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Abstract

Discrete speech representations are critical001
for modern generative speech tasks and cross-002
modal modeling. However, current neural003
codecs often produce tokens that are either se-004
mantically redundant—entangled with paralin-005
guistic variations like timbre—or structured in006
complex multi-codebook hierarchies that in-007
crease the complexity of downstream model-008
ing. To bridge this gap, we propose Secous-009
tiCodec, a streaming speech codec designed010
to extract disentangled, single-codebook dis-011
crete representations via cross-modal align-012
ment. Unlike prior works relying on distil-013
lation from acoustic models, we introduce a014
frame-level text-speech contrastive learning015
framework that strictly aligns acoustic frames016
with linguistic units, effectively purging par-017
alinguistic variance from the semantic code-018
book. To maintain high-fidelity reconstruc-019
tion without compromising semantic purity,020
we explicitly model global paralinguistic at-021
tributes to complement the semantic tokens,022
allowing the decoder to synthesize fine-grained023
acoustic details from disentangled representa-024
tions. Furthermore, we propose a semantic-025
only quantization mechanism combining Vari-026
ational Autoencoders (VAE) and Finite Scalar027
Quantization (FSQ) to maximize codebook028
utilization and mitigate the long-tail distri-029
bution issue. SecoustiCodec supports low-030
latency streaming and achieves state-of-the-031
art reconstruction quality (PESQ 1.77/2.58 at032
0.27/1 kbps). Audio samples are available033
at https://anonymous.4open.science/w/034
SecoustiCodec_Page-86F2. Code and mod-035
els are provided at https://anonymous.036
4open.science/r/SecoustiCodec-BE3E.037

1 Introduction038

The intersection of speech processing and natural039

language processing has garnered significant atten-040

tion, driven by the need for unified modeling of041

0.7

1.2

1.7

2.2

2.7

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8

P
ES
Q

Kbps

Encodec
FACodec
SpeechTokenizer
MimiCodec
WavTokenizer
BigCodec
TAAE
VQ-CTAP
SecoustiCodec

Figure 1: Comparison of different speech codecs operat-
ing below 2 kbps. The y-axis represents reconstruction
quality (PESQ), while the x-axis indicates compression
level (kbps). Circle sizes correspond to the number of
discrete tokens encoded per second. SecoustiCodec sup-
ports streaming and claims SOTA performance in low-
bitrate. Although BigCodec achieves comparable re-
sults, it neither supports causal streaming nor maintains
parameter efficiency comparable to SecoustiCodec.

speech and text in generative tasks such as Text- 042

to-Speech (TTS) (Wang et al., 2023; Zhang et al., 043

2023b), Automatic Speech Recognition (ASR) (Bai 044

et al., 2024), and spoken dialogue systems (Défos- 045

sez et al., 2024; Zeng et al., 2024). Central to 046

this convergence is the neural speech codec, which 047

discretizes continuous speech waveforms into a 048

sequence of compact tokens. These discrete repre- 049

sentations function analogously to text tokens, en- 050

abling the application of advanced sequence mod- 051

eling techniques (e.g., Transformers) to the speech 052

domain. 053

Despite their critical role, existing codecs face 054

a fundamental dilemma between reconstruction fi- 055

delity and semantic disentanglement, which com- 056

plicates downstream generative modeling. Tradi- 057

tional acoustic codecs like SoundStream (Zeghi- 058

dour et al., 2021) and EnCodec (Défossez et al., 059

2022) prioritize fidelity by using Residual Vec- 060

tor Quantization (RVQ) with multiple codebooks. 061
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Figure 2: Conceptual overview of the acoustic-
constrained disentanglement strategy. SecoustiCodec
utilizes a learned continuous acoustic representation (A)
to supervise the decomposition of speech into frame-
level discrete semantic tokens (S) and a global paralin-
guistic embedding (G). By explicitly modeling paralin-
guistic attributes (e.g., timbre) as a complementary
stream, we relieve the semantic codebook of acoustic
variance. This design enforces robust semantic decou-
pling while ensuring that the combined representations
contain sufficient information for high-fidelity acoustic
reconstruction.

However, predicting multiple hierarchical tokens062

per frame significantly increases the sequence063

length and computational complexity for down-064

stream autoregressive models (Wang et al., 2023).065

Conversely, semantic-centric codecs aim to extract066

a single sequence of semantic tokens. Recent067

approaches like SpeechTokenizer (Zhang et al.,068

2023a) and MimiCodec (Défossez et al., 2024)069

attempt to distill semantic information from pre-070

trained self-supervised models (e.g., HuBERT (Hsu071

et al., 2021), WavLM (Chen et al., 2022)). While072

effective, these pre-trained representations are in-073

herently entangled with paralinguistic information074

(e.g., speaker identity, emotion), resulting in "se-075

mantic" tokens that still carry excessive acoustic076

variance. This entanglement forces generative mod-077

els to learn redundant acoustic details, reducing078

their efficiency and controllability.079

To address these limitations, we argue that an080

ideal discrete speech representation should pos-081

sess three properties: (1) Single-Codebook Com-082

pactness: reducing sequence length for efficient083

modeling; (2) True Semantic Disentanglement: de-084

coupling linguistic content from speaker timbre;085

and (3) Streaming Capability: supporting real-time086

interaction. We present SecoustiCodec, a cross-087

modal aligned streaming codec that satisfies these088

criteria. Instead of relying on acoustic distilla-089

tion, we leverage text-speech contrastive learning090

to explicitly align speech frames with phoneme091

sequences. This cross-modal supervision forces 092

the encoder to discard paralinguistic variations that 093

do not correlate with text, yielding pure seman- 094

tic tokens. Crucially, to ensure high-fidelity re- 095

construction from these semantic tokens, we in- 096

troduce a complementary global paralinguistic en- 097

coder. We posit that Semantic Content and Par- 098

alinguistic Style are complementary: by explicitly 099

feeding speaker attributes (e.g., timbre) to the de- 100

coder, we relieve the semantic codebook of the 101

burden of carrying acoustic details. This allows 102

for a single-codebook design that achieves high re- 103

construction quality previously possible only with 104

multi-codebook methods. 105

Our main contributions are summarized as fol- 106

lows: 107

• We propose a cross-modal disentanglement 108

framework that utilizes frame-level contrastive 109

learning to align speech with text. This ap- 110

proach effectively purges paralinguistic informa- 111

tion from the semantic codebook, facilitating ef- 112

ficient sequence modeling. 113

• We introduce a complementary modeling 114

paradigm where a global paralinguistic embed- 115

ding works in tandem with semantic tokens. This 116

architecture bridges the information gap between 117

semantic inputs and acoustic outputs, enabling 118

high-fidelity reconstruction (SOTA PESQ of 2.58 119

at 1 kbps) with a single codebook. 120

• We design a VAE-FSQ hybrid quantization 121

method that alleviates the long-tail distribu- 122

tion problem of discrete tokens, achieving 123

98.06% codebook utilization. Combined with 124

an acoustic-constrained multi-stage optimization 125

strategy, our model ensures robust convergence. 126

• We demonstrate that SecoustiCodec supports low- 127

latency streaming (causal architecture) while out- 128

performing existing baselines in both objective 129

metrics and subjective listening tests. 130

We discuss related works in detail in Ap- 131

pendix A. 132

2 Method 133

2.1 Architecture Framework 134

As illustrated in Figure 3, SecoustiCodec extracts 135

disentangled representations from speech (Sin) and 136

phonemes (Pin) through three causal streams: 137

Feature Extraction: (1) Acoustic (A): A con- 138

tinuous representation extracted by a convolutional 139

encoder: A = Proj(SpeechEncoder(Sin)). (2) 140

Phoneme (P ): Extracted from text and aligned via 141
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Figure 3: SecoustiCodec includes three modeling processes: (a) Acoustic Modeling, (b) Semantic Modeling and
(c) Paralinguistic Modeling. Modules outlined in red operate in a streaming manner, while those in blue are
non-streaming. Phoneme embeddings (P ) are extracted from text, and target semantic embeddings (S), acoustic
embeddings (A), and paralinguistic embeddings (G) are extracted from speech. (P ) and (S) are used to construct
token-acoustic contrastive loss, which learns frame-level (dis)similarity between a batch of speech and text pairs.
In the inference process, Acoustic Projection is not required; instead, semantic embedding and paralinguistic
embedding are used to predict acoustic embedding. The mean values (µ and µ̂) from the VAE structure are directly
used as inputs during inference, bypassing stochastic sampling. The name "SecoustiCodec" signifies a codec that
supports both semantic and acoustic encoding.

a length regulator: P = PhEncoder(Pin). (3)142

Paralinguistic (G): A global embedding captured143

from a 3s window (Gin) using a VAE encoder. To144

prevent KL collapse, we apply a hinged KL loss:145

Lpara
kl = max(0, DKL[N (µ̂, σ̂2)||N (0, I)]−∆)

(1)146

Reconstruction The decoder reconstructs the147

mel-spectrogram from acoustic features: Sp =148

SpeechDecoder(A). To enforce semantic com-149

pleteness, a Semantic Connector predicts the acous-150

tic embedding A from the discrete semantic to-151

kens S (defined in Sec. 2.2) and style G: Â =152

Connector(S,G). We minimize the reconstruc-153

tion losses: Lrecon = ||Â−A||22 + ||Sp − Sin||22.154

2.2 VAE-FSQ Semantic Quantization155

To obtain the semantic code S, we employ a hybrid156

VAE-FSQ approach. The speech encoder output157

is projected to a latent distribution N (µ, σ), from158

which we sample a frame-level vector z using the159

reparameterization trick. z is then quantized via160

Finite Scalar Quantization (FSQ) to alleviate code-161

book collapse:162

S = Projup(round(⌊L/2⌋ tanh(Projdown(z))))
(2)163

This projects z into a low-rank space with L levels, 164

implicitly forming a codebook of size Ld. A KL 165

regularization Lsemantic
kl is applied similarly to Eq. 166

(1). 167

2.3 Cross-Modal Token-Acoustic Contrastive 168

Learning 169

As shown in Figure 3 (b), to extract frame-level 170

representations, S and P within a batch are re- 171

shaped into 2D matrices Sre and Pre, where Sre 172

and Pre ∈ R(B∗Ts)×d. This approach is beneficial 173

for contrastive learning, as it increases the number 174

of sample pairs per step, thereby enhancing the 175

learning process. 176

With Sre and Pre now comparable, we can mea- 177

sure their similarity: C = τ ∗ (Sre · P⊤
re) 178

where τ is a temperature parameter used to scale 179

the range of logits. The resulting similarity ma- 180

trix C ∈ R(B∗Ts)×(B∗Ts) contains (B ∗ Ts) correct 181

pairs along the diagonal and (B ∗ Ts)
2 − (B ∗ Ts) 182

incorrect pairs in the off-diagonal elements. As 183

the extracted intermediate representation includes 184

contextual information, only the current frame cor- 185

responds to a positive sample. The contrastive loss 186

is calculated: 187
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Lcontrastive = 0.5 ∗ (ℓspeech(C) + ℓphoneme(C))
(3)188

where ℓ = 1
B∗Ts

∑B∗Ts
i=0 log diag(softmax(C))189

along the speech and phoneme axes, respectively.190

This symmetric cross-entropy loss (Lcontrastive)191

is computed over the similarity matrix to jointly192

train the speech encoder and the phoneme encoder,193

enabling the model to learn meaningful represen-194

tations from both modalities simultaneously. Note195

that the phoneme encoder and length regulator are196

employed exclusively during training to enforce197

alignment constraints. During inference, only the198

speech encoder is required to extract semantic to-199

kens.200

2.4 Multi-Stage Optimization Strategy201

To ensure stable convergence, we introduce an202

acoustic-constrained multi-stage optimization strat-203

egy. The detailed procedure is outlined in Algo-204

rithm 1 in Appendix C.205

Stage 1 (Acoustic Modeling): We first pre-train206

the speech encoder and decoder exclusively on a207

mel-spectrogram reconstruction task (Lmel
mse). This208

initial stage establishes a robust acoustic representa-209

tion that serves as a fixed target for the subsequent210

stage.211

Stage 2 (Disentanglement Modeling): With212

the acoustic modules frozen, we then train the se-213

mantic and paralinguistic components. The pri-214

mary objective is to make the combined semantic215

and paralinguistic representations predict the pre-216

trained acoustic representation A, guided by an217

acoustic MSE loss (Lacoustic
mse ) and the cross-modal218

contrastive loss (Lcontrastive). To prevent poste-219

rior collapse, the KL divergence terms for both220

the semantic (Lsemantic
kl ) and paralinguistic (Lpara

kl )221

VAEs are progressively introduced via linear warm-222

up schedules.223

3 Experiments Procedures224

3.1 Model Details225

Our architecture draws inspiration from Mimi-226

Codec(Défossez et al., 2024). All components em-227

ploy causal operations to ensure streaming encod-228

ing and decoding. The speech encoder/decoder229

is built using causal SeaNet encoder blocks230

(Tagliasacchi et al., 2020), the speech encoder con-231

sists of 80-channel convolutional layers with ker-232

nel size 7, ELU activation, and dilation base 2.233

The speech decoder mirrors this architecture with 234

transposed convolutions for mel-spectrogram re- 235

construction. Both use 1 residual layer with true 236

skip connections and a compression factor of 2. 237

The acoustic projection employs a causally masked 238

transformer with 8 layers and 8-head attention, fea- 239

turing RoPE positional encoding (Su et al., 2024). 240

The 512-dimensional model includes layer normal- 241

ization and a 2048-unit feedforward network, pro- 242

cessing 250-frame context windows with convolu- 243

tional layout integration. The semantic projection 244

combines a causal transformer (identical architec- 245

ture to acoustic projection) with variational infer- 246

ence. Two linear projections (µ and σ) map the 247

transformer’s 512D output to latent variables using 248

the reparameterization trick. The semantic connec- 249

tor shares architectural parameters with the acous- 250

tic projection module, forming an 8-layer trans- 251

former with identical attention mechanisms and 252

normalization schemes to maintain dimensional 253

consistency across semantic representations. The 254

phoneme encoder employs a convolutional layer 255

(ReLU-activated) followed by 4 transformer layers 256

and linear projection. The paralinguistic encoder 257

utilizes a VAE structure with 6 convolutional lay- 258

ers and SE-ResNet blocks (Hu et al., 2018). All 259

encoder outputs undergo layer normalization be- 260

fore fusion. The vocoder used in this experiment 261

is HifiGAN (Kong et al., 2020). For the multi- 262

stage optimization strategy, the parameters are as 263

follows: stage1end = 1e4, klsemantic
start = 2e4, 264

klparastart = 2e4, klsemantic
end = 3e4, klparaend = 3e4, 265

klsemantic
upper = 1e − 5, klparaupper = 1e − 5, α = 1, 266

β = 1e− 5. The model is trained using 8 NVIDIA 267

TESLA A800 80GB GPUs, with a batch size of 64 268

per GPU. Adam(Kingma and Ba, 2014) is used as 269

the optimizer, with an initial learning rate of 2e-4. 270

The number of sample pairs per step ranges from 271

4,000 to 32,000 during the training process. 272

3.2 Compared Method and Tasks 273

To evaluate the performance of the proposed model, 274

we conduct experiments on speech reconstruction 275

task. We compare SecoustiCodec with eight repre- 276

sentative Codec models, as summarized in Table 1. 277

The table lists key attributes of each model, includ- 278

ing bitrate, frame rate, number of quantizers, to- 279

kens per second, parameter size, training data dura- 280

tion, and whether the model employs a causal struc- 281

ture supporting streaming encoding and decoding. 282

The comparison includes classic streaming Codec 283

4



models like Encodec1, semantic disentanglement284

models like SpeechTokenizer2 and MimiCodec285

(Moshi)3, as well as FACodec (NaturalSpeech 3)4,286

which disentangles attributes through supervised287

tasks, and single-codebook models like VQ-CTAP,288

WavTokenizer5, BigCodec6, and TAAE7.289

We also compare multi-codebook models un-290

der different bitrate conditions to demonstrate the291

effectiveness of SecoustiCodec. Despite Secousti-292

Codec’s denser structure, it does not increase the293

parameter count. Additionally, as shown in Table294

2, we perform extensive ablation studies to analyze295

various factors. These include the quantization296

method, the use of a causal structure for streaming297

support, the inclusion of pitch features alongside298

Mel spectrograms, the application of a multi-stage299

optimization strategy, and the dimensionality of the300

acoustic embedding. Finally, we also evaluate the301

performance of SecoustiCodec in single-speaker302

scenarios and Voice Conversion (VC) task.303

3.3 Datasets304

For the labeled text-speech paired data, we inte-305

grate our internal dataset with the AISHELL-3306

dataset (Shi et al., 2020) and the LibriTTS dataset307

(Zen et al., 2019), resulting in a combined total of308

1,000 hours of recordings from 3,000 speakers. All309

speech waveforms are sampled at 22kHz and con-310

verted to 80-band mel spectrograms with a window311

size of 1024 and a hop size of 256.312

3.4 Evaluation Metrics313

We evaluate the model using several objective and314

subjective metrics to ensure comprehensive perfor-315

mance assessment. These metrics include: Wide-316

band PESQ (Perceptual Evaluation of Speech Qual-317

ity, downsampled to 16kHz)8, MUSHRA (Multi-318

ple Stimuli with Hidden Reference and Anchor),319

Speaker Similarity9, Emotion Similarity10, LSD320

(Log-Spectral Distance), MCD (Mel-Cepstral Dis-321

tortion), MSEP (Mean Squared Error of Pitch),322

MR (Voiced/unvoiced Mismatch Rate), NISQA323

1https://github.com/facebookresearch/encodec
2https://github.com/ZhangXInFD/SpeechTokenizer
3https://huggingface.co/kyutai/mimi
4https://github.com/lifeiteng/naturalspeech3_facodec
5https://github.com/jishengpeng/WavTokenizer
6https://github.com/Aria-K-Alethia/BigCodec
7https://github.com/Stability-AI/stable-codec
8https://github.com/ludlows/PESQ
9https://github.com/resemble-ai/Resemblyzer

10https://huggingface.co/emotion2vec

(Speech Quality and Naturalness Assessment)11, 324

and WER (Word Error Rate)12. 325

4 Results and Analysis 326

4.1 Structure Comparison 327

Table 1 compares the structure of SecoustiCodec 328

with mainstream codecs. SecoustiCodec achieves 329

a low bitrate of 0.27kbps, a frame rate of 20Hz and 330

a token rate of 20 tokens/s, second only to Mimi- 331

Codec. In terms of quantization methods, it adopts 332

the proposed VAE-FSQ approach instead of the 333

RVQ or VQ structures used by other models. This 334

enables single-codebook semantic encoding while 335

supporting continuous-value acoustic encoding. Al- 336

though the model has a relatively high parameter 337

count, it remains smaller than FACodec, SpeechTo- 338

kenizer, BigCodec and TAAE. Regarding training 339

data, SecoustiCodec uses 1,000 hours of data, simi- 340

lar to SpeechTokenizer, MimiCodec and BigCodec, 341

but significantly less than FACodec’s 50,000 hours 342

and TAAE’s 100,000 hours. Additionally, it em- 343

ploys a causal structure to support streaming en- 344

coding and decoding. Experimental results demon- 345

strate that SecoustiCodec achieves optimal perfor- 346

mance under conditions of causal structure, single- 347

codebook encoding, low bitrate, and limited train- 348

ing data. In Table 1 , we present the initial latency 349

and real-time factors (RTF) for all causal structure- 350

supported streaming models. The real-time fac- 351

tor is defined as the ratio between the processing 352

time and the speech duration, so that it is less than 353

one when the method is faster than real time. We 354

profiled all models on a single thread of a V800 355

GPU. SecoustiCodec exhibits an initial latency of 356

12.08 ms, which is lower than that of Encodec 357

and MimiCodec. In terms of real-time factor, En- 358

codec performs significantly better than Secousti- 359

Codec. Notably, both Encodec and SecoustiCodec 360

have an encoding RTF of 0.002. However, the 361

decoding process for SecoustiCodec includes time- 362

consuming vocoder operations, which increases its 363

decoding real-time factor. Excluding the vocoder 364

processing time, SecoustiCodec achieves a decod- 365

ing real-time factor of 0.001, which is lower than 366

that of Encodec. 367

4.2 Evaluation of Speech Reconstruction 368

Table 1 presents the results of the speech recon- 369

struction task. To demonstrate the effectiveness 370

11https://github.com/gabrielmittag/NISQA
12https://github.com/modelscope/FunASR
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Table 1: Reconstruction Results of Different Codec Models including Subjective Evaluation

Model GT Encodec FACodec SpeechTokenizer MimiCodec VQ-CTAP WavTokenizer BigCodec TAAE SecoustiCodec
Bitrate↓ \ 1.5kbps 6kbps 1.6kbps 4.8kbps 1kbps 4kbps 0.55kbps 4.4kbps 0.33kbps 0.5kbps 1kbps 0.6kbps 0.27kbps 1kbps
Frame Rate↓ \ 75Hz 80Hz 50Hz 12.5Hz 25Hz 40Hz 80Hz 25Hz 20Hz 80Hz
Nq↓ \ 2 8 2 6 2 8 4 32 1 1 1 1 1
Tokens/s↓ \ 150 600 160 480 100 400 100 800 25 40 80 25 20 80
Param Size↓ \ 57MB 406MB 396MB 303MB 105MB 308MB 608MB 3,636MB 379MB
Training Dataset↓ \ 17,000h 500,000h 1000h 1000h 11,000h 80,000h 1,000h 100,000h 1,000h
Causal \ ✓ ✗ ✗ ✓ ✗ ✗ ✗ ✗ ✓

Latency↓ \ 13.39ms \ \ 84.4ms \ \ \ \ 12.08ms
Total \ 0.004 \ \ 0.056 \ \ \ \ 0.04
Enc. \ 0.002 \ \ 0.033 \ \ \ \ 0.002RTF↓
Dec. \ 0.002 \ \ 0.023 \ \ \ \ 0.038

MUSHRA↑ 99.00 38.25 61.50 28.50 75.20 32.40 63.80 39.50 81.00 44.80 41.50 70.50 46.20 49.60 72.10
PESQ↑ 4.64 1.36 2.28 1.05 2.90 1.26 2.36 1.41 3.28 1.63 1.45 2.55 1.67 1.77 2.58
Spk Sim↑ 1.00 0.9 0.98 0.80 0.98 0.74 0.97 0.85 0.97 0.89 0.86 0.97 0.83 0.92 0.95
Emo Sim↑ 1.00 0.86 0.96 0.79 0.97 0.84 0.97 0.87 0.97 0.92 0.91 0.94 0.92 0.93 0.97
LSD↓ 0.00 1.06 0.94 1.26 0.83 1.14 1.00 1.19 0.96 0.90 0.97 0.84 1.32 0.85 0.77
MCD↓ 0.00 1.63 0.85 4.07 0.86 2.24 1.07 1.79 0.58 1.86 1.94 0.94 2.59 1.72 1.32
MSEP↓ 0.00 36.03 17.06 630.71 12.15 40.83 18.93 43.28 9.10 29.00 39.29 18.26 28.57 39.66 18.25
Mismatchrate↓ 0.00 0.18 0.13 0.28 0.05 0.11 0.06 0.09 0.05 0.07 0.08 0.06 0.07 0.07 0.05
WER↓ 3.05 5.60 3.37 15.61 3.47 16.97 3.62 10.69 3.23 17.06 19.70 4.10 30.24 11.58 3.99

GT: Ground Truth Waveforms; Nq: Number of Quantizers; Causal: Streaming Support; RTF: Real Time Factor; ✓:
Enabled; ✗: Disabled.
Best results from models with a single quantizer (hence directly comparable to SecoustiCodec) are in bold.

Table 2: Ablation Studies of SecoustiCodec

Model Quant Causal F0 Stage Acous-Dim PESQ↑ Spk Sim↑ Emo Sim↑ LSD↓ MCD↓ MSEP↓ MR↓ NISQA↑ WER↓
Secousti-VQ VQ-VAE ✓ ✗ ✓ 256 1.28 0.87 0.92 0.96 2.31 54.54 0.09 2.72 47.28
Secousti-VQ w/o Stage VQ-VAE ✓ ✗ ✗ 256 1.20 0.87 0.91 0.98 2.56 71.89 0.11 2.66 56.28
Secousti-VQ w/o Causal VQ-VAE ✗ ✗ ✓ 256 1.44 0.62 0.8 1.69 5.42 46.47 0.18 2.51 14.31
Secousti-VQ w/o Causal w/o Stage VQ-VAE ✗ ✗ ✗ 256 1.10 0.74 0.84 1.03 3.19 155.64 0.15 1.86 66.77
Secousti-VQ w/ F0 VQ-VAE ✓ ✓ ✓ 256 1.02 0.54 0.71 1.30 4.27 1286.17 0.52 0.97 98.38
Secousti-VQ w/ F0 w/o Stage VQ-VAE ✓ ✓ ✗ 256 1.03 0.58 0.67 1.50 4.28 519.01 0.44 1.35 100.00
Secousti-SimVQ SimVQ ✓ ✗ ✓ 256 1.65 0.90 0.92 0.89 1.84 28.63 0.07 3.07 16.95
Secousti-FSQ-8dim FSQ ✓ ✗ ✓ 8 1.53 0.93 0.94 0.89 1.99 48.53 0.07 4.07 14.00
Secousti-FSQ-64dim FSQ ✓ ✗ ✓ 64 1.57 0.90 0.91 0.88 1.89 54.18 0.09 3.23 18.67
Secousti-FSQ-256dim FSQ ✓ ✗ ✓ 256 1.71 0.90 0.92 0.88 1.78 30.16 0.07 3.13 15.13
Secousti-FSQ-64dim w/o Stage FSQ ✓ ✗ ✗ 64 1.65 0.91 0.92 0.87 1.82 40.18 0.08 3.18 13.23
Secousti-VAE-FSQ-64dim VAE+FSQ ✓ ✗ ✓ 64 1.60 0.90 0.92 0.87 1.86 49.78 0.08 3.23 17.04
SecoustiCodec(0.27kbps) VAE+FSQ ✓ ✗ ✓ 256 1.77 0.92 0.93 0.85 1.72 39.66 0.07 3.50 11.58

Quant: Quantization Method; Causal: Streaming Support; F0: Pitch Feature; Stage: Multi-stage Training; Acous-Dim:
Acoustic Embedding Dimension.
✓: Enabled, ✗: Disabled. Bold row indicates our standard configuration.

of SecoustiCodec, we compare its performance371

with other single-codebook methods and multi-372

codebook methods under different bitrates.373

SecoustiCodec (1kbps) achieves the best per-374

formance across multiple metrics, including375

MUSHRA, PESQ, EmoSim, LSD, F0, MR, and376

WER, surpassing some models even in scenarios377

where they use multiple codebooks. Crucially, the378

subjective MUSHRA results align remarkably well379

with the objective Wideband PESQ improvements.380

SecoustiCodec (1kbps) achieves a MUSHRA score381

of 72.10, demonstrating high-fidelity reconstruc-382

tion comparable to state-of-the-art models like383

BigCodec. SecoustiCodec (0.27kbps 20Hz) is384

the model with the lowest bitrate and frame rate385

among single-codebook models. It achieves a386

MUSHRA score of 49.60, significantly outperform-387

ing other low-bitrate candidates such as WavTok-388

enizer (41.50) and VQ-CTAP (44.80). Despite the389

extremely low bitrate, SecoustiCodec (0.27kbps390

20tokens/s) also outperforms multi-codebook mod-391

els such as Encodec (1.5kbps 150tokens/s), FA- 392

Codec (1.6kbps 160tokens/s), SpeechTokenizer 393

(1kbps 100tokens/s), and MimiCodec (0.55kbps 394

100tokens/s) in terms of subjective quality. 395

Methods such as FACodec, SpeechTokenizer, 396

and MimiCodec supervise the semantic encoding 397

only in the first-dimensional VQ space, often incor- 398

porating ASR tasks or distillation tasks from Hu- 399

bert(Hsu et al., 2021)/ WavLM(Chen et al., 2022). 400

However, the representations from Hubert/ WavLM 401

are not purely semantic and contain significant 402

residual paralinguistic information. These models 403

combine semantic encodings with other encodings 404

during the decoding stage to reconstruct speech. 405

This approach limits the disentanglement and re- 406

construction capability of the semantic encoding 407

itself. During training, the model relies on the full 408

set of encodings to extract acoustic information, 409

which prevents the semantic encoding from inde- 410

pendently ensuring semantic completeness. As a 411

result, substantial paralinguistic information often 412
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Table 3: Results of Single Speaker

Model Bitrate PESQ↑ Spk Sim↑ Emo Sim↑ LSD↓ MCD↓ F0↓ MR↓ WER↓
SecoustiCodec
ft Single Speaker

0.27kbps 2.50 0.96 0.80 0.76 1.18 20.88 0.06 6.51
1kbps 3.51 0.97 0.97 0.71 0.89 8.99 0.04 3.37

remains in the semantic encoding.413

In contrast, SecoustiCodec benefits from its dis-414

entanglement of semantic encoding and its explicit415

modeling of paralinguistic information. This en-416

ables it to outperform other methods significantly417

in both SpkSim and EmoSim. During training, Sec-418

oustiCodec independently models semantic, acous-419

tic, and paralinguistic information. Additionally, it420

incorporates a task where the semantic encoding421

predicts the acoustic encoding, using paralinguis-422

tic encoding as input to complement the semantic423

information. This approach helps the model learn424

pure semantic and paralinguistic representations.425

Consequently, SecoustiCodec achieves superior re-426

sults in both subjective MUSHRA scores and objec-427

tive reconstruction metrics such as PESQ, EmoSim,428

LSD, F0, MR, and WER. It is important to note429

that these results are obtained under challenging430

conditions, including the use of a causal structure,431

single-codebook encoding, high compression rates,432

and limited training data.433

4.3 Ablation Studies434

As shown in Table 2, we conduct extensive abla-435

tion experiments to validate various aspects of our436

model. Regarding quantization methods, Secousti-437

Codec outperforms other models, such as Secousti-438

SimVQ, Secousti-VQ, and Secousti-FSQ, across439

all metrics except MSEP, demonstrating the supe-440

riority of the VAE-FSQ quantization method. We441

also compare the codebook utilization of different442

quantization methods, with detailed distribution443

plots provided in Figure 5 of Appendix C. As il-444

lustrated, VAE-FSQ achieves the highest codebook445

utilization (98.06%) with a uniform distribution,446

significantly minimizing the long-tail effect com-447

pared to VQ-VAE and SimVQ. Additionally, VAE-448

FSQ minimizes the long-tail effect, with most to-449

ken frequencies below 0.2%, which aids language450

model training in TTS and voice dialogue tasks.451

In terms of causal structure, we observe that re-452

moving the causal constraint (Secousti-VQ w/o453

Causal) yields superior performance in key met-454

rics such as PESQ, MSEP, and WER compared to455

the standard Secousti-VQ. This performance gap456

represents an expected trade-off: non-causal mod-457

els benefit significantly from bidirectional context 458

(access to future information) for precise acoustic 459

reconstruction and phoneme alignment. However, 460

to satisfy the strict low-latency requirements of 461

real-time dialogue systems, SecoustiCodec adopts 462

a fully causal architecture. While this incurs a 463

slight degradation in reconstruction quality com- 464

pared to the non-causal upper bound, it is a nec- 465

essary compromise to enable streaming capability. 466

Regarding pitch features, adding pitch features to 467

Secousti-VQ (Secousti-VQ w/ F0) negatively im- 468

pacts nearly all metrics, particularly MSEP and 469

WER, where it records the worst values among all 470

ablation models. While pitch features aid acoustic 471

modeling, they significantly interfere with semantic 472

modeling capabilities. Concerning the multi-stage 473

training strategy, models that do not employ this 474

strategy, such as Secousti-VQ w/o Stage, Secousti- 475

VQ w/o Causal w/o Stage, Secousti-VQ w/ F0 476

w/o Stage, and Secousti-FSQ-64dim w/o Stage, 477

show significant degradation in all metrics. This 478

is because introducing additional loss terms dur- 479

ing the acoustic modeling stage affects the con- 480

vergence of the Lmel
mse, ultimately reducing the rep- 481

resentational capacity of the generated acoustic 482

embeddings. The presence of the Lacoustic
mse further 483

diminishes the semantic encoding reconstruction 484

ability. Regarding the dimensionality of acoustic 485

embedding, we perform ablation experiments on 486

the Secousti-FSQ structure. Since semantic en- 487

coding is mapped to an 8-dimensional embedding 488

via a linear layer before FSQ, we aim for consis- 489

tent dimensionality in acoustic encoding to reduce 490

modeling complexity. However, we find that the 491

dimensionality of the acoustic embedding signifi- 492

cantly influences the model’s overall capability. As 493

evidenced by Secousti-FSQ-8dim, Secousti-FSQ- 494

64dim, and Secousti-FSQ-256dim, increasing the 495

acoustic embedding dimension improves all met- 496

rics. Ultimately, we select 256 as the acoustic en- 497

coding dimension for SecoustiCodec. 498

Table 4: Results of VC

Model SpkSim↑ EmoSim↑ WER↓
SecoustiCodec-ASR-Loss 0.64 0.69 10.51
SecoustiCodec 0.71 0.86 11.58
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4.4 Semantic-Paralinguistic Disentangle and499

Single-Speaker500

We have added frame-level ablation experiments501

for ASR loss. For fairness, we replaced frame-level502

contrastive learning with frame-level phoneme clas-503

sification loss (Secousti-ASR-Loss). To demon-504

strate the effect of semantic decoupling, we vali-505

dated this on the VC task (replacing Paralinguis-506

tic Embedding at the decoder stage). As shown507

in Table 4, compared to ASR loss, frame-level508

contrastive loss achieved higher speaker similar-509

ity and emotional consistency, but Secousti-ASR510

performed better on the WER metric. Compared to511

methods that use ASR loss, frame-level contrastive512

learning demonstrates a stronger ability to incorpo-513

rate cross-modal textual information for semantic514

disentanglement. Visualization of the synthesized515

spectrograms, F0 contours, and energy profiles can516

be found in Figure 4 in Appendix C. As shown in517

the visualization, the synthesized speech exhibits518

strong alignment with the target paralinguistic at-519

tributes across multiple frequency domains, demon-520

strating the effectiveness of our disentanglement521

strategy. This is attributed to the disentanglement522

of paralinguistic information in the semantic en-523

coding and the paralinguistic modeling capability524

of the paralinguistic encoder in SecoustiCodec.525

We conduct additional experiments in a single-526

speaker scenario. In tasks such as TTS and voice-527

based dialogue, it is often sufficient to use the tim-528

bre of a single target speaker. In practical applica-529

tions, a decoder specifically trained for the target530

speaker is commonly used to enhance audio quality,531

speaker consistency, and expressiveness. As shown532

in Table 3, the fine-tuned single-speaker model533

achieves high performance across all metrics.534

5 Analysis535

We analyze the intrinsic properties of Secousti-536

Codec representations and their potential advan-537

tages over traditional multi-codebook approaches:538

Sequence Compactness. Multi-codebook mod-539

els (e.g., Encodec) typically rely on 8 parallel540

codebooks, which necessitates either hierarchical541

modeling or flattening strategies that drastically in-542

crease sequence length. By achieving high-fidelity543

reconstruction with a single codebook, Secousti-544

Codec offers an 8× reduction in token count com-545

pared to flattened RVQ. Since Transformer com-546

plexity scales quadratically with sequence length,547

our compact representation provides a computa- 548

tionally efficient foundation for future autoregres- 549

sive modeling, reducing the overhead of processing 550

long speech contexts. 551

Disentanglement for Controllability. In stan- 552

dard codecs, semantic tokens often exhibit leakage 553

of speaker-specific details (e.g., pitch), entangling 554

content with timbre. While we leave downstream 555

LLM training for future work, our analysis sug- 556

gests that such entanglement forces models to learn 557

redundant acoustic patterns. By explicitly purg- 558

ing paralinguistic variance via contrastive learning, 559

SecoustiCodec produces speaker-agnostic semantic 560

tokens. This structural disentanglement theoreti- 561

cally simplifies the modeling task for downstream 562

systems, as they can focus solely on linguistic con- 563

tent generation while offloading timbre control to 564

the global paralinguistic embedding. 565

Codebook Utilization Efficiency. High code- 566

book utilization is a desirable property for discrete 567

representations, ensuring maximum information 568

capacity. As shown in Figure 5 (Appendix C), 569

methods like VQ-VAE often suffer from "codebook 570

collapse," where a large portion of the vocabulary 571

remains unused. In contrast, our VAE-FSQ strategy 572

achieves 98.06% utilization with a near-uniform 573

distribution. This high perplexity suggests that Sec- 574

oustiCodec effectively exploits the discrete latent 575

space, reducing representational redundancy. 576

6 Conclusion 577

We presented SecoustiCodec, a streaming speech 578

codec that achieves state-of-the-art reconstruction 579

fidelity at low bitrates (0.27/1 kbps) using a sin- 580

gle codebook. By leveraging cross-modal con- 581

trastive learning and a novel VAE-FSQ quanti- 582

zation scheme, we successfully disentangled se- 583

mantic content from paralinguistic attributes while 584

maintaining high codebook utilization (98.06%). 585

The introduction of explicit paralinguistic model- 586

ing ensures semantic completeness without com- 587

promising acoustic detail. Future work will fo- 588

cus on exploring unsupervised disentanglement to 589

eliminate the dependency on labeled text-speech 590

pairs and extending the model’s adaptability to low- 591

resource languages beyond English and Chinese. 592
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7 Limitations593

While SecoustiCodec demonstrates promising re-594

sults, several limitations remain:595

• Dependency on Paired Data: Unlike self-596

supervised methods (e.g., WavLM-based codecs)597

that train on raw audio, our semantic disentan-598

glement relies on text-speech paired data for599

contrastive learning. This dependency limits600

the scale of training data compared to unsuper-601

vised approaches and constrains applicability to602

low-resource languages lacking high-quality tran-603

scriptions.604

• Generalization to Unseen Languages: Our ex-605

periments are conducted primarily on English606

and Chinese datasets. The codebook’s ability to607

represent phonemes or tonal patterns from un-608

seen language families remains unverified, po-609

tentially leading to performance degradation in610

cross-lingual scenarios.611

• Trade-off in Causal Modeling: To enable612

streaming capabilities, we adopt a strictly causal613

architecture. As observed in our ablation studies,614

this introduces a slight degradation in reconstruc-615

tion quality compared to non-causal variants that616

utilize bidirectional context.617

8 Ethical Considerations618

The development of high-fidelity, disentangled619

speech codecs raises potential ethical concerns re-620

garding misuse:621

• Voice Cloning and Deepfakes: SecoustiCodec622

explicitly decouples timbre (paralinguistic) from623

content. While this benefits Voice Conversion624

(VC) and TTS, it also lowers the barrier for gen-625

erating unauthorized voice clones or deepfakes.626

Malicious actors could potentially use the dis-627

entangled paralinguistic encoder to synthesize628

misleading audio resembling specific individu-629

als.630

• Mitigation Strategies: We strongly condemn the631

misuse of this technology. We advocate for the632

integration of invisible watermarking techniques633

in the decoding stage for future deployments.634

• Bias in Training Data: The datasets used (Lib-635

riTTS, AISHELL-3) may contain demographic636

biases. The model might underperform for speak-637

ers with accents, dialects, or speech impediments638

not well-represented in the training corpora.639
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A Related work801

A.1 Neural Codec802

Discretized vector quantization(VQ-VAE)(Van803

Den Oord et al., 2017) has become a fundamen-804

tal component for compression in codecs(Gârbacea805

et al., 2019). The introduction of residual vector806

quantization (RVQ)(Zeghidour et al., 2021) enables807

high-quality audio compression with scalable bi-808

trates. Current codecs are categorized into acoustic809

coding codecs (such as Encodec(Défossez et al.,810

2022), SoundStream(Zeghidour et al., 2021), and811

SNAC(Siuzdak et al., 2024)) and semantic dis-812

entanglement codecs (such as FACodec(Ju et al.,813

2024), SpeechTokenizer(Zhang et al., 2023a), Mim-814

iCodec(Défossez et al., 2024), VQ-CTAP(Qiang815

et al., 2025) and SemantiCodec(Liu et al., 2024)).816

Many single-codebook codec models are also pro-817

posed, such as WavTokenizer(Ji et al., 2024), Big-818

Codec(Xin et al., 2024) and TAAE(Parker et al.,819

2024). Methods such as FACodec, SpeechTok-820

enizer, and MimiCodec supervise the semantic en-821

coding only in the first-dimensional VQ space, of-822

ten incorporating ASR tasks(Ganin and Lempit-823

sky, 2015) or distillation tasks from Hubert(Hsu824

et al., 2021)/ WavLM(Chen et al., 2022). However,825

the representations from Hubert/ WavLM are not826

purely semantic and contain significant residual827

paralinguistic information. These models combine828

semantic encodings with other encodings during829

the decoding stage to reconstruct speech. This ap-830

proach limits the disentanglement and reconstruc-831

tion capability of the semantic encoding itself. In832

TTS tasks, there is no requirement for streaming833

in speech encoding. However, for voice-based834

dialogue tasks(Défossez et al., 2024), streaming835

speech encoding is essential. Among the meth-836

ods mentioned, SoundStream, Encodec, and Mimi-837

Codec support streaming encoding and decoding838

through causal structures.839

A.2 Contrastive Learning840

Contrastive learning works by differentiating a tar-841

get sample (positive) from distractor samples (neg-842

atives) based on an anchor representation. The843

objective is to maximize the similarity between the844

anchor and positive samples while minimizing the845

similarity between the anchor and negative sam-846

ples. This approach has been widely applied in847

the field of computer vision, with notable exam-848

ples such as Open AI’s CLIP(Radford et al., 2021),849

Florence(Yuan et al., 2021), and ALIGN(Jia et al.,850

2021). In the audio field, CLIP-based models have 851

also been developed, including Wav2CLIP(Wu 852

et al., 2022), AudioCLIP(Guzhov et al., 2022), and 853

CLAP(Elizalde et al., 2023). These models fo- 854

cus on extracting global descriptive information 855

from audio, with the primary goal of improving 856

the performance of downstream audio classifica- 857

tion tasks. The downstream tasks applied in the 858

experimental parts of these studies are primarily 859

speech classification tasks, such as sound event 860

classification, instrument classification, acoustic 861

scene classification, emotion recognition, keyword 862

spotting, vocal sound classification, and speaker 863

counting. Since the global features extracted by 864

these methods lose temporal information, they can- 865

not be converted back into frame-level acoustic 866

features. VQ-CTAP(Qiang et al., 2025) is a frame- 867

level speech representation model based on con- 868

trastive learning. However, it does not support 869

streaming encoding and decoding. 870

B Subjective Evaluation Details 871

To rigorously assess the perceptual quality of the 872

synthesized speech, we conducted a subjective lis- 873

tening test following the MUSHRA (Multiple Stim- 874

uli with Hidden Reference and Anchor) protocol. 875

Participants. We recruited 20 volunteer listeners. 876

The participants were provided with high-quality 877

headphones and instructed to perform the test in a 878

quiet environment. 879

Procedure and Instructions. The test was con- 880

ducted using a web-based MUSHRA interface. Par- 881

ticipants were asked to rate the quality of each sam- 882

ple on a scale from 0 to 100, considering factors 883

such as: 884

• Signal Quality: The presence of artifacts, noise, 885

or distortion. 886

• Intelligibility: The clarity and pronunciation of 887

the speech. 888

Participants were explicitly instructed to rate the 889

hidden reference as 100. We filtered out responses 890

from participants who failed to rate the hidden ref- 891

erence above 95 to ensure data quality. The final 892

MUSHRA scores reported in Table 1 are the av- 893

erage scores across all valid participants and test 894

samples. 895

C Algorithm and Visualizations 896
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Figure 4: The Spectrograms, F0, and Energy of synthesized speech (the same semantic coding combining different
paralinguistics). The bottom row is the ground-truth. The synthesized speech and the paralinguistic speech exhibit
consistency in the numerical range and variation trends of spectrogram, F0, and energy.

Algorithm 1 Acoustic-Constrained Multi-Stage Optimization
Initialize step, stage1end, klparastart, kl

para
end , klparaupper ,

klsemantic
start , klsemantic

end , klsemantic
upper , α, β

for each training step do
if step ≤ stage1end then

Train Speech Encoder, Acoustic Projection & Speech Decoder with Lmel
mse

else
Freeze modules from Stage 1
Ltotal ← αLacoustic

mse + βLcontrastive

if step > klparastart then
γ ← klparaupper ·min(1,

step−kl
para
start

kl
para
end

−kl
para
start

)

Ltotal ← Ltotal + γLpara
kl

end if
if step > klsemantic

start then
δ ← klsemantic

upper ·min(1,
step−klsemantic

start

klsemantic
end

−klsemantic
start

)

Ltotal ← Ltotal + δLsemantic
kl

end if
Train Phoneme Encoder, Paralinguistic Encoder, Semantic Projector & Connector with Ltotal

end if
end for
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• VQ-VAE
• Codebook Size = 8192
• Codebook Utilization Rate: 9.7%

• SimVQ
• Codebook Size = 8192
• Codebook Utilization Rate: 8.61%

• VAE+FSQ
• Codebook Size = 6561
• Codebook Utilization Rate: 98.06%

• FSQ
• Codebook Size = 6561
• Codebook Utilization Rate: 97.41%

Figure 5: Codebook Utilization.
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