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Goal of Rectified Flows

Noise Distribution
Target Distribution

• Couple target with noise distribution
• Transport noise to generate samples
• Flow model evolves as an ODE

Generate samples from a target distribution given a (large) finite number of 
samples from that distribution



Benefit of Rectified Flows

Noise Distribution
Target Distribution

Generate samples from a target distribution given a (large) finite number of 
samples from that distribution

• Straighter path than diffusion

• Coarse discretization → Fast sampling

• Generalize noise distribution



• Invert once             Edit many times
• Training-free (No LoRA / Dreambooth)
• Easy to deploy in production

Inversion with RF (1/2)

Noise DistributionTarget Distribution
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“A silver cat”

“A lion”

Inversion: Transform image into structured 
noise that encodes image attributes



• Invert once 
• Undo corruption while editing

Inversion with RF (2/2)

Noise DistributionTarget Distribution

“A bedroom”

“A church”

Inversion: Transform image into structured 
noise that encodes image attributes



State-of-the-art Image Inversion

• Recent work (Flux, SD3.5) shows rectified flows can outperform diffusion

• No algorithm to directly invert and edit using rectified flows

• Other approaches available for diffusion models

• Inversion possible through SDEdit and DDIM inversion (for diffusions) 
but … 
• They lead to inconsistencies (preservation of conditioning 

structure/layout) due to highly non-linear sample paths

• Alternate methods maintain consistency through expensive training 
(e.g., DreamBooth, LoRA), test-time optimization (RB Modulation), or 
complex attention processors (NTI, P2P)



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Inversion using Rectified Flows

Distributions can be (roughly) grouped into two types: typical and atypical



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Inversion using Rectified Flows

RF transforms typical image to typical noise; atypical image to atypical noise



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Inversion using Optimal Control

Optimal controller transforms any image to typical noise



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Interpolation of the Two Fields

Rectified Flows Optimal Control Interpolation

Interpolated noise



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Inversion using Optimally Controlled Rectified Flow

Controller

Interpolated noise



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Generation using Optimally Controlled Rectified Flows

Interpolated noise

Controller

“A bedroom”



Atypical Data

Typical Data
Atypical Noise

Typical Noise

Generation using Optimally Controlled Rectified Flows

Interpolated noise

Controller

“A tiger”



• Benefits of a Stochastic Sampler for Rectified Flows
• Many diffusion-based inversion and editing approaches rely on stochastic nature 

of the diffusion sampler
• Higher-order solvers benefit from SDE interpretation of diffusion samplers
• With finer discretization, SDE samplers outperform deterministic samplers in 

generative modeling, measured by Frechet Inception Distance (FID)
• SDE samplers show robustness to corruption in the initial distribution, i.e., their 

invariant measure remains the same

A Stochastic Sampler for RF



Experiments: Content-style composition



Experiments: Generalization to another flow model SD3.5

(a,b) Generated reference style (c,d) Hand drawn reference style
Please see: https://openreview.net/forum?id=bnINPG5A32 for reference image credits

https://openreview.net/forum?id=bnINPG5A32


Experiments: Generative modeling using rectified flow SDE
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