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• and properly licensed music data.


• However, collecting such data is difficult 
• Expensive data collection & curation

• Licensing constraints


• As a result, T2M models may exhibit: 
• Limited diversity

• Repetitive generation patterns


• Nevertheless, 

• methods for improving this form of diversity 

remain relatively underdeveloped.
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• “CADS” is a natural starting point for T2M 
• injects annealed Gaussian noise

• into the full conditioning embedding 

         

̂c = γ(t) c + s 1 − γ(t) n,

where γ(t) =

1 if 0 ≤ t ≤ τ1,
τ2 − t
τ2 − τ1

if τ1 < t < τ2,

0 if τ2 ≤ t ≤ 1.
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• In the domain of image generation, 
• numerous inference-time techniques 
• e.g., CADS, SPARKE, Particle Guidance, ...


• “CADS” is a natural starting point for T2M 
• injects annealed Gaussian noise

• into the full conditioning embedding 

          

• However, naive transfer to T2M leads to: 
• Sharp drop in text alignment

• Sharp drop in audio fidelity

• Even with high guidance 

̂c = γ(t) c + s 1 − γ(t) n,

where γ(t) =

1 if 0 ≤ t ≤ τ1,
τ2 − t
τ2 − τ1

if τ1 < t < τ2,

0 if τ2 ≤ t ≤ 1.
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/252.1. Padding Annealed Diffusion Sampling
• PADS: Mask-Controlled Conditioning Perturbation 

– Key idea: perturb only the low-salience part of the conditioning 
                                    
• with the selected low-salience subspace mask 

      

                  

c = [csal; clow]

̂c = c ⊙ (1 − M) + ( γ(t) c + s 1 − γ(t) n) ⊙ M

Mi ={1D, if i > Lsal or i > L−Lmin,
0D, otherwise .
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– Instantiating  in T2M : with empirical support 
• padding-to-semantic noise sweep 
• perturbation reaches semantic tokens → alignment drops 

sharply

• instantiates  as the padding-indexed subspace

c = [csal; clow]

̂c = c ⊙ (1 − M) + ( γ(t) c + s 1 − γ(t) n) ⊙ M

Mi ={1D, if i > Lsal or i > L−Lmin,
0D, otherwise .
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/252.1. Padding Annealed Diffusion Sampling
• PADS: Mask-Controlled Conditioning Perturbation 

– Key idea: perturb only the low-salience part of the conditioning 
                                    
• with the selected low-salience subspace mask 

      

                   

– Instantiating  in T2M : with empirical support 
• padding-to-semantic noise sweep 
• perturbation reaches semantic tokens → alignment drops 

sharply

• instantiates  as the padding-indexed subspace


– As a result, Matched comparison with CADS 
• better diversity–alignment trade-off

• better diversity–fidelity trade-off

c = [csal; clow]

̂c = c ⊙ (1 − M) + ( γ(t) c + s 1 − γ(t) n) ⊙ M

Mi ={1D, if i > Lsal or i > L−Lmin,
0D, otherwise .
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• Remaining Issue 
• Unstable genre-consistent diversity 
• Standard LDM = text-unaware latent space 

• audio-only VAE latent  
→ nearby samples ≠ similar-genre variations 
→ not necessarily aligned with intended semantics


• conditional DM sampling in that space  
→ little guarantee of text-semantic neighborhood structure
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• audio-only VAE latent  
→ nearby samples ≠ similar-genre variations 
→ not necessarily aligned with intended semantics


• conditional DM sampling in that space  
→ little guarantee of text-semantic neighborhood structure


• Training a VAE for the TAL Space 
• Based on prior MoE-style multimodal VAE 

• shared–private latent factorization

• Two types of encoders 

• private latents → modality-specific details

• shared latents → text–audio semantics
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• MoE-style mVAE Objective for the TAL Space 
• Stable Audio Open: audio-only VAE training 

•  
**  : an adversarial loss  
**  : an audio reconstruction loss 
**  : a KL divergence term

ℒVAE = αadvℒadv + αmrstftℒmrstft + αklℒkl

ℒadv
ℒmrstft

ℒkl
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**  : a KL divergence term 

• Our MoE-style mVAE Objective 

• Audio Reconstruction:  

• Text Reconstruction:  

• Latent Alignment (LA) loss  


– TAL uses the text shared latent   
→  must carry “audio-aligned shared information”


–
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• Our MoE-style mVAE Objective 

• Audio Reconstruction:  

• Text Reconstruction:  

• Latent Alignment (LA) loss  


– TAL uses the text shared latent   
→  must carry “audio-aligned shared information”


–  

• Final weighted objective 
– MoE-style reconstruction averaging

ℒVAE = αadvℒadv + αmrstftℒmrstft + αklℒkl
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• TAL Definition :  

•  : private audio latent → preserves audio reconstruction quality


•  : shared text latent → captures global text semantics (e.g., genre)

[wm; zp]
wm
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/252.3. Unified Pipeline
• After Training a Diffusion Model in the TAL Space 

– Sampling with TAL-DM 
• within text-conditioned latent neighborhoods

• strengthens global consistency

• mitigates genre mismatch

19

-

“pop, synth, modern, 
calming, 110 bpm, 
percussion, groovy, 
atmospheric”

Te
xt

 
En

co
de

r

Overall average of genre-wise mRecall



/252.3. Unified Pipeline
• After Training a Diffusion Model in the TAL Space 

– Sampling with TAL-DM 
• within text-conditioned latent neighborhoods

• strengthens global consistency

• mitigates genre mismatch


• Complementary Effects in the Unified Pipeline 
– CADS 

• may uncover new reference-manifold regions
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• After Training a Diffusion Model in the TAL Space 

– Sampling with TAL-DM 
• within text-conditioned latent neighborhoods

• strengthens global consistency

• mitigates genre mismatch


• Complementary Effects in the Unified Pipeline 
– CADS 

• may uncover new reference-manifold regions

• but gains are erratic across perturbation settings


– PADS in TAL space 
• suppresses direct corruption of semantic embeddings

• stably expands genre-consistent diversity

21

-

“pop, synth, modern, 
calming, 110 bpm, 
percussion, groovy, 
atmospheric”

Te
xt

 
En

co
de

r

Overall average of genre-wise mRecall



/253. Experiments 22

• Main Results 
• Ablation: TAL and PADS 

• Matched CLAP-f (≈0.32)

• PADS-TAL achieves best

• Key gain over “Audio + CADS”


– +15.4% overall diversity

– +71.6% within-genre diversity
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• Main Results 
• Ablation: TAL and PADS 

• Matched CLAP-f (≈0.32)

• PADS-TAL achieves best

• Key gain over “Audio + CADS”


– +15.4% overall diversity

– +71.6% within-genre diversity


• Comparison with Diversity Methods 
• PADS-TAL : higher diversity in usable alignment regime


• Human Evaluation 
• PADS-TAL: highest diversity with preserved quality/alignment


• Generalization of PADS 
• Across T2M frameworks 

– CADS: hurts alignment or fails to improve diversity

– PADS: stable diversity gain


• Beyond T2M : T2I examples 
• CADS: occasional misalignment

• PADS: diversity with maintained alignment

PADS (Ours)CADSStable Diffusion 
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