

ral envelopes in short-time bands. STOI assumes 860

linguistic content. STOI is meaningful for Speech 861

and singing voice. STOI is not meaningful for Envi- 862

ronmental Audio. We report STOI for Speech and 863

Music. We do not report STOI for Environmental 864

Audio. 865

Fundamental frequency correlation (F0 Corr). 866

F0 correlation measures pitch preservation by corre- 867

lating estimated fundamental frequency trajectories. 868

F0 correlation assumes a stable harmonic structure 869

with a well-defined fundamental frequency. Many 870

environmental sounds are non-harmonic. Many 871

speech segments contain long unvoiced regions. F0 872

correlation is therefore most meaningful for Music. 873

We report F0 Corr for Music only. 874

Summary of reported metrics. We use the fol- 875

lowing metric sets: 876

• Speech: Mel, STFT, PESQ, STOI. 877

• Music: Mel, STFT, PESQ, STOI, F0 Corr. 878

• Environmental Audio: Mel, STFT, PESQ. 879

C.2 Domain-Specific Detailed Results 880

This section reports full reconstruction results for 881

each domain. Table 6 averages metrics over all 882

domains. Tables 7, 8, and 9 report domain-specific 883

results. 884

Model Mel↓ STFT↓ PESQ↑ STOI↑ F0↑

UniCodec 1.121 2.534 1.810 0.651 0.620
WavTok-M 1.231 2.632 1.600 0.602 0.587
WavTok-S 1.405 2.864 1.353 0.541 0.535
WavTok-L 1.423 2.893 1.455 0.549 0.585
BigCodec 1.478 3.230 1.840 0.660 0.635

AUV (base) 1.246 2.871 1.952 0.660 0.650
LLM-CODEC 1.242 2.823 1.906 0.653 0.615

Table 6: Overall reconstruction quality (6,000 sam-
ples across all domains). All models operate at 50 to-
kens/s. UniCodec achieves best spectral fidelity (Mel,
STFT). LLM-CODEC remains competitive while im-
proving over the base codec.
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Model Mel↓ STFT↓ PESQ↑ STOI↑

BigCodec 0.810 1.718 2.208 0.877
UniCodec 0.830 1.824 2.022 0.851
WavTok-M 0.904 1.846 1.843 0.823
WavTok-S 1.096 2.174 1.437 0.761
WavTok-L 1.133 2.006 1.547 0.765

AUV (base) 0.762 1.648 2.094 0.850
LLM-CODEC 0.683 1.507 2.147 0.858

Table 7: Speech domain results (2,000 samples from
10 datasets). We omit F0 correlation because pitch accu-
racy is less central for speech than intelligibility. LLM-
CODEC achieves best spectral fidelity (Mel 0.683, STFT
1.507). BigCodec leads perceptual metrics (PESQ 2.208,
STOI 0.877).

Model Mel↓ STFT↓ PESQ↑ STOI↑ F0↑

UniCodec 1.196 2.441 1.859 0.588 0.760
WavTok-M 1.407 2.683 1.579 0.528 0.683
BigCodec 1.522 3.108 1.922 0.606 0.728
WavTok-L 1.558 2.896 1.484 0.478 0.722
WavTok-S 1.631 2.976 1.350 0.475 0.629

AUV (base) 1.129 2.557 2.195 0.609 0.785
LLM-CODEC 1.208 2.584 1.999 0.587 0.743

Table 8: Music domain results (2,000 samples from 6
datasets). AUV leads on most metrics. LLM-CODEC
does not improve over the base codec, because semantic
alignment is designed for speech-text correspondence.
UniCodec achieves the lowest STFT distance (2.441).

C.3 Ablation Study: Cross-Domain Results885

The main text reports speech-only ablations (Ta-886

ble 3). This section reports cross-domain ablations887

for completeness. Table 10 reports Mel distance888

across Speech, Music, and Environmental Audio.889

FTP consistently improves Mel distance across890

domains. SA provides gains that are specific to891

speech. This pattern matches the design of SA,892

because SA relies on speech-text correspondence.893

C.4 Evaluation Datasets894

Table 11 lists the datasets in Codec-SUPERB-tiny.895

We uniformly sample 2,000 clips per domain. This896

protocol yields 6,000 total evaluation samples.897

C.5 Model Nomenclature898

We use short names for readability in tables. We899

list the corresponding model identifiers below.900

• WavTok-L: wavtokenizer_24k_large_600_4096901

• WavTok-M: wavtokenizer_24k_medium_600_4096902

• WavTok-S: wavtokenizer_24k_small_600_4096903

Model Mel↓ STFT↓ PESQ↑

UniCodec 1.337 3.336 1.548
WavTok-M 1.382 3.367 1.380
WavTok-S 1.487 3.442 1.273
WavTok-L 1.579 3.777 1.334
BigCodec 2.101 4.864 1.391

AUV (base) 1.847 4.407 1.567
LLM-CODEC 1.834 4.378 1.573

Table 9: Environmental audio results (2,000 samples
from 4 datasets). We omit STOI and F0 correlation
because intelligibility and pitch are undefined for envi-
ronmental sounds. LLM-CODEC achieves the highest
PESQ (1.573). UniCodec achieves the best spectral met-
rics.

Variant Speech Mel↓ Music Mel↓ Audio Mel↓

AUV (base) 0.762 1.129 1.847

FTP only 0.681 1.174 1.827
SA only 0.683 1.208 1.834

LLM-CODEC (FTP + SA) 0.683 1.208 1.834

Table 10: Cross-domain ablation (Mel distance). FTP
only achieves the best Mel distance across all domains.
SA only and the full model are identical in this configu-
ration.

C.6 Qualitative Examples 904

We provide audio samples in the supplementary 905

material. The supplementary material includes: 906

• Reconstruction comparisons across codecs. 907

• Generation samples for baseline versus LLM- 908

CODEC tokenizers. 909

• Robustness examples under noise and perturba- 910

tions. 911
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Dataset Features

Speech (10 datasets, 2,000 samples)
LibriSpeech diverse speaker, read audiobooks
VoxCeleb1 diverse speaker, celebrities on YouTube
Speech Commands v1 spoken keyword commands
QUESST multi-lingual, low resource language
VoxLingua107 Top 10 multi-lingual, YouTube content
Audio SNIPS spoken commands, crowdsourced
IEMOCAP affective speech
CREMA-D affective speech
Libri2Mix multi-speaker scenarios
LibriCount multi-speaker scenarios

Environmental Audio (4 datasets, 2,000 samples)
ESC-50 diverse audio source
FSD-50K diverse audio source
Gunshot Triangulation diverse audio source
Vocal Imitations human imitation of sound

Music (6 datasets, 2,000 samples)
OpenSinger singing voice, Chinese song
M4Singer singing voice, Chinese song
VocalSet singing skill
NSynth instrument notes
GTZAN Genre diverse music genre
GTZAN Music Speech instrument note

Table 11: Datasets in Codec-SUPERB-tiny. We uni-
formly sample 2,000 clips per domain for balanced eval-
uation.
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