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Inference-Time Diffusion Controlling
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Image Inverse Problem Conditional Generation
(Segmentation Mask)

Measurement Reconstructiony

y = Ax+ η

x̂

Operator Noise

LIP(x,y) = ‖Ax− y‖22

Condition y Generation x̂

LSeg(x,y) = ‖ψ(x)− y‖22

ψ : Face Segmentation Model



Distribution Preserving Diffusion Guidance
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xT

Data manifold M

DiffRGD (Ours)

x0

DPS (Baseline)

Off-manifold

St,r

N (0, In)

x
∗

t−1 = xt−1 − γt ∇xt
L x

∗
t−1 = Rxt−1

(−ηt gradSt,r
L)xt

Research Question: Can we design latent-distribution-aware guidance that ensures
the guided sample lies within the original latent distribution?



Distribution-induced Geometry
Constructing the geometric structure
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xt−1 ∼ N (µt,σ
2
t
In) ⇐⇒ xt−1 = µt + σtru

r ∼ χ(n)

u ∼ Unif(Sn−1)

Polar Decomposition of Isotropy Gaussian

xt−1 = argmin
x∈St,r

L(x̂0(x, t− 1),y)

Constraint Optimization

St,r = {x ∈ R
n | ‖x− µt‖2 = σtr}

σtr

µt

σt · χ(n)

radius



Diffusion Guidance with Riemannian Gradient Descent
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Tangent Space

Tx St,r :=
{

v ∈ R
n | (x− µt)

!
v = 0

}

Projection Operator

ΠTx St,r
(v) :=

(

In −
(x− µt)(x− µt)!

‖x− µt‖22

)

v

Retraction

Rx(v) := µt + σtr ·
x− µt + v

‖x− µt + v‖2

Riemannian Gradient

gradSt,r
L := ΠT
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Experiments: Image Inverse Problems
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Experiments: Image Inverse Problems
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Ground TruthMeasurement DPS DiffRGD (Ours)

Inpainting

Super-Resolution

Gaussian Deblurring

MPGD DSG ADMMDiff

Motion Deblurring
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Experiments: Image Inverse Problems
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Experiments: Conditional Generation
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Guidance

DSG

ADMMDiff

DiffRGD (Ours)

Segmentation Map Sketch FaceID



Experiments: Style-Guided Generation
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Style
Image

DiffRGD
(Ours)

FreeDoM

MPGD

DSG

Cat Elephant Hedgehog Owl Fox



Takeaways

10

• Respecting the latent Gaussian geometry is crucial for effective inference-time 
diffusion guidance. Diffusion guidance should preserve the data distribution.

• DiffRGD performs guidance on a distribution-induced spherical manifold using 
Riemannian Gradient Descent, preserving distributional fidelity while enabling 
effective control.

• DiffRGD is training-free and plug-and-play, achieving strong performance across 
diverse image restoration and conditional generation tasks.



Thank you!


