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Abstract001

Recent advances in unified multimodal mod-002
els indicate a clear trend towards comprehen-003
sive content generation. However, the audi-004
tory domain remains a significant challenge,005
with music and speech often developed in006
isolation, hindering progress towards univer-007
sal audio synthesis. This separation stems008
from inherent task conflicts between seman-009
tic speech and structural music modeling, and010
severe data imbalances, which impede the de-011
velopment of a truly unified model. To ad-012
dress these challenges, we propose UniMoE-013
Audio, a unified speech and music generation014
model built upon a novel Dynamic-Capacity015
Mix-of-Experts (DCMoE) framework. Archi-016
tecturally, UniMoE-Audio extends the conven-017
tional MoE paradigm by introducing a Top-P018
routing strategy for adaptive capacity alloca-019
tion. To tackle data imbalance, we introduce a020
three-stage training curriculum: 1) Independent021
Specialist Training leverages original datasets022
to instill domain-specific knowledge into each023
specialists without interference; 2) MoE Inte-024
gration and Warmup incorporates these spe-025
cialists into the UniMoE-Audio architecture,026
warming up the gate module and shared expert027
using a subset of balanced dataset; and 3) Syn-028
ergistic Joint Training trains the entire model029
end-to-end on the fully balanced dataset, foster-030
ing enhanced cross-domain synergy. Extensive031
experiments show that UniMoE-Audio not only032
achieves state-of-the-art performance on major033
speech and music generation benchmarks, but034
also demonstrates superior synergistic learning,035
mitigating the performance degradation typi-036
cally seen in naive joint training. Our findings037
highlight the substantial potential of specialized038
MoE architecture and curated training strate-039
gies in advancing universal audio generation.040

1 Introduction041

A hallmark of human intelligence is the seamless042

ability to perceive, reason, and create across multi-043

ple modalities, effortlessly blending language, vi-044

sion, and audio. Emulating this holistic capabil- 045

ity represents a grand challenge and a core objec- 046

tive in the pursuit of more general artificial intelli- 047

gence. The recent ascendancy of Large Language 048

Models (LLMs) has served as a powerful catalyst, 049

paving the way for unified models that can under- 050

stand and generate content across these diverse data 051

streams (Alayrac et al., 2022). Significant progress 052

has been made in systems that jointly process text, 053

images, video, and even speech within a single 054

architecture (Zhan et al., 2024; Wu et al., 2025b; 055

Xu et al., 2025; AI et al., 2025; KimiTeam et al., 056

2025; Huang et al., 2025). Nevertheless, a critical 057

imbalance persists in the treatment of the auditory 058

domain. While speech has been a primary focus of 059

integration (KimiTeam et al., 2025; Huang et al., 060

2025), music—a domain of comparable complex- 061

ity and cultural richness—remains largely siloed 062

and excluded from these unified frameworks. This 063

limitation not only hinders the pursuit of univer- 064

sal audio synthesis but also stands as a significant 065

impediment to developing AI with truly compre- 066

hensive multimodal intelligence. 067

The primary obstacle to unifying speech and mu- 068

sic generation stems from two fundamental chal- 069

lenges. The first is task conflict, arising from the 070

divergent objectives of speech and music genera- 071

tion. Fundamentally, speech is primarily semantic, 072

whereas music is primarily structural (Borsos et al., 073

2023). Consequently, the former prioritizes seman- 074

tic intelligibility and speaker identity, while the lat- 075

ter demands the capture of long-term dependencies 076

and complex hierarchies like harmony and rhythm. 077

This divergence creates conflicting optimization 078

pressures within a shared model, where progress on 079

one task can impede the other. Recently, the MoE 080

paradigm has emerged as a promising architecture 081

for mitigating conflicts of multimodal understand- 082

ing (Lin et al., 2024; Li et al., 2025; AI et al., 2025). 083

Despite these advances, its application and further 084

optimization for unified audio generation remain 085
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Figure 1: Performance of UniMoE-Audio. Left: Comparison against specialized baselines reveals the failure of
naive joint training, which causes a clear performance degradation on speech generation and more significant decline
on music generation. In contrast, our UniMoE-Audio yields synergistic gains across both tasks. Right: Radar charts
show UniMoE-Audio achieving the best comprehensive performance against leading models on a wide array of
speech (a) and music (b) metrics.

largely unexplored.086

Beyond task conflict, another major hurdle is087

data imbalance. High-quality, large-scale speech088

corpora are far more abundant than their musical089

counterparts. The detrimental effects of this dis-090

parity are evident in prior work (Yang et al., 2024).091

Consequently, a naive joint training approach often092

allows the data-rich speech task to dominate the093

learning process, resulting in a substantial degra-094

dation in musical quality. Our preliminary exper-095

iments empirically confirm this degradation (Fig-096

ure 1), showing that a jointly trained model per-097

forms significantly worse than specialized models,098

with the performance drop being particularly severe099

for the data-scarce music task. Therefore, the core100

research question we address is: how to overcome101

both task conflict and data imbalance, enabling a102

shared model to master speech and music genera-103

tion synergistically?104

We address these challenges at both the archi-105

tectural and training levels. Architecturally, we106

propose the Dynamic-Capacity Mixture-of-Experts107

(DCMoE) framework to mitigate task conflict.108

Unlike standard MoE models that rely on fixed-109

capacity routing (e.g., top-k), we introduce a Top-P110

routing strategy. This mechanism dynamically ad-111

justs the number of experts allocated to each token112

according to its complexity, thereby enabling more113

flexible expert combinations. Complementing our114

architectural design, we introduce a three-stage115

training curriculum specifically designed to ad-116

dress data imbalance: (1) Independent Specialist117

Training utilizes raw, uncurated datasets to impart118

domain-specific knowledge to each proto-expert in119

isolation. (2) MoE Integration and Warmup in-120

corporates these specialists into the UniMoE-Audio121

framework. We construct a balanced dataset via a 122

rigorous filtering pipeline. Then we warm up the 123

newly initialized router on a subset of this data to 124

ensure stability. (3) Synergistic Joint Training 125

optimizes the entire model on the full balanced 126

dataset, facilitating effective cross-domain knowl- 127

edge transfer. Our main contributions can be sum- 128

marized as follows: 129

• We propose UniMoE-Audio, a unified speech 130

and music generation model built on a novel 131

Dynamic-Capacity Mix-of-Experts architec- 132

ture. By combining a Top-P routing strategy 133

for adaptive capacity allocation, it can effec- 134

tively mitigate the intrinsic task conflict be- 135

tween speech and music generation. 136

• To fully exploit this architecture and tackle 137

data imbalance, we introduce a three-stage 138

training curriculum. It first trains indepen- 139

dent dense specialists on each domain, then 140

integrates their FFN modules as proto-expert 141

into the UniMoE-Audio architecture, and fi- 142

nally performs synergistic joint training on a 143

curated balanced dataset. This enables robust 144

learning from highly imbalanced sources with- 145

out relying on ad-hoc resampling strategies. 146

• Extensive experiments demonstrate that 147

UniMoE-Audio achieves SOTA performance 148

on major speech and music generation bench- 149

marks. In-depth analyses of the dynamic ac- 150

tivation patterns of experts further illuminate 151

how the unified model allocates capacity and 152

coordinates knowledge across diverse audio 153

generation tasks. 154
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2 Related Work155

Domain-Specific Audio Models. Recent advance-156

ments have seen a convergence in speech and music157

generation towards autoregressive modeling over158

discrete audio tokens (Zhang et al., 2023; Huang159

et al., 2023, 2025; Liu et al., 2024). In text-to-160

speech, VALL-E (Chen et al., 2024) pioneered161

the use of neural codec (Défossez et al., 2022)162

for zero-shot synthesis, inspiring subsequent ro-163

bust systems like CosyVoice (Du et al., 2024a) and164

SpearTTS (Kharitonov et al., 2023) which scale165

up training for high-fidelity generation. Parallel166

evolution has occurred in music generation; while167

diffusion models remain active (Agostinelli et al.,168

2023; Evans et al., 2025; Tian et al., 2025a), autore-169

gressive frameworks like MusicGen (Copet et al.,170

2023) and YuE (Yuan et al., 2025) have demon-171

strated superior controllability and long-form gen-172

eration capabilities. While the aforementioned173

studies demonstrate substantial advancements in174

speech and music generation, they primarily fo-175

cus on advancing the state-of-the-art within their176

respective domains. Our work, in contrast, shifts177

the focus from domain-specific excellence to the178

challenge of cross-domain unification, aiming to179

broaden the scope of what autoregressive audio180

models can achieve.181

Unified Audio Generation. Efforts to unify di-182

verse audio tasks into a single framework remain183

nascent. A notable early attempt, UniAudio (Yang184

et al., 2024), proposed a general-purpose model via185

naive joint training but reportedly suffered from186

severe data imbalance, leading to suboptimal per-187

formance on data-scarce tasks like music. More188

recently, AudioX (Tian et al., 2025a) explored mul-189

timodal music generation but excluded speech syn-190

thesis, failing to bridge the core gap between se-191

matic and structural audio. In contrast, our work192

focus on addressing the task conflict and data imbal-193

ance of unified audio generation. Instead of naive194

joint training, we introduce a DCMoE architecture195

and a three-stage curriculum, aiming to provide a196

more principled and effective pathway toward truly197

unified and high-fidelity audio generation198

3 UniMoE-Audio199

We present UniMoE-Audio, a unified generative200

framework designed to synthesize high-fidelity201

speech and music from multimodal inputs, includ-202

ing text, audio, and video. As illustrated in Fig-203

ure 2, the cornerstone of our architecture is the204

Dynamic-Capacity Mix-of-Experts framework. 205

This framework not only leverage MoE paradigms 206

for handle task conflict between speech and music, 207

and also introduce a Top-P routing strategy that 208

adaptively allocates the number of experts based 209

on token processing difficulty. 210

3.1 Input Representation and Tokenization 211

Audio Tokenization. Following established prac- 212

tices in audio generation, we employ a neural audio 213

codec to transform continuous waveforms into a se- 214

quence of discrete acoustic tokens. Specifically, we 215

utilize the DAC codec (Kumar et al., 2023), which 216

represents each audio frame using a multi-channel 217

codebook. Unlike some works (Défossez et al., 218

2024; Yang et al., 2024) that employ the Depth 219

Transformer to predict tokens for each channel se- 220

quentially, we adopt a more parameter-efficient 221

approach. Our model predicts all channels with 222

a multi-head output layer. This design avoids 223

the introduction of additional sequential modules, 224

thereby reducing the overall parameter count and 225

computational latency. 226

Visual Embedding. To process visual inputs (e.g., 227

from video), we follow the Qwen-VL (Wang et al., 228

2024), using a Visual Transformer (ViT) to encode 229

the input image into patches. These visual features 230

are then mapped into the language model’s embed- 231

ding space via a projector module, yielding a se- 232

quence of soft visual tokens that can be seamlessly 233

integrated with text and audio representations. 234

3.2 Top-P Routing 235

A primary limitation of conventional MoE models 236

is their static Top-K routing strategy, which allo- 237

cates a fixed number of experts to each token. This 238

approach is computationally sub-optimal, as it may 239

over-allocate computational resources to simple 240

tokens while under-powering complex ones that 241

require more extensive processing. To address this, 242

we introduce a Top-P routing mechanism that dy- 243

namically allocates the number of activated experts 244

for each token based on the routing probability of 245

the router module. 246

Given an input tensor X ∈ RN×d for an FFN 247

layer, where N is the sequence length and d is the 248

hidden dimension, a linear module first computes 249

the gating probabilities for all E experts: 250

P = Softmax(XWg), (1) 251

where Wg ∈ Rd×E is the trainable gating matrix 252
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Figure 2: An overview of the UniMoE-Audio framework. Left: UniMoE-Audio is a unified model capable of
performing speech and music generation by leveraging multimodal conditional inputs, including Voice Cloning,
Text-to-Speech (TTS), Text-to-Music (T2M), and Video-to-Music (V2M). Center: The core architecture of our
model is a Transformer with Dynamic-Capacity MoE layers. Right: We propose a novel Top-P routing , which
dynamically selects the number of experts allocated to each token based on their processing difficulty.

and P ∈ RN×E represents the probability distribu-253

tion over experts for each token.254

We interpret this distribution P as the router’s255

confidence. The objective is to select the smallest256

set of experts whose cumulative probability ex-257

ceeds a predefined threshold p, thereby balancing258

computational cost and predictive accuracy. This259

can be formulated as finding an index set I for each260

token such that:261

I = argmin
I′

|I ′| s.t.
∑
i∈I′

Pi ≥ p. (2)262

To solve this, we employ the Top-P sampling algo-263

rithm, sorting expert probabilities in descending or-264

der and selecting the smallest set whose cumulative265

sum exceeds the threshold P . The experts included266

in this sum are selected for computation. This267

approach naturally links the number of selected ex-268

perts to the complexity of token, which is reflected269

in the router’s probability distribution: low-entropy270

distributions correspond to simpler tokens, while271

high-entropy ones indicate more complex tokens272

requiring more experts.273

The final output of the MoE layer is a weighted274

sum of the outputs from the selected experts, where275

the weights are the normalized gating probabilities:276

O =
∑
i∈I

Pi∑
j∈I Pj

Ei(X), (3)277

where I is the set of selected expert, and Ei(X) is 278

the output of the i-th expert. 279

4 Training 280

The successful unification of speech and music gen- 281

eration hinges not only on the model architecture 282

but also on a training strategy that can effectively 283

navigate the challenges of data imbalance and task 284

conflict. To this end, we devise a comprehensive 285

approach encompassing both rigorous data gover- 286

nance and a three-stage training curriculum. 287

4.1 Training Data 288

Raw Multitask Corpus. We first construct a large- 289

scale raw corpus covering four generation tasks: 290

Mandarin Text-to-Speech, English Text-to-Speech, 291

Text-to-Music, and Video-to-Music. Overall statis- 292

tics are given in Table 2. For speech, we start from 293

in-house studio-quality human recordings and then 294

expand the corpus by speaker-cloning synthesis. 295

Concretely, about 20% of the utterances are real 296

recordings, and the remaining 80% are generated 297

with CosyVoice2 (Du et al., 2024b). Most speech 298

clips have durations between 3 and 10 seconds. 299

For music, we collect audio from open-source mu- 300

sic datasets and segment long tracks into fixed 20- 301

second clips. Each clip is paired with a textual de- 302

scription produced by Gemini-2.5-Flash, providing 303
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Name Task Architecture Activated Param Total Param

Expert-ZhTTS Mandarin TTS Dense 3.1B 3.1B
Expert-EnTTS English TTS Dense 3.1B 3.1B
Expert-T2M Text to Music Dense 3.1B 3.1B
Expert-V2M Video to Music Dense 3.1B 3.1B
Unify-Dense Unify Audio Generation Dense 7.1B 7.1B
UniMoE-Audio Unify Audio Generation DCMoE Avg: 4.8B (Min: 2.8B, Max: 5.9B) 7.1B

Table 1: Model configurations and parameters of all model variants used in our main experiments.

Task Datasets Number Duration

Speech Synthesis Mandarin TTS 180K 20K
English TTS 100K 10K

Text-to-Music
FMA (Defferrard et al., 2017) 106K 8.2K
MusicNet (Thickstun et al., 2017) 320 37
MU2Gen (Liu et al., 2024) 22K 1.2K

Video-to-Music V2M (Tian et al., 2025b) 20K 600

Table 2: Overview of datasets used in different tasks
with instance number and duration (hours).

captions for both T2M and V2M scenarios. This304

raw corpus serves as the foundation from which we305

later derive a smaller, curated subset.306

Quality Filtering and Curated Subset. On top of307

the raw corpus, we build a high-quality, integrated308

dataset through an automatic filtering pipeline. For309

Mandarin TTS and English TTS, we compute UT-310

MOS (Saeki et al., 2022) scores and discard sam-311

ples whose perceptual quality falls below a prede-312

fined threshold. For T2M and V2M, we estimate313

Aesthetic Quality (Tjandra et al., 2025) for the au-314

dio and semantic similarity scores between audio315

and text using CLAP (Wu et al., 2023), and remove316

clips with low aesthetic quality or poor audio–text317

alignment. From the remaining data, we select a318

moderate-scale subset that is approximately bal-319

anced across the four tasks, resulting in about 60K320

high-quality samples in total. By fine-tuning on this321

curated subset, we can prevent the model from be-322

coming biased toward data-rich speech tasks while323

fostering genuine cross-domain synergy.324

4.2 Three-stage Training Curriculum325

A naive joint training approach on the imbal-326

anced dataset would inevitably lead to the data-327

rich speech task dominating the learning process.328

Conversely, simple up-sampling or down-sampling329

from the outset either sacrifices data diversity or330

discards valuable resources. To systematically cir-331

cumvent this dilemma, we propose a three-stage332

training curriculum, designed to decouple large333

scale task-specific learning from synergistic opti-334

mization335

Independent Specialist Training. The primary 336

objective of this stage is to mitigate task conflict 337

at its source and maximize data utilization. We 338

leverage the full, imbalanced raw datasets to train 339

separate, dense models for each task, as listed in Ta- 340

ble 1. This complete isolation allows each model to 341

master its domain-specific knowledge without inter- 342

ference from other tasks. This process effectively 343

injects specialized knowledge into the parameters 344

of each future expert, pre-assigning their intended 345

function before they are integrated. 346

MoE Integration and Warmup. We then integrate 347

these specialists into the UniMoE-Audio frame- 348

work. Specifically, the FFN blocks of the special- 349

ists serve as the proto-expert. Shared components 350

(e.g., attention modules) are initialized by averag- 351

ing parameters across all dense specialist, while 352

the vision encoder is inherited directly from the 353

V2M specialist. To prevent catastrophic forgetting, 354

we initially freeze the pre-trained experts. We then 355

exclusively train the router on the balanced dataset. 356

This warmup step enables the router to learn ef- 357

fective dispatching policies based on the experts’ 358

existing specializations. 359

Synergistic Joint Training. Finally, we unfreeze 360

the entire model for end-to-end fine-tuning on the 361

balanced dataset. To ensure routing efficiency, we 362

apply an auxiliary load-balancing loss with a lin- 363

early decaying weight. This annealing strategy ini- 364

tially encourages exploration through balanced ex- 365

pert usage, then gradually shifts focus to exploiting 366

learned routing patterns for maximizing generation 367

performance. 368

5 Experiments 369

5.1 UniMoE-Audio Setting 370

Table 1 summarizes the specifications of all model 371

variants evaluated in our experiments, including: 372

Specialist Baselines: We employ four task- 373

specific dense models (Expert-ZhTTS, Expert- 374

EnTTS, Expert-T2M, and Expert-V2M), each with 375
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Method SeedTTS-EN SeedTTS-ZH LibriSpeech AISHELL-3

WER↓ UTMOS↑ SIM↑ CER↓ UTMOS↑ SIM↑ WER↓ UTMOS↑ CER↓ UTMOS↑

UniAudio (Tian et al., 2025a) 7.2 3.46 0.40 - - - 20.2 3.26 - -
Mini-CPM-O-2.6 (Yao et al., 2024) 3.4 3.49 0.36 13.0 2.94 0.47 11.1 3.76 13.1 3.30
Qwen2.5-Omni (Xu et al., 2025) 2.1 4.16 - 1.6 3.28 - 7.6 4.19 2.5 3.38
Step-audio (Huang et al., 2025) 2.2 3.84 0.52 1.0 3.23 0.62 5.0 4.37 2.7 3.69
Step-audio 2 mini (Wu et al., 2025a) 1.6 4.22 0.47 1.6 3.40 0.63 3.5 4.35 3.2 4.00
Higgs audio V2 (Boson AI, 2025) 1.0 4.00 0.67 0.8 3.27 0.73 3.6 4.26 5.9 3.89
MiMo (Xiaomi, 2025) 4.6 3.06 - 1.0 2.35 - 7.3 2.83 6.9 2.32

Expert-EnTTS 2.5 3.57 0.48 - - - 6.3 3.46 - -
Expert-ZhTTS - - - 3.5 3.25 0.58 - - 4.8 3.47
Unify-Baseline 3.1 2.62 0.43 4.8 2.96 0.49 7.9 2.55 5.3 2.73
UniMoE-Audio 1.3 4.36 0.64 0.8 3.78 0.67 3.4 4.46 1.0 4.13

Table 3: Performance on English and Mandarin speech synthesis benchmarks. The best performance for each metric
is highlighted in bold, and the second best is underlined. ↑ indicated higher is better. WER and CER measure
content intelligibility, UTMOS measure perceptual quality, and SIM measure speaker similarity.

3.1B parameters and initialized from Qwen2.5-VL.376

These models are trained on their respective tasks.377

They serve a dual purpose: acting as the proto-378

experts for DCMoE and providing a performance379

benchmark for dedicated, single-task systems.380

Unify-Dense: To isolate the benefits of our DC-381

MoE architecture from mere parameter scaling, we382

propose Unify-Dense. Unify-Dense is developed383

base on Qwen-2.5-VL, designed to match the total384

parameter count of our primary UniMoE-Audio385

model but is trained via standard joint training on386

the combined dataset.387

UniMoE-Audio: Our primary model, built upon388

the Qwen2.5-VL architecture with a total of 7.1B389

parameters. It features our DCMoE with Top-P390

routing (p = 0.7). As detailed in Table 1, while391

the total capacity is large, the number of activated392

parameters varies dynamically based on token com-393

plexity, averaging approximately 4.8B (ranging394

from 2.8B to 5.9B).395

5.2 Implementation Details396

We employ the AdamW (Loshchilov and Hutter,397

2019) optimizer in conjunction with a cosine learn-398

ing rate scheduler across all training stages. Subse-399

quently, in the independent specialist training stage,400

we utilize 48 Ascend 910B2 GPUs, with a global401

batch size of 48 and a base learning rate of 1e-4.402

In the warmup stage, we utilize 196 Ascend 910B403

GPUs for training, with a global batch size of 784404

and a base learning rate of 3e-5. Finally, in the405

synergistic joint training stage, we utilize 196 As-406

cend 910B GPUs, with a global batch size of 3136407

and a base learning rate of 1e-5. We adopt expert408

parallelism with four-way partitioning, meaning409

only one routed expert are loaded on each GPU.410

For inference, we employ greedy sampling for both411

text and speech token generation. We evaluate our 412

model with three random seed and report their av- 413

erage performance. 414

5.3 Evaluation Setting 415

Speech Synthesis. For speech synthesis, we follow 416

the setting of Seed-TTS (Anastassiou et al., 2024) 417

and evaluate models on both English and Mandarin 418

benchmarks, focusing on three primary aspects: 419

content consistency, speaker similarity, and percep- 420

tual quality. Our evaluation benchmark includes 421

the Seed-TTS test set, the LibriSpeech test-clean 422

set (Panayotov et al., 2015), and AISHELL-3 (Shi 423

et al., 2021). For content intelligibility and percep- 424

tual quality, we utilize a predefined voice prompt to 425

isolate the model’s generative quality from prompt 426

variations. 427

• Content Consistency is measured by Word 428

Error Rate (WER) for English and Character 429

Error Rate (CER) for Mandarin, computed 430

with the Whisper-large-v3 (Radford et al., 431

2023) and Paraformer-zh (Gao et al., 2022) 432

as ASR engines, respectively. 433

• Perceptual Quality is assessed using UT- 434

MOS (Saeki et al., 2022) as an objective proxy 435

for subjective human ratings. 436

• Speaker Similarity is quantified by the cosine 437

similarity of speaker embeddings extracted 438

from a fine-tuned WavLM model, following 439

the methodology of Seed-TTS. 440

Music Generation. For music generation, we eval- 441

uate both T2M and V2M tasks, assessing semantic 442

alignment, audio quality, and aesthetic quality. The 443

T2M task is evaluated on MusicCaps (Agostinelli 444

et al., 2023) and V2M-bench(Tian et al., 2025b), 445
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Dataset Method Task PC↑ PQ↑ CE↑ CLAP↑ KL↓ CLaMP3↑ IS↑ FAD↓

MusicCap

YuE (Yuan et al., 2025) T2M 3.45 7.25 5.84 0.18 2.12 0.09 2.09 9.02
Stable Audio Open 1.0 (Evans et al., 2025) T2M 3.70 7.29 6.02 0.30 1.44 0.11 2.74 3.72
AudioX (Tian et al., 2025a) T2M 5.00 6.67 6.14 0.25 1.20 0.12 3.02 1.64
MusicGen (Copet et al., 2023) T2M 4.78 7.37 6.57 0.26 1.21 0.10 1.68 7.02
MUMU-LLAMA (Liu et al., 2024) T2M 5.15 7.71 6.87 0.20 1.27 0.10 1.44 8.57

Expert-T2M T2M 5.52 6.67 6.23 0.20 1.41 0.10 1.38 7.52
Unify-Baseline T2M 5.40 6.52 5.79 0.11 1.43 0.07 1.16 8.72
UniMoE-Audio T2M 6.17 7.89 7.34 0.34 1.25 0.15 2.87 3.43

V2M-bench

YuE (Yuan et al., 2025) T2M 3.78 7.25 6.01 0.15 1.27 0.13 1.79 4.29
Stable Audio Open 1.0 (Evans et al., 2025) T2M 3.41 7.46 5.69 0.34 1.91 0.16 3.13 2.94
AudioX (Tian et al., 2025a) T2M 4.60 7.30 6.06 0.30 2.12 0.11 3.64 4.26
MusicGen (Copet et al., 2023) T2M 4.64 7.37 6.24 0.28 1.27 0.15 1.70 3.39
MUMU-LLAMA (Liu et al., 2024) T2M 5.19 7.73 6.75 0.17 0.92 0.13 1.42 2.54

Expert-T2M T2M 5.40 6.77 6.51 0.25 1.70 0.15 1.85 3.81
Unify-Baseline T2M 5.25 6.59 5.30 0.23 1.99 0.15 1.23 5.81
UniMoE-Audio T2M 5.91 7.58 6.85 0.38 1.04 0.19 2.31 3.14

V2M-bench

AudioX (Tian et al., 2025a) V2M 4.44 7.44 6.06 - 1.8 - 3.14 2.94

Expert-V2M V2M 5.14 7.34 6.71 - 1.89 - 2.34 4.45
Unify-Baseline V2M 4.98 5.47 4.13 - 1.95 - 1.62 6.48
UniMoE-Audio V2M 5.88 7.52 6.85 - 1.69 - 3.34 2.91

Table 4: Performance on text-to-music and video-to-music generation benchmarks. The best performance is
highlighted in bold, and the second best is underlined. ↑ indicated higher is better. PC, PQ, and CE measure the
aesthetic quality. CLAP and CLaMP3 measure semantic alignment between the description and generated music.
KL and FAD assess audio quality against reference tracks , while IS assess audio diversity.

and the V2M task is evaluated on V2M-bench. No-446

tably, to align with the setting of MusicCap, all447

video and audio samples from V2M-Bench are seg-448

mented into 10-second clips.449

• Semantic Alignment between text and au-450

dio is measured using CLAP score (Wu et al.,451

2023). To provide a more robust assessment,452

we also report the CLaMP3 score (Wu et al.,453

2025c), which leverages a more advanced mul-454

tilingual framework.455

• Audio Quality and Diversity are evaluated456

using a suite of metrics: Fréchet Audio Dis-457

tance (FAD) with OpenL3 embeddings (Kil-458

gour et al., 2019), Kullback-Leibler (KL)459

divergence based on PaSST (Koutini et al.,460

2022), and Inception Score (IS).461

• Aesthetic Quality is evaluated using three462

specialized metrics from Tjandra et al. (2025):463

Production Complexity (PC), Production464

Quality (PQ), and Content Enjoyment (CE).465

5.4 Overall Performance466

We conducted a comprehensive evaluation of467

UniMoE-Audio against state-of-the-art specialized468

models and strong baselines. As detailed in Table 3469

and Table 4, our results demonstrate that UniMoE-470

Audio achieve superior performance across both471

speech and music domains, overcoming the inter- 472

ference associated with multi-task learning, 473

Takeaway 1: UniMoE-Audio achieves SOTA 474

speech synthesis with remarkable data efficiency. 475

UniMoE-Audio demonstrates exceptional capabili- 476

ties in speech synthesis, setting a new benchmark 477

on SeedTTS-EN with a UTMOS of 4.36 and a 478

WER of 1.3. Notably, this performance is achieved 479

using only 280K hours of data, rivaling dedicated 480

systems trained on 10M hours (e.g., Higgs Audio 481

V2). This underscores the high data efficiency and 482

strong representational power of our unified archi- 483

tecture. 484

Takeaway 2: The model excels in generating aes- 485

thetically superior and semantically aligned mu- 486

sic. In the music domain (Table 4), UniMoE-Audio 487

consistently prioritizes aesthetic quality. It obtains 488

the highest scores across all aesthetic metrics (PC, 489

PQ, CE) for both T2M and V2M tasks, indicating a 490

superior ability to produce rich, enjoyable musical 491

content. Furthermore, the model achieves precise 492

semantic alignment, evidenced by leading CLAP 493

and CLaMP3 scores. While reference-based met- 494

rics (FAD) are slightly lower, we attribute this to 495

the model’s tendency towards creative generation 496

rather than mere imitation. 497

Takeaway 3: The DCMoE architecture is critical 498

for resolving task conflict and data imbalance. 499

A direct comparison with the Unify-Dense reveals 500

7



Method TTS Music

WER↓ UTMOS↑ PQ↑ CE↑

UniMoE-Audio 2.2 3.97 7.54 7.39

Unify-MoE 3.1 3.63 7.47 7.24

w/o Initialization 8.9 3.31 5.32 5.19

Confidence-Threshold:
p = 0.5 3.7 3.57 7.21 6.56
p = 0.9 2.5 3.85 7.41 7.26

Expert Number:
8 Experts 4.3 3.12 7.00 6.61
16 Experts 11.4 2.09 6.25 5.88

Table 5: Ablation studies of UniMoE-Audio across ar-
chitecture, training algorithm, and hyper-parameter set-
tings in TTS and music generation. The best perfor-
mance is highlighted in bold, and the second best is
underlined. ↑ indicated higher is better.

the necessity of our Dynamic-Capacity MoE de-501

sign. Despite similar parameter counts, the dense502

baseline suffers from catastrophic forgetting, par-503

ticularly on the data-scarce V2M task (PC: 4.98504

vs. 5.88), where the dominant speech task over-505

whelms the music modality. In contrast, UniMoE-506

Audio maintains robust performance across all507

tasks, confirming that our strategy of pre-training508

proto-experts followed by dynamic routing effec-509

tively isolates task-specific knowledge and prevents510

cross-task interference.511

5.5 Ablation Study512

To delve into the contributions from our model ar-513

chitecture, training algorithm, and hyper-parameter514

settings, we conduct a series of ablation studies.515

For lightweight experiment, all models in this sec-516

tion are trained on a randomly sampled 20% subset517

of the full balanced dataset. We report the average518

WER and UTMOS for Seed-TTS-EN and Seed-519

TTS-ZH, along with PQ and CE for MusicCaps520

to evaluate performance across both speech and521

music domains.522

Routing Algorithm Ablation. We first evaluate523

the efficacy of our Top-P routing by comparing it524

with a standard fixed-capacity strategy. The Unify-525

MoE variant employs the conventional Top-2 rout-526

ing strategy. As shown in Table 5, Unify-MoE527

exhibits a clear performance drop compared to528

UniMoE-Audio, with WER increasing from 2.2529

to 3.1 and PQ dropping from 7.54 to 7.33. This530

degradation suggests that a fixed computational531

budget is suboptimal for unified audio generation.532

It likely over-allocates resources to simple tokens533

while under-serving complex ones, whereas our534

Top-P routing adaptively aligns capacity with to-535

ken difficulty. 536

Training Strategy Ablation. We investigate the 537

necessity of our “Independent Specialist Training” 538

phase. The w/o Initialization variant skips the pre- 539

training of proto-experts and directly performs joint 540

training from scratch. The results are catastrophic: 541

WER surges to 8.9, and music metrics plummet 542

(PQ 5.32). This confirms that without the domain- 543

specific knowledge injected into the proto-experts, 544

the router struggles to disentangle the modalities 545

during the early stages of training, leading to severe 546

task interference and optimization difficulties. 547

Hyper-parameters Search. We further explore 548

the impact to the routing threshold p and expert 549

granularity. Regarding the routing strategy, set- 550

ting a lower value p = 0.5 results in a noticeable 551

performance decline due to insufficient capacity 552

allocation. Conversely, increasing the threshold to 553

p = 0.9 forces the activation of nearly all experts, 554

effectively reverting the model to a dense behavior. 555

Since too many experts are simultaneously active, 556

it may negates the benefits of sparse specialization. 557

Finally, we examine the impact of expert quantity 558

by dividing the proto-experts into 8 and 16 smaller 559

experts while maintaining constant parameters. We 560

observe a sharp deterioration in performance as the 561

number of experts increases (e.g., 11.4 WER with 562

16 experts). We attribute this to routing instabil- 563

ity; as the number of experts grows, the probability 564

distribution output by the router tends to become 565

flatter with diminished confidence gaps, rendering 566

the routing selection sensitive to noise, thereby re- 567

duce robustness. 568

6 Conclusion 569

In this paper, we addressed the long-standing chal- 570

lenge of unifying speech and music generation, hin- 571

dered by task conflict and data imbalance. We in- 572

troduced UniMoE-Audio that leverages a dynamic- 573

capacity Mixture-of-Experts architecture to mit- 574

igate task conflict, in conjunction with a three- 575

stage training curriculum to overcome data im- 576

balance. Experiments across diverse benchmarks 577

show that UniMoE-Audio not only matches or sur- 578

passes strong domain-specific baselines, but also 579

enables synergistic learning across audio domains— 580

effectively avoiding the performance degradation 581

observed in naive joint training. Our work provides 582

a robust blueprint for building unified generative 583

audio models, with future directions include the 584

incorporation of a broader range of audio types and 585

the optimization of MoE architecture. 586
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Limitations587

Despite our discoveries and improvements, we588

must acknowledge certain limitations in our work:589

First, regarding long-form audio generation, the590

model occasionally exhibits challenges in main-591

taining rhythmic consistency over extended dura-592

tions. While the underlying architecture excels593

at the short-term semantic coherence required for594

TTS task, adapting this mechanism to capture the595

long-range structural dependencies inherent in mu-596

sical compositions remains unstable. This limita-597

tion may impact the overall listening experience in598

longer musical pieces.599

Second, although the model performs well in600

general music generation, we observe minor insta-601

bilities in complex instruction following. In scenar-602

ios involving fine-grained user prompts, the model603

may not fully capture every specific element or604

constraint specified in the instruction. This can605

occasionally lead to deviations from the intended606

sub-genre or specific stylistic nuances, affecting the607

precision of generation in highly specific musical608

domains.609

Third, while UniMoE-Audio achieves compet-610

itive results in zero-shot voice cloning, its gener-611

alization capability across diverse demographic at-612

tributes shows room for improvement. Specifically,613

the similarity and naturalness of cloned voices can614

vary when handling speakers with distinct accents615

or specific age groups. This variability may impact616

the reliability of voice cloning in specialized appli-617

cations requiring high fidelity across a broad range618

of speaker characteristics.619

These limitations highlight critical directions for620

future work, including designing mechanisms for621

better long-term structural modeling in music, re-622

fining instruction alignment for complex instruc-623

tion, and enhancing the generalization of speaker624

representation to ensure consistent cloning perfor-625

mance.626
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Alexandre Défossez, Jade Copet, Gabriel Synnaeve, and 692
Yossi Adi. 2022. High fidelity neural audio compres- 693
sion. CoRR, abs/2210.13438. 694

9

https://doi.org/10.48550/ARXIV.2301.11325
https://doi.org/10.48550/ARXIV.2301.11325
https://doi.org/10.48550/ARXIV.2301.11325
https://doi.org/10.48550/ARXIV.2506.09344
https://doi.org/10.48550/ARXIV.2506.09344
https://doi.org/10.48550/ARXIV.2506.09344
https://doi.org/10.48550/ARXIV.2506.09344
https://doi.org/10.48550/ARXIV.2506.09344
http://papers.nips.cc/paper_files/paper/2022/hash/960a172bc7fbf0177ccccbb411a7d800-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/960a172bc7fbf0177ccccbb411a7d800-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/960a172bc7fbf0177ccccbb411a7d800-Abstract-Conference.html
https://doi.org/10.48550/ARXIV.2406.02430
https://doi.org/10.48550/ARXIV.2406.02430
https://doi.org/10.48550/ARXIV.2406.02430
https://doi.org/10.1109/TASLP.2023.3288409
https://doi.org/10.1109/TASLP.2023.3288409
https://doi.org/10.1109/TASLP.2023.3288409
https://doi.org/10.1109/TASLP.2023.3288409
https://doi.org/10.1109/TASLP.2023.3288409
https://github.com/boson-ai/higgs-audio
https://github.com/boson-ai/higgs-audio
https://github.com/boson-ai/higgs-audio
https://www.boson.ai/blog/higgs-audio-v2
https://www.boson.ai/blog/higgs-audio-v2
https://www.boson.ai/blog/higgs-audio-v2
https://doi.org/10.48550/ARXIV.2406.05370
https://doi.org/10.48550/ARXIV.2406.05370
https://doi.org/10.48550/ARXIV.2406.05370
https://doi.org/10.48550/ARXIV.2406.05370
https://doi.org/10.48550/ARXIV.2406.05370
http://papers.nips.cc/paper_files/paper/2023/hash/94b472a1842cd7c56dcb125fb2765fbd-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/94b472a1842cd7c56dcb125fb2765fbd-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2023/hash/94b472a1842cd7c56dcb125fb2765fbd-Abstract-Conference.html
https://ismir2017.smcnus.org/wp-content/uploads/2017/10/75_Paper.pdf
https://ismir2017.smcnus.org/wp-content/uploads/2017/10/75_Paper.pdf
https://ismir2017.smcnus.org/wp-content/uploads/2017/10/75_Paper.pdf
https://doi.org/10.48550/ARXIV.2210.13438
https://doi.org/10.48550/ARXIV.2210.13438
https://doi.org/10.48550/ARXIV.2210.13438
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Figure 3: Layer-wise distribution of activated experts
under Top-P routing. The visualization reveals a “dense-
to-sparse” transition, where the model adaptively allo-
cates high computational resources in shallow layers
and shifts towards sparse specialization in deeper lay-
ers.

A Expert Allocation Analysis920

To understand how our model utilizes its dynamic921

capacity, we analyze the distribution of activated922

experts (ranging from 1 to 4) across different layers,923

as visualized in Figure 3. The results reveal a dis-924

tinct “dense-to-sparse” transition in computational925

allocation.926

In the shallow-to-middle layers (e.g., layers927

0–12), the model maintains a high computational928

budget, with the majority of tokens activating 3 or 4929

experts. The reason may be that the model is heav-930

ily engaged in extracting low-level features and931

fusing multimodal contexts at this stage, requiring932

the collective knowledge of most experts. However,933

as information propagates to the deeper layers (e.g.,934

layers 13–27), a clear shift towards specialization935

emerges. The number of activated experts signif-936

icantly decreases, with a growing proportion of937

tokens utilizing only 1 or 2 experts. This suggests938

that as the representations become more abstract939

and disentangled, the model becomes confident940

enough to route tokens to specific, task-dedicated941

experts, thereby pruning unnecessary computation.942

This layer-wise adaptive behavior highlights the943

superiority of our confidence-based routing over944

static Top-K strategies. While Top-K enforces945

a constant cost regardless of complexity, our ap-946

proach allows the model to self-regulate. This con-947

firms that UniMoE-Audio effectively learns a hier-948

archical processing strategy, optimizing the trade-949

off between performance and efficiency.950

B Expert Routing Visualization951

To unravel the internal decision-making process952

of UniMoE-Audio, we visualize the expert rout-953

Figure 4: Training loss for the speech generation task
(top) and music generation task (bottom). The plots
show the transition from the Warmup Training Stage
(blue) to the Synergistic Joint Training Stage (orange).
The solid line represents the moving average of the loss.

ing patterns for the MLP (Figure 5). These fig- 954

ures present detail the task-specific activation ratios 955

(Music vs. Speech) for each expert. Our analysis 956

reveals three profound insights into the model’s 957

emergent behavior. 958

The visualization demonstrates a remarkable 959

equilibrium in expert utilization. Across all lay- 960

ers, the workload is evenly distributed among the 961

four routed experts, preventing the common expert 962

collapse phenomenon where a few experts domi- 963

nate the computation. However, a closer inspection 964

of individual experts reveals a distinct micro-level 965

specialization. Consistent with our initialization 966

strategy, Experts 1 and 2 exhibit a strong prefer- 967

ence for Speech tokens, while Experts 3 and 4 are 968

predominantly activated by Music tokens. This 969

clear division of labor validates the efficacy of 970

our proto-expert specialization: the model success- 971

fully retains the domain-specific priors injected 972

during pre-training, allowing it to route tokens to 973

the most qualified specialists rather than learning 974

from scratch. 975

C Training Dynamic Analysis 976

Figure 4 visualizes the loss trajectories across 977

our three-stage curriculum, offering empirical 978

evidence for the challenges inherent in multi- 979
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Figure 5: Visualization of layer-wise expert routing statistics. Experts 1 and 2 exhibit a predominant activation for
Speech, whereas Experts 3 and 4 specialize in Music.

modal unification. In Stage 1, the distinct loss980

scales—significantly higher for music tasks com-981

pared to speech—highlight the intrinsic disparity982

in task complexity. This gap suggests that naive983

joint training would likely bias optimization toward984

easier tasks, validating our decision to pre-train iso-985

lated specialists. Crucially, the sharp loss reduction986

observed in Stage 3.1 confirms the necessity of987

the warmup phase; it indicates that calibrating the988

routing mechanism is non-trivial and essential for989

aligning the newly integrated Mix-of-Experts lay-990

ers before full adaptation. Finally, the increased991

volatility during Stage 3.2 reflects the persistent992

tension in multi-task optimization. This variance993

underscores the value of our dynamic architecture,994

which absorbs these conflicts through conditional995

computation, preventing the catastrophic interfer-996

ence that typically plagues dense models in such997

heterogeneous landscapes.998
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