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Generative AI: foundational models

ChatGPT

Prompt: “A description of Rice”

Stable Diffusion (text-to-image)

Prompt: “Rice logo”
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What is generative modeling for us?

High-level idea

1. We are given samples from an unknown data
distribution pdata(x)

2. We train a model pθ(x) to approximate this
distribution

3. Once trained, we can sample new data
points x ∼ pθ(x) that resemble the real data

Samples from
pdata(x)

Model
pθ(x)

Generated samples
x ∼ pθ(x)

Train to match

Sample from model

Real images

Generated images

3 / 47



Applications beyond text-to-image generation

I Generating realistic images per se is impressive, but often not directly useful

I Can we leverage generative models for real-world applications?
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Applications beyond text-to-image generation

I Generating realistic images per se is impressive, but often not directly useful

I Can we leverage generative models for real-world applications?

I Yes. They have shown remarkable potential across several downstream tasks:

⇒ Inverse problems

⇒ Graph generation with specific attributes

⇒ Molecular and material design

I In this work, we focus on inverse problems (and a bit more)
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Inverse problems and their challenges

I Inverse problems

⇒ Recover an unknown signal or quantity from its noisy measurement

Channel estimation in massive multiple-input multiple-output
(MIMO) systems

Image inpainting
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Inverse problems and their challenges

I Inverse problems

⇒ Recover an unknown signal or quantity from its noisy measurement

Channel estimation in massive multiple-input multiple-output
(MIMO) systems

Image inpainting

I Challenges in modern systems

⇒ High-dimensional signals → intractable computations

⇒ Ill-posed problems → infinite number of solutions

I We need to impose some structural assumptions
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Problem definition

I Forward model for inverse problems:

y = A(x0) + w, w ∼ N (0, σ2
0I)

⇒ Unknown signal x0 ∈ R
d , measurement y ∈ R

m, known forward operator A : Rd → R
m

⇒ Linear case: A(x0) = Hx0 with H ∈ R
m×d

I Goal: recover x0 from y, related by the posterior p(x0|y) ∝ pw(y|x0)px(x0)
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I Forward model for inverse problems:

y = A(x0) + w, w ∼ N (0, σ2
0I)

⇒ Unknown signal x0 ∈ R
d , measurement y ∈ R

m, known forward operator A : Rd → R
m

⇒ Linear case: A(x0) = Hx0 with H ∈ R
m×d

I Goal: recover x0 from y
(p(x0|y) ∝ pw(y|x0)px(x0))

I Different estimators based on the downstream task

⇒ MAP: x̂MAP
0 = argmaxx0 p(x0|y) (distortion)

⇒ Posterior sampling: x̂0 ∼ p(x0|y) (P = 0)

⇒ Posterior mean: x? = E [x0|y] (lowest D)
unattainable

D = E

[

‖x0 − x̂0‖
2
]

(distortion)

P = d(px, px̂0
) (perception)

posterior sample
(P = 0)

posterior mean
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d , measurement y ∈ R

m, known forward operator A : Rd → R
m

⇒ Linear case: A(x0) = Hx0 with H ∈ R
m×d

I Goal: recover x0 from y
(p(x0|y) ∝ pw(y|x0)px(x0))

I Different estimators based on the downstream task

⇒ MAP: x̂MAP
0 = argmaxx0 p(x0|y) (distortion)

⇒ Posterior sampling: x̂0 ∼ p(x0|y) (P = 0)

⇒ Posterior mean: x? = E [x0|y] (lowest D)
unattainable

D = E

[

‖x0 − x̂0‖
2
]

(distortion)

P = d(px, px̂0
) (perception)

posterior sample
(P = 0)

posterior mean

Parameterize the prior px(x0) with a diffusion model. Why?
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Why diffusion models as priors?

Traditional Priors

I Sparsity

I Total-variation

Learned Priors (Generative Models)

I GANs: Fast and high-quality samples

⇒ But lack diversity and unstable training

I Normalizing Flows: Exact likelihood

⇒ But rigid parameterization

I Diffusion Models: Simple and scalable loss, high-quality and diverse samples
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Why diffusion models as priors?

Traditional Priors

I Sparsity

I Total-variation

Learned Priors (Generative Models)

I GANs: Fast and high-quality samples

⇒ But lack diversity and unstable training

I Normalizing Flows: Exact likelihood

⇒ But rigid parameterization

I Diffusion Models: Simple and scalable loss, high-quality and diverse samples

I But using them for solving inverse problems is challenging and has some limitations

⇒ Sampling is slow

⇒ Imposing external constraints requires approximations

⇒ We do not have access to the exact likelihoods/density

Can we build solvers that overcome these limitations?
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Contributions and summary of the thesis

Contribution of this work

Design diffusion-based inverse solvers by exploiting the different degrees of freedom

Goal This thesis Venue

Inference-time algorithms on pre-trained priors

Fast sampling X Higher-order annealed Langevin diffusion TSP 2024

Diversity in latent space X Repulsive latent score distillation ICLR 2025

Hard constraints X Shielded Langevin with navigation potentials Asilomar 2025

Training the model for improved inference

Task-informed source X Prior-informed flow matching SPIGM ICML 2026†

Access to the density X Energy models with anisotropic noise ICML 2026

Control of the output X Flow map denoisers SPIGM ICML 2026†

† under review
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Outline

I Intro to diffusion models

I Inference-time algorithms on pre-trained priors

Sampling algorithm
{

• Repulsive latent score distillation

I Training the model for improved inference

The model itself

{

• Energy models with anisotropic noise
• Flow map denoisers

I Discussion
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Brief overview of diffusion models

I Diffusion models consist of two processes

⇒ Forward process (go from data to random noise)

⇒ Reverse process (go from random noise to data)

⇒ x0 ∼ pdata(x0) which is unknown
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Diffusion models: continuous-time formulation

I Forward process

⇒ Continuous-time Markov process in t ∈ [0,T ]

dxt = f(t)xtdt + g(t)dwt x0 ∼ pdata, xT ∼ pT

⇒ f(t)xt : drift

⇒ wt : Brownian motion

⇒ pT typically N (0, I)

I Backward process in t ∈ [T , 0] [Anderson 1982]:

dxt =
[

f(t)xt − g(t)2∇xt log pt(xt)
]

dt + g(t)dwt

I st(xt) := ∇xt log pt(xt) is the score function → unknown
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Diffusion models: continuous-time formulation

I Forward process

⇒ Continuous-time Markov process in t ∈ [0,T ]

dxt = f(t)xtdt + g(t)dwt x0 ∼ pdata, xT ∼ pT

⇒ f(t)xt : drift

⇒ wt : Brownian motion

⇒ pT typically N (0, I)

I Backward process in t ∈ [T , 0] [Anderson 1982]:

dxt =
[

f(t)xt − g(t)2∇xt log pt(xt)
]

dt + g(t)dwt

I st(xt) := ∇xt log pt(xt) is the score function → unknown

I What do we need besides the score?

⇒ Specify f(·), g(·) and pT → define the particular instance of the process

⇒ Discretization scheme
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Variance exploding: diffusion process and intuition

As an example, we consider the variance exploding instance: f(t) = 0, g(t) =

√
dσ2

t

dt

I Forward process:
Convolution with Gaussian kernel
pt(xt) =

´

pdata(x0)pt|0(xt |x0)dx0

xt = x0 + σtε ε ∼ N (0, I)
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Variance exploding: diffusion process and intuition

As an example, we consider the variance exploding instance: f(t) = 0, g(t) =

√
dσ2

t

dt

I Forward process:
Convolution with Gaussian kernel
pt(xt) =

´

pdata(x0)pt|0(xt |x0)dx0

xt = x0 + σtε ε ∼ N (0, I)

I Backward process
Denoising operation

xt = xt+τ + ηt+τ∇xt+τ log pt+τ (xt+τ ) +
√

2ηt+τ wt , η the step size

E [x0|xt ] = xt + σ2
t ∇xt log pt(xt) (Tweedie)

I We need an estimation of ∇xt log pt(xt)→ parameterize with a neural network sθ(xt , t)

⇒ Train with denoising score matching
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Summary for deploying a diffusion model

1. Design choices: fix the components of the diffusion

dxt = f(t)xtdt + g(t)dwt xT ∼ pT , x0 ∼ pdata(x0)

2. Training: given a dataset {x(i)0 }Ni=1 ∼ pdata, optimize1

LDSM(θ) =

ˆ T

0

λ̃(t)Ex0,xt

[

||Dθ(xt , σt)− x0||22
]

dt,

where, by Tweedie, sθ(xt , t) =
Dθ(xt ,σt )−xt

σ2
t

, with Dθ(xt , σt) := E [x0|xt ]
⇒ DSM upper-bounds the KL:

KL(pdata ‖ pθ) ≤ LDSM(θ) + C

3. Inference: run the backward process using some discretization

SDE: dxt =
[

f(t)xt − g(t)2sθ(xt , t)
]

dt + g(t)dwt

ODE: dxt =
[

f(t)xt − 1
2
g(t)2sθ(xt , t)

]

dt







same pt(xt)

1Using σt and t is equivalent
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Summary for deploying a diffusion model

1. Design choices: the process f(t), g(t) and the source pT

2. Training: the objective LDSM(θ)

3. Inference: simulate the reverse process with a fixed, learned model

Step 3 is the sampler Steps 1–2 are the model

Inference-time algorithms using pre-trained priors

I Repulsive latent score distillation

Training the model for improved inference

I Energy models with anisotropic noise

I Flow map denoisers
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Outline

I Intro to diffusion models

I Inference-time algorithms on pre-trained priors

Sampling algorithm
{

• Repulsive latent score distillation

I Training the model for improved inference

The model itself

{

• Energy models with anisotropic noise
• Flow map denoisers

I Discussion
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Posterior sampling using diffusion models

I Recall we want to recover x0 from y, through p(x0|y) ∝ pw(y|x0)px(x0)
⇒ y = A(x0) + w, w ∼ N (0, σ2

0I)
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Posterior sampling using diffusion models

I Recall we want to recover x0 from y, through p(x0|y) ∝ pw(y|x0)px(x0)
⇒ y = A(x0) + w, w ∼ N (0, σ2

0I)

I We need the conditional score ∇xt log pt(xt |y)

∇xt log pt(xt |y) = ∇xt log pt(xt) +∇xt log pt(y|xt)

I ∇xt log pt(xt)→ parameterized with the score network sθ(xt , t) (unconditional prior)

I ∇xt log pt(y|xt)→ intractable

pt(y|xt) =
ˆ

p(y|x0)p0|t(x0|xt)dx0

I Several approximations have been proposed (SVD, Heuristics, Implicit prior)

pt (y|xt) ≈ p (y | x̂0 := E [x0|xt ]) = N
(

y;A(x̂0), σ2
0I
)

[Chung 2023]
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Design space for posterior samplers

I These approximations are

⇒ Computationally expensive as we need to backpropagate through the score network

∇xt log pt (y|xt) ≈ ∇xt logN
(

y;A(Dθ(xt , σt)), σ
2
0I
)

⇒ Slow as we need to run the full backward process
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Design space for posterior samplers

I These approximations are

⇒ Computationally expensive as we need to backpropagate through the score network

∇xt log pt (y|xt) ≈ ∇xt logN
(

y;A(Dθ(xt , σt)), σ
2
0I
)

⇒ Slow as we need to run the full backward process

I How can we improve the inference, particularly with latent diffusion (latest models)?

⇒ Derive a better sampling (backward) process → Higher-order Langevin

⇒ Derive a different approximation of the likelihood → Variational inference

p(x0|y)

p(xT )

∇xt
log p(xt)

∇xt
log p(y|x̂0)

Improving the sampling process

p(z0|y)

q
(1)
µ

z
(z0|y)

Step 1

q
(2)
µ

z
(z0|y)

Step 2

· · ·

q
(N)
µ

z
(z0|y)

Step N

Approximation via variational inference
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Solving inverse problems using latent diffusion priors

I Latest diffusion models are defined in a latent space

⇒ Scale better (lower dimensional diffusion)

⇒ Forward and backward process in a latent space Z
⇒ Generated image is x0 = Dφ(z0), with Dφ the decoder

Image from https://neurips2023-ldm-tutorial.github.io/
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Solving inverse problems using latent diffusion priors

I Latest diffusion models are defined in a latent space

⇒ Scale better (lower dimensional diffusion)

⇒ Forward and backward process in a latent space Z
⇒ Generated image is x0 = Dφ(z0), with Dφ the decoder

Image from https://neurips2023-ldm-tutorial.github.io/

I Backpropagation through the decoder and the score network → expensive
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Score distillation sampling

I Variational (optimization) perspective of sampling from the posterior

I Given the posterior p(x0|y), we seek a variational approximation

q
?(x0|y) = argmin

q(x0|y)

KL
(
q(x0|y)‖p(x0|y)

)
∝ Eq(x0|y)[− log p(y|x0)] +KL(q(x0|y)‖px(x0))

where q(x0|y) ∼ N (µ, σ2I)

⇒ Reverse KL (not forward KL / max. likelihood) → mode-seeking

p(z0|y)

q
(1)
µ

z
(z0|y)

Step 1

q
(2)
µ

z
(z0|y)

Step 2

· · ·

q
(N)
µ

z
(z0|y)

Step N

I How can we incorporate the diffusion model as a prior?

18 / 47



Score distillation sampling

I Variational (optimization) perspective of sampling from the posterior

I Given the posterior p(x0|y), we seek a variational approximation

q
?(x0|y) = argmin

q(x0|y)

KL
(
q(x0|y)‖p(x0|y)

)
∝ Eq(x0|y)[− log p(y|x0)] +KL(q(x0|y)‖px(x0))

where q(x0|y) ∼ N (µ, σ2I)

⇒ Reverse KL (not forward KL / max. likelihood) → mode-seeking

I How can we incorporate the diffusion model as a prior? Reuse the DSM loss of the pretrained
denoiser

min
µ

1
2σ2

0
‖y −A(µ)‖2

︸ ︷︷ ︸
data fidelity

+

ˆ T

0

λ̃(t)Eε

[

‖Dθ(xt , σt)− µ‖22
]

dt

︸ ︷︷ ︸
LDSM evaluated at x0←µ

⇒ xt = αtµ+ σtε: denoisers at all noise scales regularize the optimization

⇒ As σ → 0, q → δ(x0 − µ?): we recover the MAP estimator

18 / 47



Score distillation for solving inverse problems

I Gradient of the distillation term is tractable [Mardani et al., 2023]: stop-gradient on θ

∇µEε

[
λ̃(t)‖Dθ(xt , σt)− µ‖22

]
∝ µ−Dθ(xt , σt), xt = αtµ+ σtε

Score distillation sampling

Require: measurement y, pretrained denoiser Dθ , step size η
initialize µ← A†y
for k = 1, . . . ,K do

t ∼ U [0,T ], ε ∼ N (0, I), xt = αtµ+ σtε . noise current estimate

µ← µ− η
[

∇µ
1

2σ2
0

‖y −A(µ)‖2 + λ̃(t)
(

µ−Dθ(xt , σt)
)]

end for

I One denoiser call per step (vs. backpropagating through the score network)
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Score distillation for solving inverse problems

I Gradient of the distillation term is tractable [Mardani et al., 2023]: stop-gradient on θ

∇µEε

[
λ̃(t)‖Dθ(xt , σt)− µ‖22

]
∝ µ−Dθ(xt , σt), xt = αtµ+ σtε

Score distillation sampling

Require: measurement y, pretrained denoiser Dθ , step size η
initialize µ← A†y
for k = 1, . . . ,K do

t ∼ U [0,T ], ε ∼ N (0, I), xt = αtµ+ σtε . noise current estimate

µ← µ− η
[

∇µ
1

2σ2
0

‖y −A(µ)‖2 + λ̃(t)
(

µ−Dθ(xt , σt)
)]

end for

I One denoiser call per step (vs. backpropagating through the score network)

I Challenges:

⇒ Unimodal q + reverse KL → mode collapse

⇒ MAP + unimodal q + autoencoder compression → over-smoothed reconstruction

As we will show later, high-probability solutions tend to be over-smooth
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Repulsive latent score distillation

I Mode collapse: lift µ to N particles {z(i)0 }Ni=1 and couple them via a joint q

qτ
(

z
(1)
t,τ , · · · , z(N)

t,τ

)

=
1

Z
R(

z
(1)
t,τ , · · · , z(N)

t,τ

)

N∏

i=1

qτ
(

z
(i)
t,τ

)

⇒ ∇R acts as a repulsive force, exploring different modes

I A lower probability mode might be a better solution for some application
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Repulsive latent score distillation

I Over-smoothing: decouple data x0 from the generative mechanism z0
I Augmented distribution q(x0, z0|y): same objective, plus a soft coupling term

min
q(x0,z0|y)

Eq

[

1
2σ2

0

‖y −A(x0)‖
2

]

+

ˆ T

0
λ̃(t)Eε

[

‖Dθ(zt , σt)− z0‖
2
2

]

dt

+ Eq

[

1
2ρ2
‖x0 −Dφ(z0)‖

2
]

⇒ x0 gains degrees of freedom outside the decoder range → recovers fine detail

⇒ ρ→ 0 recovers the hard constraint x0 = Dφ(z0): the latent-only problem

Two knobs: repulsion for diversity, augmentation for detail
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Repulsive latent score distillation

Repulsion + augmentation: a double regularization of the distillation loss (in ε-notation)
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Image inpainting with half face

I Comparison with baselines using Stable Diffusion 2.1

PSLD

NonRepuls-
RLSD

RLSD
(γ = 50)

Box inpainting (half face) with σ0 = 0.001 – FFHQ

512.

Sampler PSNR [dB] ↑ LPIPS ↓ FID ↓ Diversity

PSLD 22.72 0.082 57.7 0.03
Latent RED-diff 23.5 0.15 92.59 0.009
ReSample 19.44 0.2 146.68 -
RED-Diff (Pixel) 23.1 0.067 29.79 0.004
DPS (Pixel) 23.4 0.14 78.88 0.04

NonAug-RLSD (γ = 50) 23.34 0.164 98.65 0.035
NonRepuls-RLSD (mean) 24.98 0.079 29.18 0.004
NonRepuls-RLSD (max) 25.82 0.071 29.18 0.004
RLSD (γ = 50) (mean) 24.69 0.111 31.41 0.015
RLSD (γ = 50) (max) 25.84 0.069 27.84 0.015
Hybrid-RLSD 24.72 0.096 30.48 0.018
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Augmentation removes the over-smoothing

ground truth / measurement

with
augmentation

without
augmentation

Augmentation restores with sharper details
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Outline

I Intro to diffusion models

I Inference-time algorithms on pre-trained priors

Sampling algorithm
{

• Repulsive latent score distillation

I Training the model for improved inference

The model itself

{

• Energy models with anisotropic noise
• Flow map denoisers

I Discussion

23 / 47



Limitations of diffusion models for inverse problems

I We learn the score ∇xt log pt(xt), never the density itself

⇒ Recovering log p(x0) requires integrating the score → expensive

⇒ The normalization is intractable → no likelihoods, no uncertainty, no blind inverse problems

24 / 47



Limitations of diffusion models for inverse problems

I We learn the score ∇xt log pt(xt), never the density itself

⇒ Recovering log p(x0) requires integrating the score → expensive

⇒ The normalization is intractable → no likelihoods, no uncertainty, no blind inverse problems

I To solve inverse problems we need ∇xt log pt(xt |y), equivalently the denoiser E [x0|xt , y]
⇒ Existing approaches sit at two extremes

1. Learn a prior, then Bayes (previous slides)

p(x0|y) ∝ px(x0) p(y|x0)

⇒ Map noise to sample x0 ∼ p(x0|y)

⇒ Only clean images x0 (unsupervised)

⇒ Likelihood needs approximations

(Kadkhodaie et al., 2021; Kawar et al., 2022; Chung et al., 2023; etc)

2. Learn a data-dependent diffusion (informed source)

N
(

f (y),Σh

)

−→ x0
f (y) = y or E [x0|y], Σh a hyperparameter

⇒ Map f (y) to sample x0 ∼ p(x0|y)

⇒ No approximation of the likelihood

⇒ Supervised training on paired data (x0, y)

⇒ One model per H

(Saharia et al., 2022; Delbracio and Milanfar, 2023; Negrel et al., 2025)

Can one model cover general H without approximations, and give a normalized density?
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Energy models with colored noise

I Previous works use isotropic Gaussian denoisers as priors (denoising operation)

xt = x0 + σtε, ε ∼ N (0, I)
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<latexit sha1_base64="z2dPAEImgMCAR7DGMTTGanV8Fx8=">AAAB+HicbVDLSsNAFJ34rPXRqEs3g0VwFZJq27grunFZ0T6gCWUynbRDZ5IwMxFq6Je4caGIWz/FnX/jpC2i1gMDh3Pu5Z45QcKoVLb9aaysrq1vbBa2its7u3slc/+gLeNUYNLCMYtFN0CSMBqRlqKKkW4iCOIBI51gfJX7nXsiJI2jOzVJiM/RMKIhxUhpqW+WPI7UKAgz75YOOZr2zbJtVasXZ44NbavuuhW3Bh3LnuGblMECzb754Q1inHISKcyQlD3HTpSfIaEoZmRa9FJJEoTHaEh6mkaIE+lns+BTeKKVAQxjoV+k4Ez9uZEhLuWEB3oyjyn/ern4n9dLVej6GY2SVJEIzw+FKYMqhnkLcEAFwYpNNEFYUJ0V4hESCCvdVVGXsPTlZdKuWE7Nqt2clxuXizoK4Agcg1PggDpogGvQBC2AQQoewTN4MR6MJ+PVeJuPrhiLnUPwC8b7F2xkk54=</latexit>

<latexit sha1_base64="deBVdADEFvdRCqE9IsIuSLe6UK8=">AAAB6HicbVDJSgNBEO2JW4xb1KOXxiB4GnqiScZb0IvHBMwCyRB6OjVJm56F7h4hhHyBFw+KePWTvPk3dhZEjQ8KHu9VUVXPTwRXmpBPK7O2vrG5ld3O7ezu7R/kD4+aKk4lgwaLRSzbPlUgeAQNzbWAdiKBhr6Alj+6mfmtB5CKx9GdHifghXQQ8YAzqo1UJ718gdil0tWFQzCxK65bdMvYsckc36SAlqj18h/dfszSECLNBFWq45BEexMqNWcCprluqiChbEQH0DE0oiEobzI/dIrPjNLHQSxNRRrP1Z8TExoqNQ590xlSPVR/vZn4n9dJdeB6Ex4lqYaILRYFqcA6xrOvcZ9LYFqMDaFMcnMrZkMqKdMmm5wJYeXlVdIs2k7ZLtcvC9XrZRxZdIJO0TlyUAVV0S2qoQZiCNAjekYv1r31ZL1ab4vWjLWcOUa/YL1/Adi+jP4=</latexit>
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Energy models with colored noise

I Previous works use isotropic Gaussian denoisers as priors (denoising operation)

xt = x0 + σtε, ε ∼ N (0, I)

I Incorporate the degradation in the forward-backward process [Daras 2023, Negrel 2025]

y = Hx0 + σv ⇐⇒ ỹ = x0 + ṽ, ṽ ∼ N (0,Σ), Σ = σ2H−1H−>

⇒ Solving inverse problems = removing anisotropic noise indexed by a covariance Σ

<latexit sha1_base64="ImaF3xCWon7KE3QtckYZ/qvrgXY=">AAAB73icbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BLx4jmAckS5idzCZD5rHOzAphyU948aCIV3/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWyd1eoYNBe4H/XLFr/pzoFUS5KQCORr98ldvoEgqqLSEY2O6gZ/YMMPaMsLptNRLDU0wGeMh7ToqsaAmzOb3TtGZUwYoVtqVtGiu/p7IsDBmIiLXKbAdmWVvJv7ndVMbX4cZk0lqqSSLRXHKkVVo9jwaME2J5RNHMNHM3YrICGtMrIuo5EIIll9eJa2LalCr1u4vK/WbPI4inMApnEMAV1CHO2hAEwhweIZXePMevRfv3ftYtBa8fOYY/sD7/AHJV4/S</latexit>

σ1

<latexit sha1_base64="BCCCcmnX/zWkIYMfm+jjwrFlVno=">AAAB73icbVBNSwMxEJ34WetX1aOXYBE8ld0i1WPRi8cK9gPapWTTbBuaZNckK5Slf8KLB0W8+ne8+W9M2z1o64OBx3szzMwLE8GN9bxvtLa+sbm1Xdgp7u7tHxyWjo5bJk41ZU0ai1h3QmKY4Io1LbeCdRLNiAwFa4fj25nffmLa8Fg92EnCAkmGikecEuukTs/woST9ar9U9ireHHiV+DkpQ45Gv/TVG8Q0lUxZKogxXd9LbJARbTkVbFrspYYlhI7JkHUdVUQyE2Tze6f43CkDHMXalbJ4rv6eyIg0ZiJD1ymJHZllbyb+53VTG10HGVdJapmii0VRKrCN8ex5POCaUSsmjhCqubsV0xHRhFoXUdGF4C+/vEpa1Ypfq9TuL8v1mzyOApzCGVyAD1dQhztoQBMoCHiGV3hDj+gFvaOPResaymdO4A/Q5w/K24/T</latexit>

σ2

<latexit sha1_base64="Fpo+bbgoJhTaWRrAYE0bGDSp+p0="></latexit>

Σt =



σ1 0

0 σ2

�

<latexit sha1_base64="z2dPAEImgMCAR7DGMTTGanV8Fx8=">AAAB+HicbVDLSsNAFJ34rPXRqEs3g0VwFZJq27grunFZ0T6gCWUynbRDZ5IwMxFq6Je4caGIWz/FnX/jpC2i1gMDh3Pu5Z45QcKoVLb9aaysrq1vbBa2its7u3slc/+gLeNUYNLCMYtFN0CSMBqRlqKKkW4iCOIBI51gfJX7nXsiJI2jOzVJiM/RMKIhxUhpqW+WPI7UKAgz75YOOZr2zbJtVasXZ44NbavuuhW3Bh3LnuGblMECzb754Q1inHISKcyQlD3HTpSfIaEoZmRa9FJJEoTHaEh6mkaIE+lns+BTeKKVAQxjoV+k4Ez9uZEhLuWEB3oyjyn/ern4n9dLVej6GY2SVJEIzw+FKYMqhnkLcEAFwYpNNEFYUJ0V4hESCCvdVVGXsPTlZdKuWE7Nqt2clxuXizoK4Agcg1PggDpogGvQBC2AQQoewTN4MR6MJ+PVeJuPrhiLnUPwC8b7F2xkk54=</latexit>

Σ

<latexit sha1_base64="deBVdADEFvdRCqE9IsIuSLe6UK8=">AAAB6HicbVDJSgNBEO2JW4xb1KOXxiB4GnqiScZb0IvHBMwCyRB6OjVJm56F7h4hhHyBFw+KePWTvPk3dhZEjQ8KHu9VUVXPTwRXmpBPK7O2vrG5ld3O7ezu7R/kD4+aKk4lgwaLRSzbPlUgeAQNzbWAdiKBhr6Alj+6mfmtB5CKx9GdHifghXQQ8YAzqo1UJ718gdil0tWFQzCxK65bdMvYsckc36SAlqj18h/dfszSECLNBFWq45BEexMqNWcCprluqiChbEQH0DE0oiEobzI/dIrPjNLHQSxNRRrP1Z8TExoqNQ590xlSPVR/vZn4n9dJdeB6Ex4lqYaILRYFqcA6xrOvcZ9LYFqMDaFMcnMrZkMqKdMmm5wJYeXlVdIs2k7ZLtcvC9XrZRxZdIJO0TlyUAVV0S2qoQZiCNAjekYv1r31ZL1ab4vWjLWcOUa/YL1/Adi+jP4=</latexit>

0

Different denoising paths
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Learning the anisotropic conditional density

I Proposal: Learn a covariance-dependent (H-dep.) energy Uθ(y,Σ) ≈ U(y,Σ) = − log p(y|Σ)

⇒ ∇yUθ(y,Σ) = −∇y log p(y|Σ)→ score network

I Compute an anisotropic version of denoising score matching:

Anisotropic Denoising Score Matching (A-DSM) Loss

`A−DSM(θ) = Ex0,y,Σ

[

‖Σ 1
2∇yUθ(y,Σ)−Σ

− 1
2 (y − x0)‖2

]

(1)

⇒ The reweighting by Σ
1
2 makes the loss scale-invariant
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Learning the normalized density: dual objective

I Are we learning a normalized density?
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Learning the normalized density: dual objective

I Are we learning a normalized density?

I No. The reverse diffusion is a stochastic process with marginals p(y|Σ)

⇒ Time evolution described by the Fokker–Planck equation → mass-preserving equation

⇒ However, score matching learns (implicitly) marginals that are not mass preserving [Choi
2022, Guth 2025]
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Learning the normalized density: dual objective

I Are we learning a normalized density?

I No. The reverse diffusion is a stochastic process with marginals p(y|Σ)

⇒ Time evolution described by the Fokker–Planck equation → mass-preserving equation

⇒ However, score matching learns (implicitly) marginals that are not mass preserving [Choi
2022, Guth 2025]

I We incorporate a regularization term: match the covariance score ∇ΣUθ(y,Σ)

Anisotropic Covariance Score Matching (A-CSM) Loss

`A−CSM(θ) = Ex0,y,Σ

[∥
∥
∥
∥
Σ

1
2∇ΣUθ(y,Σ)Σ

1
2 − 1

2
I+

1

2
Σ
− 1

2 (y − x0)(y − x0)
>
Σ
− 1

2

∥
∥
∥
∥

2

F

]

(2)

I A-CSM forces the model to learn normalized marginals [Guth 2025] → possible by learning the
energy

⇒ Proxy for the continuity equation

⇒ Total objective 1
d
`A−DSM + 1

d2
`A−CSM
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Architecture: conditioning on the noise covariance

I Σ is a matrix, not a scalar → a scalar noise embedding is no longer enough

Standard: scalar level σt Ours: position-dependent Σ

<latexit sha1_base64="D2SvYEDIUYhZI+wI10MIyqkkRTM=">AAAB+HicbVBNT8JAEN3iF+IHVY9eNhITvJCWA3ok6sGTwcQiCTRku0xhw3bb7G5NsOGXePGgMV79Kd78Ny7Qg4IvmeTlvZnMzAsSzpR2nG+rsLa+sblV3C7t7O7tl+2Dw7aKU0nBozGPZScgCjgT4GmmOXQSCSQKODwE46uZ//AIUrFY3OtJAn5EhoKFjBJtpL5dvgYRMwUSV71b0Gd9u+LUnDnwKnFzUkE5Wn37qzeIaRqB0JQTpbquk2g/I1IzymFa6qUKEkLHZAhdQwWJQPnZ/PApPjXKAIexNCU0nqu/JzISKTWJAtMZET1Sy95M/M/rpjq88DMmklSDoItFYcqxjvEsBTxgEqjmE0MIlczciumISEK1yapkQnCXX14l7XrNbdQad/VK8zKPo4iO0QmqIhedoya6QS3kIYpS9Ixe0Zv1ZL1Y79bHorVg5TNH6A+szx+kkZJw</latexit>

Denoiser (UNet)

<latexit sha1_base64="AC/pFt7vfzT9x/xz2j7vugVWyDg=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2Ae2Q8mkmTY0kwxJRhiG/oUbF4q49W/c+Tdm2llo64HA4Zx7ybkniDnTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkoQttEcql6AdaUM0HbhhlOe7GiOAo47QbT29zvPlGlmRQPJo2pH+GxYCEj2FjpcRBhMwnCLJ0NqzW37s6BVolXkBoUaA2rX4ORJElEhSEca9333Nj4GVaGEU5nlUGiaYzJFI9p31KBI6r9bJ54hs6sMkKhVPYJg+bq740MR1qnUWAn84R62cvF/7x+YsJrP2MiTgwVZPFRmHBkJMrPRyOmKDE8tQQTxWxWRCZYYWJsSRVbgrd88irpXNS9Rr1xf1lr3hR1lOEETuEcPLiCJtxBC9pAQMAzvMKbo50X5935WIyWnGLnGP7A+fwBAl+RKA==</latexit>

y
<latexit sha1_base64="J4xMTCUjcTeBRVtBlkhtxdvo7VE=">AAACHXicbVDLSsNAFJ34rPVVdelmsAgVpCRSqsuiG5cV7QOaUCbTSTt08mDmRgghP+LGX3HjQhEXbsS/cdJW0NYLwxzOuZd77nEjwRWY5pextLyyurZe2Chubm3v7Jb29tsqjCVlLRqKUHZdopjgAWsBB8G6kWTEdwXruOOrXO/cM6l4GNxBEjHHJ8OAe5wS0FS/VLN9AiPXS1XWT20YMSBZ5YdLslNsu6EYqMTXX2rf8qFPspN+qWxWzUnhRWDNQBnNqtkvfdiDkMY+C4AKolTPMiNwUiKBU8Gyoh0rFhE6JkPW0zAgPlNOOrkuw8eaGWAvlPoFgCfs74mU+Co3qDtz32pey8n/tF4M3oWT8iCKgQV0usiLBYYQ51HhAZeMgkg0IFRy7RXTEZGEgg60qEOw5k9eBO2zqlWv1m9q5cblLI4COkRHqIIsdI4a6Bo1UQtR9ICe0At6NR6NZ+PNeJ+2LhmzmQP0p4zPb5HTo3Q=</latexit>

sθ(y,Σ)

<latexit sha1_base64="28pvTt/QuMgymJUfsKaJsLxznFs=">AAAB+HicbVDLSsNAFL2pr1ofjbp0EyyCq5KIVJdFNy4r2gc0oUymk3bozCTMTIQa+iVuXCji1k9x5984abPQ1gMDh3Pu5Z45YcKo0q77bZXW1jc2t8rblZ3dvf2qfXDYUXEqMWnjmMWyFyJFGBWkralmpJdIgnjISDec3OR+95FIRWPxoKcJCTgaCRpRjLSRBnbV50iPwyjz7+mIo9nArrl1dw5nlXgFqUGB1sD+8ocxTjkRGjOkVN9zEx1kSGqKGZlV/FSRBOEJGpG+oQJxooJsHnzmnBpl6ESxNE9oZ67+3sgQV2rKQzOZx1TLXi7+5/VTHV0FGRVJqonAi0NRyhwdO3kLzpBKgjWbGoKwpCarg8dIIqxNVxVTgrf85VXSOa97jXrj7qLWvC7qKMMxnMAZeHAJTbiFFrQBQwrP8Apv1pP1Yr1bH4vRklXsHMEfWJ8/EFGTXw==</latexit>

Σ
<latexit sha1_base64="Rm+db3xB0WAT3WX034EQQcwhWMw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSQ9VI9FETxWsK3ShrLZTNqlu5uwuxFK6a/w4kERr/4cb/4bt20O2vpg4PHeDDPzwpQzbTzv2ymsrW9sbhW3Szu7e/sH5cOjtk4yRbFFE56oh5Bo5ExiyzDD8SFVSETIsROOrmd+5wmVZom8N+MUA0EGksWMEmOlxxsRYhQxOeiXK17Vm8NdJX5OKpCj2S9/9aKEZgKloZxo3fW91AQTogyjHKelXqYxJXREBti1VBKBOpjMD566Z1aJ3DhRtqRx5+rviQkRWo9FaDsFMUO97M3E/7xuZuLLYMJkmhmUdLEozrhrEnf2vRsxhdTwsSWEKmZvdemQKEKNzahkQ/CXX14l7VrVr1frd7VK4yqPowgncArn4MMFNOAWmtACCgKe4RXeHOW8OO/Ox6K14OQzx/AHzucPtN2QXA==</latexit>

Embedding

<latexit sha1_base64="w3hz8lCClsmA1UVYXtItRhd2G68=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5CRbBVUlEqsuiG5cV7AOaECbTm3boZBJmJkINwV9x40IRt/6HO//GSZuFth4YOJxzL/fMCRJGpbLtb6Oysrq2vlHdrG1t7+zumfsHXRmngkCHxCwW/QBLYJRDR1HFoJ8IwFHAoBdMbgq/9wBC0pjfq2kCXoRHnIaUYKUl3zxyI6zGQZhB7mcuMOY7ec0363bDnsFaJk5J6qhE2ze/3GFM0gi4IgxLOXDsRHkZFooSBnnNTSUkmEzwCAaachyB9LJZ+tw61crQCmOhH1fWTP29keFIymkU6Mkiq1z0CvE/b5Cq8MrLKE9SBZzMD4Ups1RsFVVYQyqAKDbVBBNBdVaLjLHAROnCihKcxS8vk+55w2k2mncX9dZ1WUcVHaMTdIYcdIla6Ba1UQcR9Iie0St6M56MF+Pd+JiPVoxy5xD9gfH5A2dZlTM=</latexit>

e`1
<latexit sha1_base64="Lo6ASdoBIk+GxavcUD0neFhuoQU=">AAAB/XicbVDLSsNAFJ34rPUVHzs3wSK4KkmR6rLoxmUF+4AmhMn0ph06mYSZiVBD8FfcuFDErf/hzr9x0mahrQcGDufcyz1zgoRRqWz721hZXVvf2KxsVbd3dvf2zYPDroxTQaBDYhaLfoAlMMqho6hi0E8E4Chg0AsmN4XfewAhaczv1TQBL8IjTkNKsNKSbx67EVbjIMwg9zMXGPMbedU3a3bdnsFaJk5JaqhE2ze/3GFM0gi4IgxLOXDsRHkZFooSBnnVTSUkmEzwCAaachyB9LJZ+tw608rQCmOhH1fWTP29keFIymkU6Mkiq1z0CvE/b5Cq8MrLKE9SBZzMD4Ups1RsFVVYQyqAKDbVBBNBdVaLjLHAROnCihKcxS8vk26j7jTrzbuLWuu6rKOCTtApOkcOukQtdIvaqIMIekTP6BW9GU/Gi/FufMxHV4xy5wj9gfH5A2jflTQ=</latexit>

e`2
<latexit sha1_base64="rtPcRywXZveZBCYIPYSCc+K2DUk=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0VwVRKR6rLoxpVUsA9oQphMb9qhkwczE6GG4K+4caGIW//DnX/jpM1CWw8MHM65l3vm+AlnUlnWt7G0vLK6tl7ZqG5ube/smnv7HRmngkKbxjwWPZ9I4CyCtmKKQy8RQEKfQ9cfXxd+9wGEZHF0ryYJuCEZRixglCgteeahExI18oMMci9zgHPvNq96Zs2qW1PgRWKXpIZKtDzzyxnENA0hUpQTKfu2lSg3I0IxyiGvOqmEhNAxGUJf04iEIN1smj7HJ1oZ4CAW+kUKT9XfGxkJpZyEvp4sssp5rxD/8/qpCi7djEVJqiCis0NByrGKcVEFHjABVPGJJoQKprNiOiKCUKULK0qw57+8SDpndbtRb9yd15pXZR0VdISO0Smy0QVqohvUQm1E0SN6Rq/ozXgyXox342M2umSUOwfoD4zPH5OHlVA=</latexit>

e`N

<latexit sha1_base64="1sIzTSu8IkL52un9gosV5R6TJ7g=">AAACBnicbVA9SwNBEN2LXzF+nVqKsJgIsQl3KaJlUAQbIYL5gOQIe3uTZMne3rG7J4SQysa/YmOhiK2/wc5/4ya5QhMfDDzem2Fmnh9zprTjfFuZldW19Y3sZm5re2d3z94/aKgokRTqNOKRbPlEAWcC6pppDq1YAgl9Dk1/eDX1mw8gFYvEvR7F4IWkL1iPUaKN1LWPr0MfgoCJPr6NgoQDLhY6moWgcLlw1rXzTsmZAS8TNyV5lKLWtb86QUSTEISmnCjVdp1Ye2MiNaMcJrlOoiAmdEj60DZUELPIG8/emOBTowS4F0lTQuOZ+ntiTEKlRqFvOkOiB2rRm4r/ee1E9y68MRNxokHQ+aJewrGO8DQTHDAJVPORIYRKZm7FdEAkodoklzMhuIsvL5NGueRWSpW7cr56mcaRRUfoBBWRi85RFd2gGqojih7RM3pFb9aT9WK9Wx/z1oyVzhyiP7A+fwDFHpdk</latexit>

Embedding Module (×2)

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

<latexit sha1_base64="vM2+r45e7Qm7BdsQd37D3A4O6t8=">AAACBHicbVC7TsMwFL0pr1JeAcYuFhUSU5R0KIwVLAwMRaItUhNVjuO0Vh0nsh2kKurAwq+wMIAQKx/Bxt/gPgZoOZKlo3Puvb73hBlnSrvut1VaW9/Y3CpvV3Z29/YP7MOjjkpzSWibpDyV9yFWlDNB25ppTu8zSXESctoNR1dTv/tApWKpuNPjjAYJHggWM4K1kfp21RcpExEVGt2YEVgi30daYqFip2/XXMedAa0Sb0FqsECrb3/5UUryxEwjHCvV89xMBwWWmhFOJxU/VzTDZIQHtGeowAlVQTE7YoJOjRKhOJXmmW1m6u+OAidKjZPQVCZYD9WyNxX/83q5ji+Cgoks11SQ+UdxzpFO0TQRFDFJieZjQzCRzOyKyBBLTLTJrWJC8JZPXiWduuM1nMZtvda8XMRRhiqcwBl4cA5NuIYWtIHAIzzDK7xZT9aL9W59zEtL1qLnGP7A+vwB+pyXrA==</latexit>

Linear
transf.

I Energy parameterized from the score network: Uθ(y,Σ) = 1
2
〈y, sθ(y,Σ)〉

I In practice, Σ is diagonal in a fixed basis (pixel, frequency)
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From energy to a normalized density

I The learned energy matches the true one up to a constant c

Uθ(y,Σ) = − log p(y | Σ) + c

I A-CSM enforces mass conservation across covariances → c does not depend on Σ
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From energy to a normalized density

I The learned energy matches the true one up to a constant c

Uθ(y,Σ) = − log p(y | Σ) + c

I A-CSM enforces mass conservation across covariances → c does not depend on Σ

⇒ For large Σ, the marginal is Gaussian: p(y | Σ) ≈ N (0,Σ)

⇒ Allows to normalize the model for every Σ

Uθ(y,Σ) ←− Uθ(y,Σ)− Ey[Uθ(y,Σ) | Σ] + 1
2
log det(2πeΣ)

I We can now evaluate likelihoods, compare solvers, and solve blind problems w/a single NFE
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Posterior samples

I We draw samples and compare with well-established solvers
<latexit sha1_base64="8focql/LDclDup4UgU/e8GoKDxo=">AAAB8nicbVDLSgMxFM3UV62vqks3wSK4KjNdVJdFN26ECvYB06Fk0jttaCYZkoxQhn6GGxeKuPVr3Pk3ZtpZaOuBwOGce8i9J0w408Z1v53SxubW9k55t7K3f3B4VD0+6WqZKgodKrlU/ZBo4ExAxzDDoZ8oIHHIoRdOb3O/9wRKMykezSyBICZjwSJGibGSfw9EpwpiEGZYrbl1dwG8TryC1FCB9rD6NRhJmuZZyonWvucmJsiIMoxymFcGqYaE0CkZg2+pIDHoIFusPMcXVhnhSCr7hMEL9XciI7HWszi0kzExE73q5eJ/np+a6DrImEhSA4IuP4pSjo3E+f14xBRQw2eWEKqY3RXTCVGEGttSxZbgrZ68TrqNutesNx8atdZNUUcZnaFzdIk8dIVa6A61UQdRJNEzekVvjnFenHfnYzlacorMKfoD5/MHleSRdw==</latexit>

Measurement
<latexit sha1_base64="JoG23loqwJjwecoMf5I3Qq522oA=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0l6qB6LXrxZwX5AG8pmu2mX7m7C7kYooX/BiwdFvPqHvPlv3KQ5aOuDgcd7M8zMC2LOtHHdb6e0sbm1vVPereztHxweVY9PujpKFKEdEvFI9QOsKWeSdgwznPZjRbEIOO0Fs9vM7z1RpVkkH808pr7AE8lCRrDJpPtE6VG15tbdHGideAWpQYH2qPo1HEckEVQawrHWA8+NjZ9iZRjhdFEZJprGmMzwhA4slVhQ7af5rQt0YZUxCiNlSxqUq78nUiy0novAdgpspnrVy8T/vEFiwms/ZTJODJVkuShMODIRyh5HY6YoMXxuCSaK2VsRmWKFibHxVGwI3urL66TbqHvNevOhUWvdFHGU4QzO4RI8uIIW3EEbOkBgCs/wCm+OcF6cd+dj2VpyiplT+APn8wcol45U</latexit>

Ours
<latexit sha1_base64="7vucOQAqMsNjAfrQNqa2Izws++8=">AAAB6nicbVA9TwJBEJ3DL8Qv1NJmIzGxIncUaEnUwhKDfCRwIXvLHGzY27vs7pkQwk+wsdAYW3+Rnf/GBa5Q8CWTvLw3k5l5QSK4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj27nffkKleSwfzSRBP6JDyUPOqLFS467e6BdLbtldgKwTLyMlyFDvF796g5ilEUrDBNW667mJ8adUGc4Ezgq9VGNC2ZgOsWuppBFqf7o4dUYurDIgYaxsSUMW6u+JKY20nkSB7YyoGelVby7+53VTE177Uy6T1KBky0VhKoiJyfxvMuAKmRETSyhT3N5K2IgqyoxNp2BD8FZfXietStmrlqsPlVLtJosjD2dwDpfgwRXU4B7q0AQGQ3iGV3hzhPPivDsfy9ack82cwh84nz/cGI2I</latexit>

DPS
<latexit sha1_base64="7J2H11MTO8G+HeT2J/APMK15M6U=">AAAB73icbVBNSwMxEJ31s9avqkcvwSJ4sez2UD0WreCxiv2AdinZNNuGJtk1yQpl6Z/w4kERr/4db/4b03YP2vpg4PHeDDPzgpgzbVz321lZXVvf2Mxt5bd3dvf2CweHTR0litAGiXik2gHWlDNJG4YZTtuxolgEnLaC0fXUbz1RpVkkH8w4pr7AA8lCRrCxUvv+pnZeY2HYKxTdkjsDWiZeRoqQod4rfHX7EUkElYZwrHXHc2Pjp1gZRjid5LuJpjEmIzygHUslFlT76ezeCTq1Sh+FkbIlDZqpvydSLLQei8B2CmyGetGbiv95ncSEl37KZJwYKsl8UZhwZCI0fR71maLE8LElmChmb0VkiBUmxkaUtyF4iy8vk2a55FVKlbtysXqVxZGDYziBM/DgAqpwC3VoAAEOz/AKb86j8+K8Ox/z1hUnmzmCP3A+fwAJaI9U</latexit>

RED-Diff
<latexit sha1_base64="MkViSq9IXZiurwpiWoPEH8RvbwA=">AAAB83icbVBNSwMxEM36WetX1aOXYBG8WHZ7qB6LHvRYwX5Au5RsNtuGZpMlmQil9G948aCIV/+MN/+NabsHbX0w8Hhvhpl5USa4Ad//9tbWNza3tgs7xd29/YPD0tFxyyirKWtSJZTuRMQwwSVrAgfBOplmJI0Ea0ej25nffmLacCUfYZyxMCUDyRNOCTipd6eVlfElaAvDfqnsV/w58CoJclJGORr90lcvVtSmTAIVxJhu4GcQTogGTgWbFnvWsIzQERmwrqOSpMyEk/nNU3zulBgnSruSgOfq74kJSY0Zp5HrTAkMzbI3E//zuhaS63DCZWaBSbpYlFiBQeFZADjmmlEQY0cI1dzdiumQaELBxVR0IQTLL6+SVrUS1Cq1h2q5fpPHUUCn6AxdoABdoTq6Rw3URBRl6Bm9ojfPei/eu/exaF3z8pkT9Afe5w8zp5HO</latexit>

Ground-truth
<latexit sha1_base64="DS2kRM6EytU0D6Q6F1KEiYw9iks=">AAACAXicbVC7TsNAEFyHVwivACWNRYREFdkpAmV4FJRBkIeUWNH5fI5POZ+tuzOSZaWip4VfoEO0fAl/wGdwTlyQhJFWGs3sanfHjRmVyrK+jdLa+sbmVnm7srO7t39QPTzqyigRmHRwxCLRd5EkjHLSUVQx0o8FQaHLSM+d3OR+74kISSP+qNKYOCEac+pTjFQu3V61H0bVmlW3ZjBXiV2QGhRoj6o/Qy/CSUi4wgxJObCtWDkZEopiRqaVYSJJjPAEjclAU45CIp1sduvUPNOKZ/qR0MWVOVP/TmQolDINXd0ZIhXIZS8X//MGifIvnYzyOFGE4/kiP2Gmisz8cdOjgmDFUk0QFlTfauIACYSVjmdxi0g9GTA+reho7OUgVkm3Ubeb9eZ9o9a6LkIqwwmcwjnYcAEtuIM2dABDAC/wCm/Gs/FufBif89aSUcwcwwKMr18NYZcz</latexit>

DAPS Measurement Ours DPS RED-Diff Ground-truth

CelebA 64× 64 AFHQ 192× 192
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The probabilities of posterior samples

I The normalized density lets us score the samples of any solver

⇒ Prior and posterior probabilities for DPS, RED-Diff and ours

I Ours balances ground-truth prior probabilities with near ground-truth posterior probabilities
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Adaptive sampling: choosing the covariance path

I The path in Σ is a free choice → let the energy pick it

⇒ Only possible because the density is normalized (c does not depend on Σ)

Same model and noise, three unmasking orders

xt−1 = xt − δΣt∇yUθ(xt ,Σt) + (δΣt)
1
2 vt

Σt−1 = Σt − δΣt

δΣt∝ Σt∇ΣUθ(xt ,Σt)Σt

50 100 150 200 250 300
Number of measurements

0%

10%

20%

30%

40%

Cl
as
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r

Geometric scheduling
Energy-guided scheduling
Clean images

MNIST from k random pixels

No schedule to hand-pick, and it beats a geometric one when measurements are scarce
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Blind inverse reconstruction

I The degradation is unknown: estimate Σ̂ = argmax
Σ∈S log pθ(y | Σ) over a candidate set S

⇒ Only possible because the density is normalized across Σ

Two observations with (σ1, s) ∈ {(0.1, 14), (2, 20)}; log pθ(y|Σs ) against box size s (left) and noise level σ1 (right). Estimated (red, dashed)

tracks the ground truth (green, solid).
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Outline

I Intro to diffusion models

I Inference-time algorithms on pre-trained priors

Sampling algorithm
{

• Repulsive latent score distillation

I Training the model for improved inference

The model itself

{

• Energy models with anisotropic noise
• Flow map denoisers

I Discussion

34 / 47



From a single operating point to a whole family of estimators

I Every method so far sits at a single operating point of the DP plane

⇒ Guided samplers are, by construction, posterior samplers (P = 0)

⇒ The energy model gives the posterior mean E [x0|y] and a posterior sample, but limited to
linear H

I Traversing the plane means two models, retraining per operating point, or at least two network
evaluations

P

D

?

posterior sample

posterior mean

The optimal estimator at perception level P is an

interpolation of the two ends [Freirich et al., 2021]

x̂P =

(

1− P

P∗

)

x̂0 +
P

P∗
x?

I x̂0 perfect perceptual estimator

I x? posterior mean, P∗ its perceptual gap

Can a single model traverse the entire DP plane?

35 / 47



Flow matching

Convention change: from here on t = 0 is noise and t = 1 is data
(the diffusion part of the talk used x0 for the clean signal)

I A family of paths interpolating noise x0 ∼ N (0, I) and data x1

xt = (1− t)x0 + t x1

⇒ Equivalent to diffusion with a linear schedule, with x1 ∼ pdata(x1)

I Induces the velocity field v(x, t) = E [ẋt | xt = x] and the ODE ẋt = v(xt , t)

⇒ Related to the denoiser by Tweedie: v(x, t) = 1
1−t

(E [x1 | xt = x]− x)

⇒ Learned by regression (conditional flow matching loss)

I Sampling still requires numerical integration: many function evaluations
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Flow maps

I Learn the ODE solution operator

Xs,t(xs) = xt = xs + (t − s) v(xs , s, t)

⇒ v(xs , s, t) =
1

t−s

´ t

s
v(xτ , τ) dτ : the average

velocity over [s, t]

⇒ One evaluation jumps from s to t
Image from sander.ai/2026/05/06/flow-maps.html

(drawn in the diffusion convention: data at x0)
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Flow maps

I Learn the ODE solution operator

Xs,t(xs) = xt = xs + (t − s) v(xs , s, t)

⇒ v(xs , s, t) =
1

t−s

´ t

s
v(xτ , τ) dτ : the average

velocity over [s, t]

⇒ One evaluation jumps from s to t
Image from sander.ai/2026/05/06/flow-maps.html

(drawn in the diffusion convention: data at x0)

I Several losses exist (MeanFlow, Eulerian, semigroup); we use Lagrangian self-distillation

LLSD(v̂) =

ˆ 1

0

ˆ t

0

E

[∥
∥
∥∂t X̂s,t(xs)− vθ

(
X̂s,t(xs), t

)∥∥
∥

2
]

ds dt

⇒ The instantaneous change of the flow map is the velocity

I Stop-gradient on the second term; total loss L = LCFM + LLSD

⇒ ∂t X̂s,t costs one extra forward-mode JVP per step
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(drawn in the diffusion convention: data at x0)

I Several losses exist (MeanFlow, Eulerian, semigroup); we use Lagrangian self-distillation

LLSD(v̂) =

ˆ 1

0

ˆ t

0

E

[∥
∥
∥∂t X̂s,t(xs)− vθ

(
X̂s,t(xs), t

)∥∥
∥

2
]

ds dt

⇒ The instantaneous change of the flow map is the velocity

I Stop-gradient on the second term; total loss L = LCFM + LLSD

⇒ ∂t X̂s,t costs one extra forward-mode JVP per step

I These models are used for few-step sampling, but can we use them to traverse the DP plane?
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The flow map denoiser

I Two-time (average) denoiser: the denoiser associated with the flow map

Ds,t(x) := x+ (1− s) v(x, s, t)

I Properties

⇒ Diagonal consistency: at t = s it recovers the classic instantaneous denoiser

Ds,s(x) = x+ (1− s) v(x, s, s) = E [x1 | xs = x]

⇒ Perceptual endpoint: as t → 1, it behaves like a sampler
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The flow map denoiser

I Two-time (average) denoiser: the denoiser associated with the flow map

Ds,t(x) := x+ (1− s) v(x, s, t)

I Properties

⇒ Diagonal consistency: at t = s it recovers the classic instantaneous denoiser

Ds,s(x) = x+ (1− s) v(x, s, s) = E [x1 | xs = x]

⇒ Perceptual endpoint: as t → 1, it behaves like a sampler

I Continuous control: the lookahead t ∈ [s, 1] is a knob between the MMSE and the perceptual
regimes

⇒ A single trained model: both s and t are inputs of vθ(x, s, t)
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The flow map denoiser: Gaussian case

I For a Gaussian target x1 ∼ N (0, σ2
p), both estimators are linear in xs

⇒ Optimal DP: x̂P = Γ(α) xs , with α = P/P∗ the perception level

⇒ Two-time denoiser: Ds,t(xs) = Λ(s, t) xs , Λ(s, t) =
(1− s)σt − (1− t)σs

σs (t − s)

I Both are monotone with the same endpoints → a bijection α(s, t) between lookahead and
perception

Ds,t traces the optimal DP curve exactly as t varies in [s, 1]
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The flow map denoiser: image denoising

I Beyond the Gaussian case there is no closed form, so we check the DP behavior empirically

⇒ Flow map trained on CelebA 128× 128

⇒ Measurements at noise level α: y = (1− α)x1 + αε, ε ∼ N (0, I)

⇒ For α = 0.3, evaluate Ds,t at multiple lookaheads t ∈ [1− α, 1] (y = 0.7x1 + 0.3ε)

Clean Noisy ( = 0.3) MMSE (t = s) t= s+0.10 t= s+0.20 t= s+0.30 t= s+0.70

The lookahead sharpens the reconstruction, one model throughout
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PnP-Flow map: the average denoiser in a proximal solver

I How to use the flow map denoiser as a plug-and-play prior for general degradations?

⇒ Mimic a proximal solver

Plug-and-play with flow map denoisers

Require: Flow map vθ(·, s, t), observation y, operator A, noise levels {sk}, lookahead tk ∈ [sk , 1], steps {λk}

1: Initialize x0

2: for k = 0, . . . ,K − 1 do
3: zk = xk − λk∇g(xk ) . gradient step (data fidelity)
4: Sample ε ∼ N (0, I)

5: z̃k = (1 − sk ) ε + sk z
k . renoising: reproject to noise level sk

6: xk+1 = z̃k + (1 − sk ) vθ(z̃
k , sk , tk ) . flow map denoiser Dsk ,tk

7: end for
8: return xK

I The renoising step is what makes the lookahead a DP knob

⇒ It puts the iterate at the noise level sk the denoiser expects

⇒ It injects the diversity needed at the perceptual end (t → 1)

⇒ When s = t, it reduces to a standard plug-and-play proximal solver
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Results: one model, the whole plane

I Inverse problems on AFHQ: inpainting, deblurring, super-resolution

⇒ Train a flow map from scratch, with a network of ≈ 150M parameters
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Results: one model, the whole plane

I Inverse problems on AFHQ: inpainting, deblurring, super-resolution

⇒ Train a flow map from scratch, with a network of ≈ 150M parameters

I Interestingly, the curve is not the same as the convex combination of the two ends

⇒ The lookahead is a nonlinear interpolation between the MMSE and the perceptual end
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Results: comparison with baselines

I Baselines are specialized at one end; the lookahead sweeps the whole curve
Degraded D-Flow Flow Priors OT-ODE DPS PnP-Flow (t=s) PnP-Flow (t=1.0) Ground Truth
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Discussion: what we set out to fix, and what we built

Diffusion models learn powerful structural priors, with several degrees of freedom to exploit.

This thesis turns that flexibility into solvers that control the properties of the estimate.

Steering a pre-trained prior

I Slow sampling
→ higher-order Langevin

I Mode collapse with latent priors
→ repulsive latent score distillation

I Hard constraints ignored
→ shielded Langevin

Training the model itself

I Task-agnostic source
→ prior-informed flow matching

I Score without density
→ energy models, anisotropic noise

I Instantaneous velocity only
→ flow map denoisers
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The current and future landscape

Looking into the future:

I Close what is open: safe sampling with navigation potentials still lacks theoretical guarantees

I Flow maps look like the right object for controllable inverse-problem solvers

⇒ Characterization of the underlying DP curve

⇒ Characterization of the underlying “proximal operator” in the plug-and-play setting

I Scientific inverse problems: drug discovery, astronomical imaging, climate modeling

predicting the future is an impossible task, so I will stop here
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Why safety constraints in generative models?

Current Practice

I Negative prompts / filters

I Classifier guidance

I Post-processing operations

No formal safety guarantees

What we seek

I Enforce hard constraints during sampling

I Adaptive steps near forbidden regions

I Provable avoidance of unsafe regions

Formal safety guarantees

Prompt: “The artist’s sketch captured the model’s nudity with bold strokes and dynamic lines, revealing the

raw energy of the human form.”

Real systems need (hard) guarantees.
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Previous methods

Hard constraint “Soft constraint”

Convex spaces mirror/proximal/projected/barriers/primal-dual LMC penalized LMC

Non-convex spaces This proposed algorithm —

O1

O2

O3

C = ∪Oi

F = R
d \ C

πconstr(x) ∝ p(x)I{x ∈ F}

R
d

C

πconstr(x) ∝ p(x)I{x ∈ C}
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Safe sampling as navigation with obstacles

I Represent obstacle i as a constraint function

βi (x) ≤ 0 ⇐⇒ x ∈ Oi (inside obstacle)

βi (x) > 0 ⇐⇒ x ∈ free space

⇒ Example: ellipsoidal obstacle centered at µi

βi (x) = (x− µi )
>
Σi (x− µi )− r

2
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I Represent obstacle i as a constraint function

βi (x) ≤ 0 ⇐⇒ x ∈ Oi (inside obstacle)

βi (x) > 0 ⇐⇒ x ∈ free space

⇒ Example: ellipsoidal obstacle centered at µi

βi (x) = (x− µi )
>
Σi (x− µi )− r

2

I Multiple obstacles: combine such that the constraint remains positive when all of them are avoided

β(x) =
n∏

i=1

βi (x)
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Algorithm: sampling with safe constraints

I Original Langevin Monte Carlo1 is

xk+1 = xk + εk∇xk log p(xk) +
√
2τεk wk , wk ∼ N (0, I)

1particular instance of reverse process
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Algorithm: sampling with safe constraints

I Original Langevin Monte Carlo1 is

xk+1 = xk + εk∇xk log p(xk) +
√
2τεk wk , wk ∼ N (0, I)

I Proposal: sample with the following modified dynamics

xk+1 = xk + ηk

[

β(xk)∇xk log p(xk)−
log p(xk)∇xkβ(xk)

α

]

+
√

2ηkτβ2(xk)wk

I Inspired by Rimon–Koditschek artificial potential from navigation

⇒ Adaptive step-size ηkβ(xk) + repulsion effect

⇒ Far from obstacles → standard Langevin

⇒ Near obstacles → smaller steps + repulsive drift

I Derivation and analysis via Wasserstein gradient flow in probability space with a convex objective

1particular instance of reverse process
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Experiment: 2D Gaussian

I Sample from a mixture of 2 Gaussians with 2 obstacles

⇒ µ1 =

[
−2
−1

]

,µ2 =

[
0.7
1

]

and Σ1 =

[
2 1
1 2

]

,Σ2 =

[
0.5 −0.25
−0.25 0.5

]

⇒ β1 =

(

x−
[
−0.1
1

])2

− 0.42, β2 =

(

x−
[

1
−0.1

])2

− 0.42

−3 −2 −1 0 1 2 3

x

−2

−1

0

1

2

y

K = 5

Langevin Samples

Obstacles

Level sets
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Prior-Informed Flow Matching (PIFM) for graph reconstruction

Goal: Recover complete graph A from partial observations AO (equiv. to image inpainting)
Framework: A permutation-equivariant version of the distortion–perception trade-off

D(P) = min
p(Â|AO)

{

E

[

‖A− Â‖2F
]

: d(pA, pÂ) ≤ P
}

, d is some divergence

Blurred observation
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Prior-Informed Flow Matching (PIFM) for graph reconstruction

Goal: Recover complete graph A from partial observations AO (equiv. to image inpainting)
Framework: A permutation-equivariant version of the distortion–perception trade-off

D(P) = min
p(Â|AO)

{

E

[

‖A− Â‖2F
]

: d(pA, pÂ) ≤ P
}

, d is some divergence

Blurred observation

At P = 0, the optimal solution decomposes into two steps:

I Step 1 (MMSE): Estimate conditional mean via latent variable model

I Step 2 (OT): Learn optimal transport with data-dependent source
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Step 1: latent variable model for MMSE

I Assumption 1: Model edges through latent node representations z1, . . . , zn ∈ Z:

Aij ∼ Bernoulli(f (zi , zj))

I Assumption 2: Conditional independence assumption: edges depend only on latent structure:

P(A|Z) =
∏

i<j

P(Aij |zi , zj) =
∏

i<j

f (zi , zj)
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Step 1: latent variable model for MMSE

I Assumption 1: Model edges through latent node representations z1, . . . , zn ∈ Z:

Aij ∼ Bernoulli(f (zi , zj))

I Assumption 2: Conditional independence assumption: edges depend only on latent structure:

P(A|Z) =
∏

i<j

P(Aij |zi , zj) =
∏

i<j

f (zi , zj)

I This model yields the following MMSE estimate:

Â? = E

[

A|AO
]

= P(A|Z) ≈ fprior(A
O)

where fprior is a neural network that predicts edge probabilities

⇒ Requires an inverse mapping z−1 : A→ Z
⇒ Any pre-trained link prediction method (node2vec, GraphSAGE, Graphons [Azizpour 2025])
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Step 2: data-dependent flow matching

I We consider the following interpolant (rectified flow) between source A0 and data A1 = A

At = (1− t)A0 + tA1, A0 ∼ p0 = N (0, I) (task-agnostic)
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Step 2: data-dependent flow matching

I We consider the following interpolant (rectified flow) between source A0 and data A1 = A

At = (1− t)A0 + tA1, A0 ∼ p0 = N (0, I) (task-agnostic)

I Proposal: Replace the source with a prior-informed one:

A0 = AO + (1− ξ)�
(
fprior(A

O) + εs
)
, εs ∼ N (0, σ2

s I)

where ξ is the observation mask and fprior(A
O) ≈ E

[
A|AO

]
on the masked pairs

I Benefits:

⇒ Source distribution conditioned on observed graph AO

⇒ Leverage an initial estimator as prior-informed initialization

⇒ Learn global information
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Toy experiment: learning global dependencies

Setup: Four-node graph with constraint: diagonal edges e02, e13 must have the same value

E = {[e02 = 1, e13 = 1], [e02 = 0, e13 = 0]}, P([1, 1]) = 0.6, P([0, 0]) = 0.4

I Discretization with Euler method → K is the number of steps
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PIFM - k = 5
PIFM - k = 100
Node2Vec
Target modes

Mode [0,0] Mode [1,1] [1,0] and [0,1]
Class
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0.4

0.6

0.8

1.0

Pr
op
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tio

n

37.00%

63.00%

0.00%

Edge-wise Prior (node2vec)

I Predicts each edge independently

I Model is misspecified

I Can generate structurally invalid graphs

Solution: Prior-Informed Flow Model

I Predictions are global

I Learns correct mode proportions

I Generates only valid graphs
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Comparison with baselines

Graph reconstruction performance with 50% of edges masked (0.5 Drop).

Mask Rate: 50% (0.5 Drop)

ENZYMES PROTEINS IMDB-B
Method AP ↑ AUC ↑ FNR ↓ FPR ↓ AP ↑ AUC ↑ FNR ↓ FPR ↓ AP ↑ AUC ↑ FNR ↓ FPR ↓

Baselines
Node2Vec 19.14 55.22 46.37 44.29 23.51 53.83 51.37 44.36 54.20 52.22 48.41 47.51
SIGL 16.88 49.30 72.01 27.85 22.90 52.55 100.00 0.00 50.05 45.41 87.68 18.80
GraphSAGE 22.79 57.77 40.02 52.16 27.71 53.99 32.16 66.86 75.74 75.54 18.18 44.86
DiGress + RePaint 17.34 55.22 77.95 11.62 23.65 55.45 71.46 17.65 56.47 58.89 73.00 10.27
GDSS + RePaint 16.43 49.65 69.45 30.46 22.33 51.42 66.44 32.23 53.39 51.20 69.35 29.22
Flow w/ Gaussian prior 17.43 51.84 98.49 1.07 26.40 55.55 93.21 5.25 78.72 79.76 41.56 14.62

Ours
PIFM (Node2Vec) 22.95 59.14 90.71 3.53 27.57 59.68 87.05 8.98 84.46 85.71 32.95 15.03
PIFM (GraphSAGE) 25.44 61.36 95.62 1.86 35.50 60.61 85.05 10.23 93.13 93.84 17.52 7.61
PIFM (SIGL) 17.08 49.15 86.06 12.28 28.38 59.58 61.20 20.38 59.83 58.11 38.90 36.76
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