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Diffusion Inversion Problem

◼ Given a real image 𝑥0, diffusion inversion aims to estimate the latent representation 𝑥𝑇, such that a pretrained 

diffusion model 𝜋𝜃 can reconstruct the image 𝑥0 by applying its denoising process 𝒳 to 𝑥𝑇.

◼ Current methods convert diffusion inversion to a fixed-point problem and solve it using numerical iterations 

(e.g., Anderson acceleration or Newton's method).

◼ However, achieving both accuracy and efficiency remains challenging, especially for few-step models (the first 

row) and novel samples (the second row).



◼ We believe that gradient-based optimization is inherently more precise and efficient than 

numeric solvers, owing to the smooth transitions in the latent space of diffusion models. 

Thus, we formulate diffusion inversion as a learning problem.

◼ Let 𝑥0 be an observed image, and let 𝜖𝑇
∗ denote a learnable noise embedding. The 

objective is defined as:

argmin
𝜖𝑇
∗

𝒳 𝑥𝑇
∗ − 𝑥0

2,

where

𝑥𝑇
∗ = ത𝛼𝑇𝑥0 + 1 −ത𝛼𝑇 𝜖𝑇

∗ ,

and 𝒳:𝑥𝑇 → 𝑥𝑇−1 → ⋯ → 𝑥0 is defined by the pretrained diffusion model.

◼ Directly optimizing the objective requires backpropagation through all T timesteps, 

which incurs prohibitive memory and computational costs.

Reformulating Diffusion Inversion as a Learning Problem



Progressive Denoising Trajectory Learning

◼ To address this issue, we decompose the objective into 𝑇 subproblem, in which we learn a local 

noise embedding 𝜖𝑡
∗ enabling one denoising step reconstructs the previous latent 𝑥𝑡−1.

◼ By recursively solving these subproblems from 𝑡 = 1 to 𝑇, we can obtain a precise denoising 

trajectory 𝑥1
∗, … , 𝑥𝑇

∗ .



Optimization Algorithm of PreciseInv



Theorical Analysis

◼ Assumption 1. The diffusion model 𝜖𝜃 𝑥𝑡, 𝑡 is Lipschitz continuous in 𝑥𝑡 with constant 𝐿𝑚, i.e., 

𝜖𝜃 𝑥1, 𝑡 − 𝜖𝜃 𝑥2, 𝑡 ≤ 𝐿𝑚 𝑥1 − 𝑥2 .

◼ Assumption 2. Let ℒ𝑡 ≔ 𝜇 𝑥𝑡 − 𝜇 𝑥𝑡−1
2. The function ℒ𝑡 has L-Lipschitz continuous 

gradients with respect to 𝑥𝑡, i.e., ∇ℒ𝑡 𝑥𝑡 − ∇ℒ𝑡 𝑥𝑡
′ ≤ 𝐿 𝑥𝑡 − 𝑥𝑡

′ .

◼ Theorem 1.  Under Assumptions 1 and 2, the gradient descent algorithm on each subproblem 

𝑃 𝑡 = argmin
𝜖𝑇
∗

𝒳 𝑥𝑡
∗ − 𝑥𝑡−1

∗ 2 with step size 𝛾 < 2/𝐿 converges monotonically to a stationary 

point of ℒ𝑡.

◼ Theorem 2. Let Γ 𝑡 ≔ 𝒳 𝑥𝑡 − 𝑥0
2. Under Assumption 1 and Theorem 1, Γ 𝑇 admits a 

geometric upper bound, i.e., Γ 𝑇 ≤ 𝛿/(1 − 𝐿𝑚).



Supported Models & Schedulers

Types Models Scheduler

Diffusion

SD1.4 DDIM / DDPM

SD1.5 DDIM / DDPM

SD2.1 DDIM / DDPM

SDXL DDIM / DDPM

Few-Step Models

LCM-SD1.5 DDIM / DDPM

LCM-SDXL DDIM / DDPM

SDXL-Turbo DDIM / DDPM

Rectified Flow Models SD3 Euler

Code is available at https://github.com/panda7777777/PreciseInv

https://github.com/panda7777777/PreciseInv


Image Reconstruction

◼ We further demonstrate the generalizability of PreciseInv.

◼ Moreover, the performance gains are more significant under few-step s



Image Editing

◼ We compare PreciseInv with 

recent inversion methods under 

the same editing pipeline to 

assess their editing performance.

◼ We demonstrate precise inversion 

enables more faithful and control-

lable prompt-based editing.



Linear Interpolation

◼ To probe the local behavior of PreciseInv, we interpolate between two inverted latent 

representations 𝑥𝑇
1

and 𝑥𝑇
2

, and visualize the intermediate representations.



Thanks


	Slide 1
	Slide 2
	Slide 3
	Slide 4
	Slide 5
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11

