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Abstract001

Recent advances in neural song generation have002
enabled high-quality synthesis from lyrics and003
global textual prompts. However, most systems004
fail to model temporally varying attributes of005
songs, severely limiting fine-grained control006
over musical structure and dynamics. To ad-007
dress this, we propose SegTune, a Diffusion008
Transformer-based framework enabling struc-009
tured and fine-grained controllability by allow-010
ing users or large language models (LLMs) to011
specify local musical descriptions aligned to012
song segments. These segment prompts are013
temporally broadcast to corresponding time014
windows, while global prompts ensure stylistic015
coherence. To support precise lyric-to-music016
alignment, we introduce an LLM-based dura-017
tion predictor that autoregressively generates018
sentence-level timestamps in LyRiCs format.019
We further construct a large-scale data pipeline020
for high-quality song collection with aligned021
lyrics and prompts, and propose new metrics to022
evaluate segment alignment and vocal consis-023
tency. Experiments demonstrate that SegTune024
outperforms existing baselines in both musical-025
ity and controllability. Visit our demo page for026
more generated songs of SegTune.027

1 Introduction028

Music and song constitute a powerful medium for029

emotional expression, combining linguistic content030

with rich acoustic and musical structures. Among031

music-related generative tasks, song generation is032

particularly challenging, as it requires the joint syn-033

thesis of vocals and accompaniment conditioned034

on lyrics and high-level control signals. Although035

commercial systems like Suno1 have demonstrated036

expert-level performance, the open-source commu-037

nity for song generation still has considerable room038

for technical advancement.039

Early song generation systems predominantly040

adopt autoregressive (AR) transformers to model041
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long-range dependencies over quantized audio to- 042

kens. Representative approaches such as SongCre- 043

ator (Lei et al., 2024) and MusiCoT (Lam et al., 044

2025) employ a shared token vocabulary for vo- 045

cals and accompaniment, but this design intro- 046

duces modality interference and limits expressive 047

capacity. Subsequent works—including YuE (Yuan 048

et al., 2025), SongGen (Liu et al., 2025b), and 049

LeVo (Lei et al., 2025)—mitigate this issue by mod- 050

eling vocals and accompaniment as separate token 051

sequences. Nevertheless, AR methods remain com- 052

putationally expensive and inflexible for interactive 053

editing. Alternatively, non-autoregressive (NAR) 054

frameworks—including DiffRhythm (Ziqian et al., 055

2025), DiffRhythm+ (Chen et al., 2025), ACE- 056

Step (Gong et al., 2025) and JAM (Liu et al., 057

2025a)—adopt diffusion or flow-matching for ac- 058

celerated generation. By operating in latent audio 059

spaces, these methods significantly reduce infer- 060

ence time while maintaining reasonable audio fi- 061

delity. However, NAR models face inherent chal- 062

lenges: they compress the full song generation 063

pipeline (composition and rendering) into a sin- 064

gle latent diffusion process. As a result, they often 065

struggle to jointly optimize musical structure, tem- 066

poral coherence and voice-instrument balance. 067

A fundamental limitation shared by both AR 068

and NAR song generation systems is their pre- 069

dominant reliance on global-only control signals. 070

This limitation manifests in three interrelated ways. 071

First, global prompts fail to capture inherent tempo- 072

ral dynamics—attributes of music, such as instru- 073

mentation, emotion, and energy naturally evolve 074

across song segments, leading to homogeneous and 075

mediocre outputs. Although some approaches in- 076

corporate coarse structural tags into lyrics (Yuan 077

et al., 2025; Gong et al., 2025; Lei et al., 2025), they 078

still lack the resolution for truly fine-grained and 079

segment-level controls. Second, under global-only 080

conditioning, jointly generating vocals and accom- 081

paniment imposes a substantial coordination bur- 082
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den on the model, frequently leading to misaligned083

expression across modalities (Gong et al., 2025).084

Third, the absence of fine-grained control curtails085

expressive flexibility for both professional com-086

posers and amateur creators, which hampers practi-087

cal usability for diverse creative workflows. These088

challenges are further exacerbated in some NAR089

models by their reliance on low-quality lyric dura-090

tions—either zero-shot LLM-generated or manu-091

ally specified by humans (Ziqian et al., 2025; Liu092

et al., 2025a). However, such duration annotations093

are not only time-consuming and error-prone, but094

also discourage user interaction.095

To address these limitations, we propose Seg-096

Tune, a NAR song generation framework that097

supports hierarchical control: a global prompt098

defines the overall style, while segment-level099

prompts—specifiable by users or auto-generated100

via an LLM—govern fine-grained per-segment at-101

tributes (e.g., emotion, rhythm, instrumentation).102

Specifically, we introduce a dedicated segment-103

level conditioning paradigm: a segment encoder104

injects fine-grained control signals into the corre-105

sponding temporal window of the latent sequence,106

while a global encoder preserves stylistic coher-107

ence across the entire song. Furthermore, we elimi-108

nate the need for manual lyric duration annotations109

by introducing a context-aware, LLM-based dura-110

tion predictor, which adaptively generates sentence-111

level timestamps conditioned on the hierarchical112

prompts. Finally, these hierarchical textual condi-113

tionings and time-aligned lyrics embedding will114

guide the Diffusion Transformer (DiT) blocks to115

generate expressive and cohesively structured la-116

tent embeddings for both vocals and accompani-117

ment. In summary, our contributions are as follows:118

• We introduces a hierarchical, segment-level119

textual conditioning paradigm for fine-grained120

control in song generation.121

• We develop an LLM-based duration predictor122

that generates sentence-level lyric timestamps,123

enabling accurate lyrics alignment without124

manual annotation.125

• We construct a scalable pipeline to clean,126

annotate, and align high-quality songs with127

multi-level textual descriptions.128

• We design new evaluation metrics, includ-129

ing segment-level MuLan score and singer130

attribute scoring, to rigorously assess fine-131

grained instruction following.132

2 Related Work 133

2.1 Music Generation 134

Music generation focuses on producing coherent 135

and stylistically consistent audio conditioned on 136

text, melody, or other high-level cues. One preva- 137

lent approach is AR modeling, which sequentially 138

generates discrete audio representations. Music- 139

Gen (Copet et al., 2023) combines residual vec- 140

tor quantization with transformer-based decoder 141

to improve fidelity and controllability, while Musi- 142

cLM (Agostinelli et al., 2023) adopts a two-stage ar- 143

chitecture that first predicts semantic tokens before 144

rendering acoustics. MeLoDy (Lam et al., 2023) 145

enhances this design by replacing the acoustic de- 146

coder with a diffusion model to further improve 147

synthesis quality and sampling efficiency. 148

In parallel, NAR methods (Chen et al., 2024; 149

Evans et al., 2024a,b) have emerged as promis- 150

ing alternatives. These models typically employ 151

diffusion (Ho et al., 2020; Rombach et al., 2022) 152

or flow-matching (Lipman et al., 2023; Tong et al., 153

2024) mechanisms, operating in latent audio spaces 154

to accelerate inference while maintaining high fi- 155

delity. Music ControlNet (Wu et al., 2024) ex- 156

tends this paradigm by introducing time-varying 157

control signals—such as melody, rhythm, and dy- 158

namics—via temporally aligned conditioning, en- 159

abling fine-grained control over different aspects 160

of the musical output. TVC-MusicGen (Yang et al., 161

2025b) adopts a segment-level diffusion framework 162

for fine-grained music generation, sharing similari- 163

ties with our paradigm, but its application is limited 164

to instrumental music without vocal track. 165

2.2 Song Generation 166

Song generation aims to synthesize full musical 167

compositions, including vocals and accompani- 168

ment, based on input lyrics and optional control 169

signals. This task introduces additional challenges 170

beyond instrumental music generation, such as 171

aligning melody with lyrical phrasing, keeping vo- 172

cal–accompaniment coherence, and maintaining 173

musically meaningful transitions across segments. 174

Early systems such as Jukebox (Dhariwal et al., 175

2020) adopt AR transformers to model long-range 176

dependencies over quantized audio tokens. Later 177

works, like SongCreator (Lei et al., 2024) and Mu- 178

siCoT (Lam et al., 2025), follow similar strate- 179

gies but rely on a shared token vocabulary for both 180

vocal and instrumental content, which introduces 181

modality interference and limits expressive capac- 182
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Figure 1: Overview of the SegTune architecture. The model takes lyrics and textual prompts as input. An LLM-
based duration predictor estimates sentence-level durations for the lyrics, while a lyrics encoder embeds the lyrics
and performs sentence-level alignment. The prompt encoder encodes both global and segment prompts into 1D
vectors. The global prompt is broadcast to all time steps, whereas each segment prompt is broadcast to the frames
within its corresponding temporal window, as determined by the duration predictor. All the conditional embeddings
are concatenated and fed into a Diffusion Transformer. In the diagram, B denotes temporal broadcasting within a
segment window, and C denotes channel-wise feature concatenation.

ity. To mitigate this, more recent systems, includ-183

ing SongGen (Liu et al., 2025b), YuE (Yuan et al.,184

2025) and LeVo (Lei et al., 2025), model vocals185

and accompaniment as separate token sequences,186

enabling more faithful synthesis and better exploita-187

tion of language models for long-context genera-188

tion. However, AR approaches suffer from slow189

inference, high training complexity, and limited190

flexibility in downstream tasks like song editing.191

Alternatively, NAR frameworks, including192

DiffRhythm, DiffRhythm+, ACE-Step, and193

JAM (Ziqian et al., 2025; Chen et al., 2025; Gong194

et al., 2025; Liu et al., 2025a), leverage diffusion-195

based architectures for faster generation and eas-196

ier extension. Nevertheless, these systems still197

face challenges to maintain musicality, long-range198

coherence, and balancing vocals with accompani-199

ment, since both composition and acoustic render-200

ing are handled within only DiT.201

In particular, existing systems rely primarily on202

global text prompts, which are insufficient to cap-203

ture the temporal variability of real songs. Some204

works (Yuan et al., 2025; Gong et al., 2025; Lei205

et al., 2025) insert structural segmental labels in206

lyrics to align with predefined musical segments,207

yet finer-grained local control, such as adjusting the208

instrumentation or emotional intensity of specific209

segments, remains unsupported. In contrast, our210

work introduces fine-grained, segment-level textual211

conditioning along with an LLM-based duration212

prediction module. These designs enable precise213

control over the temporal evolution of musical at-214

tributes while supporting textual prompts for each215

segment, paving the way for more expressive and216

controllable song generation. 217

3 Methodology 218

3.1 Model Architecture 219

As illustrated in Figure 1, SegTune adopts a 220

DiT (Peebles and Xie, 2023) architecture based 221

on conditional flow-matching, extending previous 222

song generation models (Gong et al., 2025; Ziqian 223

et al., 2025; Chen et al., 2025; Liu et al., 2025a). 224

The backbone consists of LLaMA-style (Touvron 225

et al., 2023) transformer blocks. During training, 226

a 1D VAE (Evans et al., 2024a) is used to com- 227

press raw audio with a sampling rate of 44 kHz 228

into a latent sequence at 21.5 Hz, which serves 229

as the target trajectory for flow supervision. Seg- 230

Tune conditions generation on three complemen- 231

tary sources: global textual prompts, segment-level 232

textual prompts, and time-aligned lyrics. Together, 233

these signals control both the semantic content and 234

the temporal evolution of musical attributes. 235

In the following subsections, we first detail the 236

hierarchical conditioning mechanism, followed by 237

the duration predictor, which generates precise 238

lyric timestamps, overcoming the reliance on man- 239

ual annotations in prior DiT-based approaches. 240

3.1.1 Hierarchical prompts 241

SegTune supports text prompts at both the global 242

and segment levels. The global prompt controls 243

high-level song attributes such as genre, gender, 244

timbre, and the overall emotional tone. In con- 245

trast, segment-level prompts explicitly describe 246

time-varying attributes, including song structure 247
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(e.g., verse or chorus), emotional transitions, rhyth-248

mic patterns, and instrumentation. This separation249

allows the model to disentangle global stylistic con-250

sistency from local musical variation. Unlike prior251

approaches that encode structural information im-252

plicitly within lyrics or coarse tags, SegTune intro-253

duces explicit segment-level textual prompts that254

are independently encoded and temporally injected255

into the diffusion process. Examples of global and256

segment prompts can be found in our demo page.257

Specifically, each segment prompt is encoded258

by a segment encoder into a vector eis ∈ R1×ds ,259

where i is the i-th segment. This vector is tem-260

porally broadcast to all latent frames within the261

corresponding segment time window, ensuring con-262

sistent local conditioning. Noted that each segment263

time window was provided by the duration predic-264

tor module during the inference stage (refers to265

section 3.1.2). Meanwhile, the global prompt is266

encoded by a global encoder and broadcast across267

all frames of the whole song. The global and seg-268

ment embeddings are concatenated along the chan-269

nel dimension and projected through a three-layer270

MLP to obtain the final conditioning embedding271

Etext ∈ RT×dtext , where T is the length of the latent272

sequence and dtext = 1024. The detailed algorithm273

for text conditioning is shown in Appendix A.274

We employ Qwen3-Embedding-0.6B (Zhang275

et al., 2025) as both the global and segment prompt276

encoder, as it preserves fine-grained semantic at-277

tributes in long-form textual descriptions. Details278

of hierarchical prompt construction are provided279

in Section 3.2. During inference, segment-level280

prompts can be specified by users or automatically281

generated by a large language model, enabling flex-282

ible and expressive controls.283

3.1.2 Duration predictor284

Accurate duration predictor is a critical component285

of SegTune. It determines segment boundaries for286

prompt broadcasting, aligns lyrics with audio la-287

tents in temporal dimension, and defines the initial288

noise length during inference.289

Despite its importance, duration prediction has290

been largely overlooked. Prior NAR works either291

require error-prone manual timestamps (Gong et al.,292

2025; Ziqian et al., 2025; Chen et al., 2025) or use293

fragile zero-shot LLM prompting for word-level294

timing (e.g., JAM (Liu et al., 2025a)), neglecting295

the need for music-aware, lyric-aligned duration296

prediction module.297

In this work, we fine-tune the Qwen3-4B-Base298

model (Yang et al., 2025a)—selected for its fa- 299

vorable capacity–speed trade-off—as a duration 300

predictor that generates sentence-level timestamps 301

in LyRiCs (LRC) format. Specifically, in the in- 302

ference stage, given lyrics together with global 303

and segment prompts, the predictor outputs times- 304

tamped lyrics, learning to align durations with mu- 305

sical attributes such as rhythm, emotion, genre, and 306

lyric length. The instruction template is detailed 307

in Appendix B, and the construction of ground- 308

truth timestamps is described in Section 3.2. At 309

inference time, segment temporal boundaries are 310

derived directly from the predicted timestamps: for 311

lyric-containing segments (e.g., verse and chorus), 312

temporal boundaries are defined by the correspond- 313

ing sentence intervals; for instrumental segments 314

(e.g., intro, bridge and outro), boundaries are in- 315

ferred from adjacent lyric segments, leveraging the 316

structural contiguity inherent in typical song forms. 317

3.1.3 Lyric conditioning 318

To achieve precise, supervision-light phoneme- 319

level alignment between lyrics and audio latent 320

representations, we adopt the strategy of (Ziqian 321

et al., 2025; Chen et al., 2025) that only need 322

sentence-start annotations. Specifically, times- 323

tamped lyrics are directly available from the train- 324

ing data during training. In inference stage, the 325

duration predictor automatically estimates these 326

start times of lyrics. Each lyric sentence is first con- 327

verted into a phoneme sequence via a grapheme- 328

to-phoneme model. Then, a placeholder sequence 329

Elyrics, matching the length of the audio latent se- 330

quence Eaudio, is initialized with <pad> tokens. 331

The phoneme sequence is written into Elyrics start- 332

ing at the frame of the lyric’s start time. 333

Finally, the textual prompt embedding Etext, 334

along with Elyrics, Eaudio, and the time-step embed- 335

ding Et (broadcast to length T ) are concatenated 336

along the channel dimension and fed into the DiT. 337

3.2 Data Pipeline 338

SegTune is trained on a curated internal corpus 339

of mainly Chinese pop songs and a small amount 340

of other language songs. To ensure high-fidelity 341

segment annotations and precise lyric-level times- 342

tamping, we devise a dedicated three-stage data 343

curation pipeline, and the workflow is shown in the 344

Appendix C. 345

3.2.1 Quality filtering 346

We first apply metadata-based filtering (duration, 347

sampling rate, channels, energy, etc.) and sound 348
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event detection to discard non-musical clips. Sub-349

sequently, we leverage Audiobox (Tjandra et al.,350

2025) and SongEval (Yao et al., 2025) to score351

audio aesthetics and prune low-quality samples.352

3.2.2 Lyrics processing353

For songs without lyrics, we separate vocals us-354

ing Demucs v4 (Rouard et al., 2023), then tran-355

scribe them with FireRedASR (Xu et al., 2025b)356

(Mandarin) or Whisper-Large-v3 (Radford et al.,357

2022) (other languages). When ground-truth LRC358

files are available, we first remove non-lyrics meta-359

data using an LLM-based filter, then validate the360

cleaned lyrics against ASR outputs via edit dis-361

tance—discarding samples with high discrepancy.362

Then, structural labels (e.g., intro, verse, chorus)363

are extracted using the all-in-one music understand-364

ing model (Kim and Nam, 2023).365

3.2.3 Hierarchical prompt annotation366

Global and segment prompts are generated via Au-367

dio Flamingo 3 (Goel et al., 2025), with the struc-368

tural label prepended to each segment prompt to en-369

able controllability. System prompt templates used370

for Audio Flamingo 3 are detailed in the Appendix371

D. To mark boundaries, fixed prompts—“This372

piece is the start/end of the song.”—are assigned to373

the first and last 0.5 s of each sample.374

3.3 Training and Inference375

The model is trained under the Conditional Flow376

Matching (CFM) framework, which aims to learn377

a function vθ(t, C, xt) that approximates the flow378

u(xt|x0, x1). The training objective is defined as:379

L = Et, q, p ∥vθ(t, C, xt)− u(xt | x0, x1)∥2 , (1)380

xt = (1− t)x0 + tx1, (2)381

u(xt | x0, x1) = x1 − x0, (3)382

where x0 ∼ p(x0) represents a sample from the383

prior distribution N (0, I). x1 ∼ q(x1) is drawn384

from the target data distribution, t ∼ U(0, 1) de-385

notes the diffusion time step, and C denotes the386

conditioning input, which includes lyrics and tex-387

tual prompts. The target vector u(xt | x0, x1) rep-388

resents the flow at xt.389

Specifically, the training procedure follows a390

three-stage paradigm. (i) Pre-training: we retain391

songs with ≥32 kHz sampling rate, durations of392

30s to 6 mins, and audio aesthetics scores above the393

5th percentile, yielding approximately 370k songs394

(around 27k hours). (ii) Fine-tuning: stricter cri-395

teria apply—44 kHz, stereo, and top-50% audio396

aesthetics scores—resulting in about 50k songs 397

(around 4k hours). (iii) Preference Alignment: 398

following prior work (Lei et al., 2025; Chen et al., 399

2025; Liu et al., 2025a), we adopt iterative Direct 400

Preference Optimization (DPO) (Rafailov et al., 401

2023) with two rounds. Starting from the SFT 402

model, each round generates 16 candidates per 403

lyric; win–loss pairs are formed by selecting pairs 404

with SongEval (Yao et al., 2025) score differences 405

above a threshold, where the winning sample ex- 406

ceeds the 75th percentile of all candidates. Each 407

DPO round uses around 20k such pairs. 408

During inference, we employ the Euler ODE 409

solver. For Classifier-Free Guidance (CFG), we 410

use the formulation: 411

v = vu + cfg(vc − vu)− cfgn(vn − vu), (4) 412

where vu and vc denote the unconditional and con- 413

ditional flows, respectively, and vn represents the 414

flow obtained under negative conditions (Ban et al., 415

2024). In the negative condition setup, the lyric 416

conditioning is removed, while both global and 417

local prompts are replaced with negative prompts. 418

Empirically, we set cfg = 3 and cfgn = 1. 419

4 Experiments 420

4.1 Experimental Setup 421

SegTune is trained on an internal corpus of pre- 422

dominantly Mandarin pop songs (>90%), span- 423

ning diverse artists, lyrical themes, and song struc- 424

tures. The diffusion backbone is a DiT-style archi- 425

tecture (1.1B parameters, 16 LLaMA-style decoder 426

blocks), following (Ziqian et al., 2025). Training 427

proceeds in three stages: (i) 20-epoch pretraining 428

with batch size = 32, lr = 2e-5, (ii) 8-epoch fine- 429

tuning with the same setting, and (iii) two rounds of 430

iterative DPO (4 epochs each, batch size = 8, grad 431

accumulation = 4, and lr = 5e-7). During training, 432

20% dropout is applied independently to global 433

and segment-level conditions to enable classifier- 434

free guidance. We also augment global and seg- 435

ment text prompts using LLM-based rewriting to 436

enhance generalization across diverse real-world 437

text input styles. 438

For the duration predictor, we fine-tune Qwen3- 439

4B-Base on >100k LRC-formatted lyrics for 8 440

epochs (batch size = 8, grad accumulation = 4, max 441

new tokens = 4096, and lr = 2e-5), using LoRA (Hu 442

et al., 2022) (rank = 32) for efficiency. 443
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Table 1: Performance comparison of SegTune and baseline models on objective metrics. SegTune-SFT denotes
the model that has undergone both pretraining and supervised fine-tuning (SFT), while SegTune-DPO refers to
the model further refined via 2 iterations of Direct Preference Optimization (DPO) starting from the SegTune-SFT
checkpoint. G-Mulan denotes Global Mulan score, and S-Mulan denotes Segment Mulan score.

Models PER↓
AudioBox-aesthetic↑ SongEval↑ Instruction-following↑

CE CU PC PQ Coh Mem NVBP CSS OM G-Mulan Gender Age

YuE 48.5% 7.16 7.66 6.27 8.09 3.51 3.27 3.22 3.26 3.22 0.29 80.7% 44%
LeVo 29.8% 7.43 7.71 5.25 8.29 3.46 3.29 3.20 3.29 3.35 0.32 90.6% 50%

DiffR.+ 27.4% 7.55 7.80 6.72 8.21 4.05 3.84 3.65 3.82 3.76 0.47 37.5% 54%
ACE-Step 35.6% 7.38 7.53 6.71 7.88 3.98 3.78 3.65 3.77 3.74 0.35 78.1% 56%

SegTune-SFT 14.5% 7.38 7.71 6.83 8.23 3.54 3.22 3.23 3.32 3.19 0.47 96.7% 57%
SegTune-DPO 18.5% 7.63 7.85 6.80 8.36 4.25 4.06 4.09 4.08 3.97 0.46 81.0% 51%

4.2 Baselines and Evaluation444

We select four representative state-of-the-art base-445

lines: YuE (Yuan et al., 2025) and LeVo (Lei446

et al., 2025), which adopt AR language models;447

and DiffRhythm+ (Chen et al., 2025) and ACE-448

Step (Gong et al., 2025), which are diffusion-based449

models. All baselines support song generation con-450

ditioned on lyrics and global textual prompts. And451

the test set for song generation consists of 15 Man-452

darin pop songs generated by ChatGPT, including453

their lyrics and associated prompts.454

We evaluate aesthetic quality using objective455

metrics: (i) Phoneme Error Rate (PER), evaluating456

the intelligibility and lyrical fidelity of songs. Fir-457

eRedASR (Xu et al., 2025b) was used to transcribe458

generated songs; (ii) Audiobox-Aesthetics (Tjan-459

dra et al., 2025), assessing production quality460

(PQ), production complexity (PC), content en-461

joyment (CE), and content usefulness (CU); (iii)462

SongEval (Yao et al., 2025), measuring coherence463

(Coh), memorability (Mem), natural vocal breath-464

ing/phrasing (NVBP), clarity of song structure465

(CSS), and overall musicality (OM).466

The instruction-following capability of music467

generation models is then evaluated using the Muq-468

MuLan (Zhu et al., 2025) score. Muq-Mulan is a469

widely adopted multimodal representation model470

that aligns text descriptions and music clips through471

contrastive learning, and has been extensively used472

for music evaluation (Gong et al., 2025; Yuan473

et al., 2025). Global Mulan score measures the474

global alignment between songs and their global475

prompts. In addition, we compute the Segment476

MuLan scores for individual song segments based477

on segment prompts and use their average to assess478

the model’s segment instruction adherence. We479

further evaluate the model’s instruction-following480

accuracy on singer-related attributes—gender and481

age—since MuLan shows limited sensitivity to vo- 482

cal identity. Prompts are selected from the test set, 483

and the singer’s gender and age (teenager, 20s, and 484

40s) are modified to form new global prompts. For 485

gender accuracy, we directly employ Qwen3-Omni- 486

30B-A3B-Captioner (Xu et al., 2025a) to assess the 487

gender of generated songs. For age accuracy, we 488

randomly sample two generated songs and conduct 489

an A/B test, where Qwen3-Omni determines which 490

song corresponds to the older singer. The final 491

accuracy is computed based on the correctness of 492

these pairwise judgments. 493

For subjective evaluation, we conducted 5-scale 494

Mean Opinion Score (MOS) listening tests, in 495

which five listeners rated each sample on musi- 496

cality and quality using fine-grained evaluation 497

criteria. To ensure balanced evaluation, every lis- 498

tener assessed all 5 system outputs for each of 9 499

songs—totaling 45 ratings per listener. 500

5 Results and Discussions 501

5.1 Results of Objective Evaluation 502

Table 1 presents objective results for SegTune (SFT 503

and DPO stages) and baselines. SegTune achieves 504

strong performance overall: it has the lowest PER, 505

indicating superior lyrical fidelity and vocal in- 506

telligibility. In contrast, we noticed that the vo- 507

cal generated by YuE is a bit hoarse. Both YuE 508

and ACE-Step frequently interpolate past lyrics 509

into current segments, resulting in notably higher 510

PER. As for AudioBox-Aesthetics and SongEval 511

metrics, SegTune-SFT is competitive with base- 512

lines, and SegTune-DPO further enhances qual- 513

ity—particularly in SongEval metrics. 514

Since baseline models support only global con- 515

trol, we assess instruction-following via global Mu- 516

Lan scores and singer attribute control accuracy 517

(gender and age). SegTune-SFT attains the highest 518
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gender control accuracy while preserving strong519

global MuLan alignment, demonstrating superior520

instruction-following capability.521

After DPO fine-tuning, we observe a trade-off:522

the musical quality improves, yet the instruction-523

following degrades, especially for age and gen-524

der. This stems from bias in the preference data525

and DPO constrains: winning songs scored by526

SongEval are dominated from young female vocals,527

and DPO optimizes only for preference alignment528

without enforcing age and gender fidelity. One529

promising direction is to adopt online policy opti-530

mization, wherein generated songs are dynamically531

evaluated for demographic fidelity, and deviations532

from user-specified attributes are explicitly penal-533

ized, which will be investigated in the future work.534

5.2 Results of Subjective Evaluation535

As shown in Figure 2, SegTune-DPO achieves536

the highest MOS for musicality among all base-537

lines, with the lowest standard deviation (4.57 ±538

0.52)—indicating not only superior musical expres-539

siveness but also exceptional consistency across540

samples. This gain is attributable to the DPO fine-541

tuning stage, which effectively suppresses musi-542

cally degraded outputs. In contrast, YuE and LeVo543

exhibit higher variability in Musicality scores (stan-544

dard deviations > 0.9), as they heavily rely on545

audio prompts for conditioning, while the use of546

text-based global prompts leads to a marked degra-547

dation in accompaniment coherence and diversity.548

As for quality, SegTune-DPO achieves the549

second-highest results, while exhibiting smallest550

standard deviation (3.87 ± 0.56), surpassed only551

by LeVo (3.96± 0.87). This is likely attributable552

to our data pipeline, which selects high quality553

training data, and to the post-training stages, which554

effectively enhances audio fidelity.555

5.3 Ablation Studies for Prompt Encoder556

Since SegTune differs from baselines in data, scale,557

and architecture, the gains in Table 1 may reflect558

confounding factors. To isolate the impact of seg-559

ment prompt injection, we perform ablation studies560

with identical data, backbone, and hyperparame-561

ters—varying only the prompt encoder.562

Specifically, we examine two design dimen-563

sions: (i) composition strategies for integrat-564

ing embeddings from the hierarchical prompt565

encoders—namely, global-only, concatenate, or566

mixed settings; and (ii) the choice of prompt en-567

coder backbone—comparing Qwen3-Embedding,568

YuE LeVo DiffR.+ ACE-Step SegTune-DPO

1

2

3

4
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M
O

S
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Musicality
Quality

Figure 2: Violin plots of MOS results for musicality and
quality evaluation.

a state-of-the-art textual encoder optimized for 569

long-form, natural-language prompts, against Muq- 570

MuLan (Zhu et al., 2025), the music-specialized 571

multimodal encoder widely adopted in recent song 572

generation systems (Chen et al., 2025; Liu et al., 573

2025a; Yang et al., 2025b). 574

5.3.1 Global-only setting 575

We train variants of SegTune-SFT using only 576

global prompts with either Qwen3-Embedding or 577

Muq-MuLan (Zhu et al., 2025) as the global en- 578

coder. As Table 2 shows, Qwen3-Embedding con- 579

sistently surpasses Muq-MuLan in both musicality 580

and instruction-following. Notably, gender control 581

accuracy reaches 92.2% with Qwen3-Embedding, 582

versus near-chance performance with Muq-MuLan. 583

This discrepancy stems primarily from the fact that 584

during MuQ-Mulan’s text–music alignment train- 585

ing, singer-related attributes were not included in 586

music captions, resulting in a poor representation 587

of vocal characteristics in its embeddings. We con- 588

duct controlled experiments and visualization anal- 589

yses on singer gender control to further elucidate 590

the limitations of MuQ-MuLan in Appendix E. 591

5.3.2 Concatenate setting 592

In this setting, global and segment embeddings 593

are concatenated along the channel dimension. 594

Since Qwen3-Embedding achieves high-fidelity 595

control over singer attributes, we fix it as global 596

encoder and compare two choices for segment 597

encoder: Muq-MuLan (Zhu et al., 2025) and 598

Qwen3-Embedding. Although Muq-MuLan en- 599

codes singer-related characteristics weakly, it re- 600

mains suitable for segment-level control—where 601

prompts primarily govern musical attributes such 602

as instrumentation, emotion, and rhythm. In Ta- 603

ble 2: (i) the two variants achieve comparable over- 604

all musicality, yet the configuration using Qwen3- 605

7



Table 2: Impact of prompt encoder settings on objective performance of SegTune at the SFT stage. MuQ refers
to MuQ-Mulan encoder, and Qwen3. refers to Qwen3-Embedding. G-Mulan denotes Global Mulan score, and
S-Mulan denotes Segment Mulan score.

Prompt encoders AudioBox-aesthetic↑ SongEval↑ Instruction-following↑
Global Segment CE CU PC PQ Coh Mem NVBP CSS OM G-Mulan S-Mulan Gender Age

MuQ – 7.42 7.60 6.63 8.19 3.18 2.87 2.81 2.93 2.86 0.39 0.30 47.6% 47%
Qwen3. – 7.39 7.64 6.76 8.19 3.42 3.11 3.11 3.20 3.12 0.40 0.33 92.2% 50%

Concat.
Qwen3. MuQ 7.57 7.82 6.63 8.35 3.62 3.37 3.30 3.43 3.34 0.44 0.37 84.4% 46%
Qwen3. Qwen3. 7.38 7.71 6.83 8.23 3.54 3.22 3.23 3.32 3.19 0.47 0.38 96.7% 57%

Mixed
Qwen3. Qwen3. 7.29 7.73 6.33 8.32 3.43 3.14 3.15 3.23 3.12 0.43 0.35 90.5% 57%

Table 3: Impact of duration predictor on SegTune-DPO performance. MAE denotes the mean absolute error (in
seconds) of sentence-level duration prediction. GT means using the ground truth timestamps of lyrics for model
inference. G-Mulan denotes Global Mulan score, and S-Mulan denotes Segment Mulan score.

Predictor MAE↓
AudioBox-aesthetic↑ SongEval↑ Instruction-following↑
CE CU PC PQ Coh Mem NVBP CSS OM G-Mulan S-Mulan Gender Age

GT 0.00 7.65 7.74 6.58 8.35 4.33 4.16 4.17 4.12 4.01 0.45 0.47 81.9% 61%
Qwen3-SFT 0.99 7.66 7.74 6.58 8.36 4.32 4.16 4.18 4.16 4.06 0.45 0.41 81.9% 61%

GPT-4o 3.24 7.69 7.76 6.29 8.34 4.19 4.00 4.08 3.98 3.86 0.42 0.41 81.9% 58%

Embedding for the segment encoder yields stronger606

instruction-following performance; (ii) all objec-607

tive musicality metrics significantly surpass those608

of the global-only setting. These results validate609

the superiority of hierarchical prompts in SegTune.610

5.3.3 Mixed setting611

Following (Jiang et al., 2025), we also explore lin-612

early fuse global and segment embeddings (with613

weights 0.2 and 0.8), but observe clear drops in614

musicality and instruction following—likely due615

to semantic interference from mixing, unlike the616

cleaner separation in concatenation.617

5.4 Ablation Studies for Duration Predictor618

An accurate duration predictor yields more musi-619

cally plausible lyric timestamps than user-provided620

ones, lowering user expertise barriers. We evaluate621

two approaches: (i) a Qwen3-4B-Base model fine-622

tuned on our dataset to predict per-line start times-623

tamps; and (ii) a zero-shot GPT-4o predictor with624

engineered prompting, following JAM (Liu et al.,625

2025a). This evaluation uses 15 real-world Man-626

darin pop songs with paired lyrics and prompts, to627

enable direct comparison with ground-truth times-628

tamps. To ensure fairness, these songs are excluded629

from the training set.630

As shown in Table 3, the Qwen3-SFT predictor631

achieves a mean absolute error (MAE) of 0.99s,632

significantly lower than GPT-4o’s. It also matches 633

or exceeds GPT-4o across nearly all musicality di- 634

mensions, with comparable scores only in Content 635

Enjoyment and Usefulness. Segment MuLan and 636

gender control remain largely unaffected, indicat- 637

ing robustness to local timing variations. 638

6 Conclusions 639

We presented SegTune, a NAR framework for con- 640

trollable song generation. By jointly leveraging 641

segment-level textual conditioning and LLM-based 642

duration predictor, it enables fine-grained control 643

over emotion, rhythm, and instrumentation while 644

preserving global coherence. Coupled with a scal- 645

able data pipeline and comprehensive evaluation, 646

SegTune significantly advances controllability and 647

musical quality over existing open-source systems. 648

Although our experiments focus on Mandarin pop 649

songs, SegTune is language-agnostic and can be 650

extended to other languages given appropriate data. 651

In the future work, we will explore: (i) sup- 652

porting richer local interactions—e.g., multi-singer 653

transitions—currently limited by data scarcity; and 654

(ii) integrating SegTune into a conversational agent, 655

which can interpret user intent and dynamically 656

generate lyrics and hierarchical prompts for human- 657

machine collaborative creation. 658
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7 Limitations659

While SegTune advances fine-grained controllabil-660

ity in non-autoregressive song generation, several661

limitations remain.662

First, SegTune is trained on ground-truth songs663

with clearly defined segment structures. Conse-664

quently, when the segment structure of the user665

input is ambiguous or poorly specified, the perfor-666

mance of the duration predictor degrades, which667

will in turn negatively affect the overall song gen-668

eration quality.669

Second, while the hierarchical prompting670

scheme allows control over segment-level attributes671

such as emotion and instrumentation, it cannot672

model fine-grained intra-segment dynamics (e.g.,673

gradual crescendos or vocal ornamentation).674

We view these limitations not as fundamental675

flaws of SegTune, but as clear pathways for future676

work—such as integrating end-to-end structure pre-677

diction and developing multi-objective alignment678

strategies that preserve both musicality and user-679

specified attributes.680
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A Algorithm for Global and Segment893

Text Conditioning894

The algorithm 1 and algorithm 2 for extracting895

global and segment-level text conditioning differs896

slightly between training and inference stages. Dur-897

ing training, the start time of each lyric line and898

the temporal boundaries of each segment are pre-899

annotated by the data pipeline and thus directly900

available for model training. In contrast, during901

inference, the input lyrics provided by the user to902

SegTune contain no timestamps. Consequently, the903

duration predictor module is employed to estimate904

the start times of individual lyric lines and the time905

spans of each segment.906

B Prompt of Duration Predictor907

Input Prompt to Qwen3-4B-Base

You are a professional music composer and
vocal arranger. Your task:
1. Analyze the lyrics and the song descrip-
tion below.
2. For each line of lyrics, estimate a reason-
able singing duration. Base your estimation
jointly on:

• The intrinsic characteristics of the line
itself (e.g., length, phrasing, complex-
ity)

• The overall song attributes;

• The structural flow of the song, includ-
ing instrumental breaks, natural pauses,
and transitions;

3. Return: Output a complete ‘.lrc‘ style list
908

Algorithm 1 Global and Segment Text Condition-
ing Embedding Extraction during Training Stage

Require: Global textual prompt xg, segment tex-
tual prompts and the corresponding time bound-
ary {(xis, tis, tie)}Ni=1, where i represent the i-th
segment, ts and te denote the start and end time
of the i-th segment.

Require: Sampling rate r, downsample rate rd,
number of latent frames T , global encoder fg,
segment encoder fs, output projection out_proj
eg ← fg(xg) ∈ R1×dg

Eg ← repeat(eg, T ) ∈ RT×dg // Broadcast the
global prompt across all time frames.
Initialize Es ∈ RT×ds with zeros
for each (xis, t

i
s, t

i
e) in segment prompts do

jis ← ⌊tis · r/rd⌋, iie ← ⌊tie · r/rd⌋
eis ← fs(x

i
s) ∈ R1×ds

Es[j
i
s : jie] ← eis // Broadcast each segment

prompt to its corresponding temporal window.
end for
Ecat ← concat(Eg, Es, dim = −1), Ecat ∈
RT×(dg+ds)

Etext ← out_proj(Ecat)
return fused embedding Etext ∈ RT×dtext

Algorithm 2 Global and Segment Text Condition-
ing Embedding Extraction during Inference Stage

Require: Global textual prompt xg, segment tex-
tual prompts {xis}Ni=1, where i represent the i-th
segment.

Require: Sampling rate r, downsample rate rd,
global encoder fg, segment encoder fs, du-
ration predictor module fp, output projection
out_proj
{(tis, tie)}Ni=1, T ← fp({xis}Ni=1, xg)
eg ← fg(xg) ∈ R1×dg

Eg ← repeat(eg, T ) ∈ RT×dg // Broadcast the
global prompt across all time frames.
Initialize Es ∈ RT×ds with zeros
for each (xis, t

i
s, t

i
e) in segment prompts do

jis ← ⌊tis · r/rd⌋, iie ← ⌊tie · r/rd⌋
eis ← fs(x

i
s) ∈ R1×ds

Es[j
i
s : jie] ← eis // Broadcast each segment

prompt to its corresponding temporal window.
end for
Ecat ← concat(Eg, Es, dim = −1), Ecat ∈
RT×(dg+ds)

Etext ← out_proj(Ecat)
return fused embedding Etext ∈ RT×dtext
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with timestamps.

Below are the target global song description
and lyrics. Please follow the instructions
above and return the completed .lrc file
directly.

Song Description
This pop rock ballad features a male vocal-
ist delivering an emotional and uplifting
melody. The mood is warm and introspec-
tive, with a gradually intensifying energy
that enhances the song’s heartfelt tone. The
singer’s voice is soulful and expressive,
using subtle dynamic shifts to convey a
sense of comfort and encouragement.

Lyrics
[This piece is the start of the song.]

[This piece is the intro of the song. The
song segment features a spare and gentle
piano motif, setting a contemplative and
soothing mood ... ]

[This piece is the first verse of the song. The
segment features a tender vocal performance
accompanied by a steady, melodic piano line
... ]
Hey Jude, don’t make it bad,
Take a sad song and make it better.
...

[This piece is the second verse of the song.
The segment features a tender vocal perfor-
mance accompanied by a steady, melodic
piano line ... ]
Hey Jude, don’t be afraid,
You were made to go out and get her.
...

LRC Prediction:
909

C Workflow of Data Pipeline910

Figure 3 shows the data curation pipeline, which911

comprises three key stages: (1) Quality filtering,912

where non-musical or low-quality clips are re-913

moved via metadata constraints and aesthetic scor-914

ing (using Audiobox Aesthetics and SongEval); (2)915

Lyrics processing, involving multilingual ASR tran-916

scription, and alignment validation against ground- 917

truth LRC files via edit distance; and (3) Hier- 918

archical music caption generation, where global 919

and segment-level prompts are generated by Audio 920

Flamingo 3, augmented with structural labels for 921

controllability, and boundary markers are inserted 922

at the start/end of each sample. 923

Duration ratio of song/music

Audio duration, sample rate

Number of channels

Compression rate, energy

Quality Filtering

Quality assessment

Structural segmentation

Music source separation

Music caption

LLM-based Augmentation

Caption Generation

Lyrics meta information clean

Language identification

Lyrics transcription

Lyrics Processing

Vocal track + lyrics

V
oc
al
tr
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k
+

A
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om
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ni
m
en
t

Cleaned lyrics

Global/Segment
Prompts

Figure 3: Overview of the data pipeline of SegTune.

D Audio-Flamingo 3 Caption Prompt 924

Prompt for Global Caption Generation

You are a helpful AI assistant. You need
to act as a caption generator for music and
generate descripitons in MusicCaps style.
Describe the music in vivid detail, using the
following rules:

1. Describe the details about genre, mood,
feeling, ambience, and other notable
features of the music.

2. Describe the singer’s vocal characteris-
tics, including gender, age range, vocal
timbre, pitch range, and other notable
features of the singer.

3. Keep the descripiton within 1-4 sen-
tences.

4. Only provide details you are confident
about. It is not compulsory to provide
all details, but do not hallucinate.

925
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Prompt for Segment Caption Generation

You are a helpful AI assistant. Describe the
song segment as part of a complete piece
of song in vivid detail according to what
you hear. Generate the descripiton using the
following rules:

1. Include the instrumentation, rhythm
and melody style, mood, emotional’s
impact, intensity and change.

2. Mention any notable singing and play-
ing techniques that occur and dynamic
changes of the song.

3. Keep the descripiton within 1-3 sen-
tences.

4. Only provide details you are confident
about. It is not compulsory to provide
all details, but do not hallucinate.

926

E Singer Gender Control Experiment927

and Visualization928

To support a more interpretable and evidence-based929

comparison of the capacity of MuQ-MuLan and930

Qwen3-Embedding-0.6B in controlling vocal char-931

acteristics in song generation, we conduct con-932

trolled experiments and visualizations using singer933

gender as a representative attribute.934

Specifically, we randomly sample 1,000 global935

prompts from the training dataset, each contain-936

ing textual descriptions across multiple dimen-937

sions—including singer gender, musical style, and938

emotional tone. By applying rule-based string re-939

placement, we invert the specified singer gender940

in each prompt (i.e., female vs. male), thereby941

constructing a paired control dataset of 2,000942

prompts. We then extract text embeddings for943

all 2,000 prompts using both MuQ-MuLan and944

Qwen3-Embedding, respectively. Each set of em-945

beddings is first reduced to 50 dimensions via Prin-946

cipal Component Analysis and subsequently vi-947

sualized using t-distributed Stochastic Neighbor948

Embedding (t-SNE).949

As shown in the figure 4 and figure 5, the t-950

SNE visualization reveals a stark contrast: em-951

beddings from MuQ-MuLan exhibit near-complete952

overlap between female and male prompts in the953

embedding space, indicating an inability to encode954

gender-related vocal attributes, and the cosine dis-955
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Figure 4: t-SNE visualization of Muq-Mulan embed-
dings on singer gender control.
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Figure 5: t-SNE visualization of Qwen3-Embedding on
singer gender control.

tance of cluster centers for female and male groups 956

is 0.002. In contrast, Qwen3-Embedding yields 957

clearly separated clusters for the two genders, and 958

the cosine distance of cluster centers for female and 959

male groups is 0.107, providing direct empirical 960

evidence of its superior discriminative capability. 961
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