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• Diffusion models provide strong generative priors and 
work well for music.

• When applying pretrained diffusion models to music 
restoration tasks, existing approaches often require 
task-specific supervised training or fine-tuning for each 
new task, which limits generalization and scalability.

• Prior inference-time optimization avoids retraining but 
still has key issues:
a) Initial Noise Optimization: suffers from 

vanishing/exploding gradients, high computation, 
and drift from the Gaussian prior.

b) Gradient-based Stepwise Guidance: often 
pushes noisy sample off the data manifold because 
it doesn’t respect the latent geometry.

Figure. Qualitative comparison of mel-spectrograms for the 
inpainting task. Dashed boxes highlight regions with noticeable 
generation or reconstruction artifacts.

Qualitative Results: Inpainting

Motivation

Diffusion Geodesic Guidance (DGG)

Geometry Induced by the Reverse Diffusion Distribution

• Dataset: MoisesDB and MusicCaps 100 music tracks.
• Preprocessing:

• 5-second non-overlapping segments per track.
• Audio sampled at 16 kHz.
• Log-mel spectrograms: 1024 FFT, hop size 160,

64 mel bins.
• Backbone: AudioLDM2 (frozen)
• Sampling: DDIM 500 steps, null-text conditioning.
• Metrics: LSD, FAD.

Implementation Details
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Restore music through the lens of diffusion geometry, no training required. DGG is a geometry-aware plug-in 
that works with any pretrained diffusion model.

(b) Gradient-based Stepwise Guidance
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(a) Initial Noise Optimization
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Key Contributions

• Prevent latent drift by updating latents along diffusion geodesics using 
spherical linear interpolation.

• Our method supports multiple music restoration tasks within a unified 
framework: inpainting missing audio parts, audio super-resolution, 
dereverberation, and phase retrieval, all in a zero-shot manner, i.e., no task-
specific retraining.

• Empirically, DGG consistently outperforms state-of-the-art training-free
baselines across tasks and datasets, showing lower spectral distortion 
(LSD), better perceptual audio quality (FAD), and comparable inference 
speed.

Degraded music

L(x,y) = ‖A(x)− y‖F
Task-specific operator 

39th Conference on Neural Information Processing System AI for Music Workshop 

where β = ! (εt,−∇zt
L)


