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What about Inverse Problems?
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This Tutorial:
Opportunities and Challenges
of Al for Inverse Problems



Inverse problems

e Formulation

y=9d(x)+ ¢



Inverse problems

e Formulation

y=9d(x)+ ¢

Ground truth
(signal to be recovered)



Inverse problems

e Formulation

y=9d(x)+ ¢

/

Forward operator Ground truth
(possibly non-linear)  (signal to be recovered)



Inverse problems

e Formulation

= d(x)+ ¢

/N

Forward operator Ground truth Noise
(possibly non-linear)  (signal to be recovered)



Inverse problems

e Formulation

y=9d(x)+ ¢

LN T

Measurements Forward operator Ground truth Noise
(observations) (possibly non-linear)  (signal to be recovered)



Inverse problems

e Formulation

y=9d(x)+ ¢

LN T

Measurements Forward operator Ground truth Noise
(observations) (possibly non-linear)  (signal to be recovered)



Inverse problems

e Formulation

= d(x)+ ¢

N

Measurements Forward operator Ground truth Noise
(observations) (possibly non-linear)  (signal to be recovered)

- Typically we have more unknowns than measurements



Inverse problems

e Formulation

= d(x)+ ¢

N

Measurements Forward operator Ground truth Noise
(observations) (possibly non-linear)  (signal to be recovered)

- Typically we have more unknowns than measurements



Inverse problems

e Formulation

y=9d(x)+ ¢

LN T

Measurements Forward operator Ground truth Noise
(observations) (possibly non-linear)  (signal to be recovered)

- Typically we have more unknowns than measurements

- Infinitely many solutions can be consistent with the observations
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- nice theoretical guarantees on recovery
- exploiting sparsity in transform domain
- special case: MRI reconstruction
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* |npainting

1 if x issampled

() ,otherwise

A — S diagonal operator, with Sii ={

Damaged image Restored image
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e Simplest case
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- Typically: unknowns >> measurements

- No uniqgue solution
- @Goal: find the “best” solution that is consistent with the measurements

Minimum norm solution: ¥ = AT(AAT)_ly

Can we do better by leveraging side-information?
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Tackling inverse problems (2)

e Compressed sensing formulation

min ||./(x) — y||I> + R(x)

) / \
data prior
consistency knowledge

- Regularizer enforces prior knowledge on signal structure
- Most often: sparsity in some transform domain (Fourier, Wavelet)
- Solution: numerical, iterative algorithms
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e Data-driven methods

- Generative prior-based methods: learn distribution of X from data

RANDOM NOISE GEnERATOR 7 /
> — ' min £ (AG(z), y)
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G

- End-to-end methods: learn mapping from measurements to reconstruction directly

mein Z(Jo(), X)
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- Diffusion solvers

Forward diffusion

Backward diffusion
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Deep Generative Models
(DGM)

e Challenge: efficient modeling of high-dimensional distributions

® |earn mapping from simple “seed” distribution to complex data distribution

* Parameterize mapping as a deep neural network
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e Variational Autoencoders (2013) e Generative Adversarial Networks (2014)
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Timeline of Deep
Generative Architectures

e Variational Autoencoders (2013) e Generative Adversarial Networks (2014)
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e Normalizing Flow Models (2015) e Diffusion Models (2015, dominantly since 2020)
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Compressed Sensing using
Generative Models

Step 1: Pre-train generator on available training data
G(2)

Decoder
po(x|z)

Encoder
q4(2[x)

n
/ . 2
. min > 11Gy(z) = %17,
i=1

VAE (example)

Bora, A., Jalal, A., Price, E. and Dimakis, A.G., 2017, July. Compressed sensing using generative models. In International Conference on Machine Learning (pp. 537-546). PMLR.
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e find vector in latent space of a generator
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Step 1: Pre-train generator on available training data

X ——

e find vector in latent space of a generator

Encoder
q4(2[x)

———

G(z)

Decoder

po(x|2)

VAE (example)
Step 2: Leverage generative prior for reconstruction

min | [AGy(z) — y| |
<

n
; 2
min > 11Gy(z) = %17,
i=1

e such that corresponding sample in data space

Bora, A., Jalal, A, Price, E. and Dimakis, A.G., 2017, July. Compressed sensing us

ing generative models. In International Conference on Machine

Learning (pp. 537-546). PMLR.



Compressed Sensing using
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Step 1: Pre-train generator on available training data
G(2)

n

ncoder ecoder ’ < 2

1 gl o) [ meln Z 1Go(z)) — x;ll,
i=1

VAE (example)
Step 2: Leverage generative prior for reconstruction

min | [AGy(z) —y| |
<

e find vector in latent space of a generator

e such that corresponding sample in data space
® s consistent with the observations

Bora, A., Jalal, A., Price, E. and Dimakis, A.G., 2017, July. Compressed sensing using generative models. In International Conference on Machine Learning (pp. 537-546). PMLR.



Compressed Sensing using
Generative Models

Step 1: Pre-train generator on available training data
G(2)

n

ncoder ecoder ’ < 2

1 gl o) [ meln Z 1Go(z)) — x;ll,
i=1

VAE (example)
Step 2: Leverage generative prior for reconstruction

min | [AGy(z) — y| |
<

e find vector in latent space of a generator

e such that corresponding sample in data space
® s consistent with the observations

For given MSE, 5-10x less measurements than classical sparsity-based methods!

Bora, A., Jalal, A., Price, E. and Dimakis, A.G., 2017, July. Compressed sensing using generative models. In International Conference on Machine Learning (pp. 537-546). PMLR.



DGM in Phase Retrieval
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Hand, P., Leong, O. and Voroninski, V., 2018. Phase retrieval under a generative prior. Advances in Neural Information Processing Systems, 31.
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Hand, P., Leong, O. and Voroninski, V., 2018. Phase retrieval under a generative prior. Advances in Neural Information Processing Systems, 31.
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End-to-end methods in MR
reconstruction

e fastMRI public leaderboard

AIRS-Net
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fastMRI Repo End-to-End VarNet

8x 0.0085 0.8920 371 °
11/11/2020
SubtleMR

8x 0.0085 0.8919 371 o
6/23/2020
Denemed4

8x 0.0085 0.8919 37.1 Q
10/7/2021

All end-to-end methods!
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Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." International Conference on Medical image computing and computer-assisted
intervention. Springer, Cham, 2015.
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Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." International Conference on Medical image computing and computer-assisted
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Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for biomedical image segmentation." International Conference on Medical image computing and computer-assisted
intervention. Springer, Cham, 2015.
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E2E VarNet

e Unroll GD iterations in k-space

Sriram, A., Zbontar, J., Murrell, T., Defazio, A., Zitnick, C. L., Yakubova, N., ... & Johnson, P. (2020). End-to-end variational networks for accelerated MRI reconstruction. In International Conference on
Medical Image Computing and Computer-Assisted Intervention (pp. 64-73). Springer, Cham.
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Sriram, A., Zbontar, J., Murrell, T., Defazio, A., Zitnick, C. L., Yakubova, N., ... & Johnson, P. (2020). End-to-end variational networks for accelerated MRI reconstruction. In International Conference on
Medical Image Computing and Computer-Assisted Intervention (pp. 64-73). Springer, Cham.
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e Unroll GD iterations in k-space
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Sriram, A., Zbontar, J., Murrell, T., Defazio, A., Zitnick, C. L., Yakubova, N., ... & Johnson, P. (2020). End-to-end variational networks for accelerated MRI reconstruction. In International Conference on
Medical Image Computing and Computer-Assisted Intervention (pp. 64-73). Springer, Cham.
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e Unroll GD iterations in k-space

Xl =yt — tﬂ*(ﬂ ry _ t F t+1 _ pt 1 t 1 t
=x'—u (x") — y) + Dy(x") > k™t =k — MK - k) + WK
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* Denoiser @, is a U-Net
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e Unroll GD iterations in k-space
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* Denoiser @, is a U-Net

Can we do better with modern architectures?
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Transformers?

e Benefits of Transformers
- conv kernels are content-independent
- conv is not efficient for long-range dependency modelling

e Self-attention mechanism

‘ Quadratic in # of patches!
Z

<

X WK _> K:XWK _> Atmntion(Q,K,V):softmax<QKT>V —>

\Vd

Multi-Head
Attention

Wy —— V=XW, —




HUMUS-Net

Hybrid Unrolled Multi-scale Network Architecture for

Accelerated MRI Reconstruction

_

Noisy image

. i —

High-Res
Feature Extraction

— {{fi#

Low-Res
Feature Extraction

Multi-scale Hybrid
Feature Extraction

High-Res
Image Reconstruction

e

/

Denoised image
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Deep Unrolling in lensless
Imaging

Optional Denoiser Network

— forwards

. >
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Monakhova, Kristina, et al. "Learned reconstructions for practical mask-based lensless imaging." Optics express 27.20 (2019): 28075-28090.



Deep Unrolling in lensless
Imaging
Learned (unrolled) ADMM

Optional Denoiser Network
— forwards

Le-ADMM (N layers) N I]I]l]_l]l]u ;\ | <— backwards
©o7 1 DO0—000 N
1l AL = o G
5 x
2@ > P — ¥ s loss
| “— function

. reconstruction
kth layer I
k—1 , k-1 , k—1 Least
{u v w* | Prox _, Dual _ G
| k—l’ k—1 " squares 3= updates *— updates < —> {u”, 0", w", v , Q0 } ground truth
ve gt ol @ updates ), (lensed)

Monakhova, Kristina, et al. "Learned reconstructions for practical mask-based lensless imaging." Optics express 27.20 (2019): 28075-28090.



Deep unrolling in coded
Illumination pattern design

(@) Coded-lllumination Microscope \
lllumination Sample Microscope Camera

UL L

o

- y.

c) Physics-based Learned Design / (b) Computational Reconstruction \
Updated Design Previous Desngn ' = -

Grad|ent
Update With
Backpropagation

Kellman, M. R., Bostan, E., Repina, N. A., & Waller, L. (2019). Physics-based learned design: optimized coded-illumination for quantitative phase imaging. IEEE Transactions on Computational Imaging, 5(3),
344-353.



Deep unrolling in coded
Illumination pattern design

(a) Coded-lllumination Microscope \

lllum _natlon Sample Microscope Camera
®

—i» L
]
=
(c) Physics-based Learned Design [ (b) Computational Reconstruction \
Updated Design Previous Desngn j . :

Gradlent
Update With
Backpropagatlon

1st nth
iteration iteration

n? iteration
—
~

Kellman, M. R., Bostan, E., Repina, N. A., & Waller, L. (2019). Physics-based learned design: optimized coded-illumination for quantitative phase imaging. IEEE Transactions on Computational Imaging, 5(3),
344-353.
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e Linearinverse problem formulation

¥ =argmin ||Ax — y||*? + #(x) andassume R(x) = xTRx
X
e Then the minimizer is
¥F=ATA+R) ATy
e Neumann series expansion of inverse
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e Linearinverse problem formulation

¥ =argmin ||Ax — y||*? + #(x) andassume R(x) = xTRx
X

e Then the minimizer is
¥F=ATA+R)'ATy

e Neumann series expansion of inverse

B™'=n) (I-nB)"
k=0
—> [1—
gol,
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The Neumann Network

e Linearinverse problem formulation

¥ =argmin ||Ax — y||*? + #(x) andassume R(x) = xTRx
X
e Then the minimizeris
f=@A"A+R)~'ATy

e Neumann series expansion of inverse

oo

B-1 — UZ(I _ nB)* skip connections arise naturally!

Gilton, D., Ongie, G. and Willett, R., 2019. Neumann networks for linear inverse problems in imaging. IEEE Transactions on Computational Imaging, 6, pp.328-343.



Diffusion Models

(Many slides stolen from Arash Vahdat
and collaborators see refs at the end)
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* What made this possible? Two key advances:
- CLIP
- Powerful generative models (diffusion)
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Denoising Diffusion Probabilistic Models

forward diffusion process

Xo ~ q(x)

real data distribution

Forward diffusion process
g | x,_1) = V(% ; V 1 = px,_y, PI) q(xy.7] X0) = Hq(xtlxt—l)

variance schedule: {f, € (0,1)}tT=1
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Forward sampling

q(xtlxt—l)

—

e Reparametrization trick

qx | x,_) = N s/ 1 =Xy, i) > =1 =fx_ + \/Eet—b €1~ NV(O0.0)
/ \

deterministic variable aux. independent random
variable

X, =+/1=px_+ \/Ftet—l = \/Etxt—l +4/1 —ae
= A/ O/ F1 X2 F \/Et\/l — o165t/ 1 — €

\/at\/at—lxt—Z + \/1 —o0y_1€,




Forward sampling

q (x| x,_y)

e Reparametrization trick

qx | x,_) = N s/ 1 =Xy, i) > X =1 =px_ 1+ \/Eet—b €1 ~ N(O0.D)
aux. independent random

deterministic variable
variable

X, =+/1=px_+ \/Ftet—l = \/Etxt—l +4/1 —ae
= A/ O/ F1 X2 F \/Et\/l — o165t/ 1 — €

Va4 1%, + VIi—oo &, =...= Va1 oy + VIi-oo ...a

€




Forward sampling

q (x| x,_y)

e Reparametrization trick

qO; %) = V(X 54/ 1 = Bixi_y, B > X, =1 -fx_ + \/Eet—b €1 ~ NV(O0,D)
deterministic variable aux. independent random
variable

X, =+/1=px_+ \/Ftet—l = \/Etxt—l +4/1 —ae
= A/ O/ F1 X2 F \/Et\/l — o165t/ 1 — €

= /oo x oty —aa &, = = \Joa_ . axgtyl-aa_ ...

= \/Etxo+\/1 —a,e, €~ N0,




Forward sampling

q(xtlxt—l)

e Reparametrization trick

Xo ~ g (x)
qO; %) = V(X 54/ 1 = Bixi_y, B > X, =1 -fx_ + \/Fret—l’ €1 ~ NV(O0,D)
deterministic variable aux. independent random

variable

X, =T =Px_ +/Bes = \Jax_ +/1 - e,
= /O /0 X5+ Jan/T—a_je 5 +/T—ae_,
= /oo x oty —aa &, = = \Joa_ . axgtyl-aa_ ...
=/Axo+/1—ae, e~ 0]

Sampling from forward process at any t :

X, =4/qxg++/1—ae, €~ N0




Reverse diffusion

“Creating noise from data is easy; creating data from noise is generative modeling.”l"]

[1] Song, Y., Sohl-Dickstein, J., Kingma, D.P., Kumar, A., Ermon, S. and Poole, B., 2020. Score-based generative modeling through stochastic differential equations. arXiv preprint arXiv:2011.13456.
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Reverse diffusion

“Creating noise from data is easy; creating data from noise is generative modeling.”l"]

q(x; | x,_y)

/

X ~ q(x)

q(x,_1|x) =777 Reverse diffusion process

o If B, issmall, g(x,_;|x,) is also Gaussian
e Estimating q(x,_;|x,) is difficult, learn a model instead!

Reverse diffusion process

T
Pox,_1|x) = N(x_15 po(x, 1), Zg(x,, 1)) Po(Xo.7) = Pe(XT)Hpe(xt—l | x,)
=1

How to learn Po ?

[1] Song, Y., Sohl-Dickstein, J., Kingma, D.P., Kumar, A., Ermon, S. and Poole, B., 2020. Score-based generative modeling through stochastic differential equations. arXiv preprint arXiv:2011.13456.
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e Reverse conditional probability is tractable

q(x, | X1, %) q(X,_; |x0)

q(x: | xo)

Q(xt—l |-xt7 x()) —

qx,_1 | X, x0) = V(%13 A, Xo), i)

®* Reverse process:

5 1 l —a,
He = \/Et A m € PoX_q | x) = N (x_ys pg(x,, 1), Lg(x,, 1))
_ 1 l — ¢,

X, — €y(X,, 1)

> 1 - A1 ﬂ@(xp t) =

p, = 1—a, P, \/Et
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Putting It all together

® Training

_ = = 2
Lsimple — [Etrv[l,T],xo,e, ”€t — €p V Oy Xy + \V 1 - atet’t ”

forward diffusion

X, =4/qxg+4/1 - ae

>

t ~ U[1,T]
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Putting it all together

e Sampling (naive) Reverse diffusion process parameterization
pH('x[—l |xt) — '/V(xt—l; ﬂ@(-xp t)a Zﬁ(xp t))

1 l —a
X, — ———€y(x,, 1)

va\" V=g

predicted noise  predicted mean add noise

b 57

/’lﬁ(xt’ t) =

——— ——




Putting it all together

e Sampling (naive) Reverse diffusion process parameterization
pH(x[—l |xt) — '/V(xt—l; ﬂ@(-xp t)a Ze(xp t))
1 I —a

,ng(xt, t) = ﬁ X, — 1—_&[69()9, t)
predicted noise predicted mean add noise
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Putting It all together

e Sampling (naive Reverse diffusion process parameterization
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Diffusion Models as
Score Matching



Forward Diffusion

Consider the forward diffusion process again:

Forward diffusion process (fixed)

Data Noise

Q(xtlxt—l) = N(xt; v/ L— By xt—la,BtI)



Forward Diffusion

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise

. . q(x¢|x¢—1) = N(%¢; v/ 1 — B x¢—1, Be) .

= Xt=v1—ﬁtxt—1+\/—ﬂ—t-/v(0a1)

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021




Forward Diffusion

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise
. il q(x¢|x¢—1) = N(x¢5 /1 — Br x¢—1, Be]) .
x; = v/1—Bixe_1 + /B N(0,T)
= = /1 - B)Atx;_1 + +/B(t) At N(0,T) (B: = B(t)At)

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021




Forward Diffusion

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise

A .1 q(x¢|x¢—1) = N (%45 /1 = B X¢—1, Be]) .

x; = /1= B xs_1 + /B: N(0,1)

= /1= B(t)Atx;_1 +/BE)ALN(0,T) (B: == B(t)At)
= N Xyl — ’B(tz)Atxt_l + v/ B(t)AtN(0,1) (Taylor expansion)

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021




Forward Diffusion

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise

T - 208, rminD x

i

ey = —%B(t)xt dt + +/B) duw;

Stochastic Differential Equation (SDE)
describing the diffusion in infinitesimal limit

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021




The Generative Reverse
Stochastic Differential Equation

Forward diffusion process (fixed)

Forward Diffusion SDE:

drift term diffusion term
R G ti 1 _
e[\;ti%fl;zt;ore'r:[;a&lve dx; = [_ 55 (t)x: — B(t)Vx, log gs(x¢) | dt + 1/ B(t) dw;

“Score Function”

=) Simulate reverse diffusion process: Data generation from random noise!

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021




Diffusion Models In
Inverse Problems



General framework

y = (xg) + 2

Unconditional sampling

A

Xt; — h(j\(tz y Lj, S@* ()A(t'i 9 tl))

—1

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



General framework

y = (xg) + 2

Unconditional sampling Measurement conditioned sampling

A

Xt; , = h(Xt,,2i, sg% (X1,,1i)) 1) Data consistency step

%, = k(% 91,5 )

2) Unconditional diffusion step

A

Xt , = h(X} ,2;, 8¢% (X4;,t:)), i=N,N—1,--- 1

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



General framework

y = (xg) + 2

Unconditional sampling Measurement conditioned sampling

A

Xt; , = h(X¢,,2i, Sgx (Xt,,1i)) 1) Data consistency step

)A(;l = k(i/-z y y[ui y )‘)
2) Unconditional diffusion step

Xy, = h(Xy,, 2%, 8% (Xy4,,t)), i=N,N—-1,---,1

results

e B—()

- | Jnconditional generation
Inverse problem solving

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Medical imaging example

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Medical imaging example
Assume that the forward model has the form:
A (xy) = P(N)Tx, m#g— ding(A
—

subsampling invertible ._,“ .

Sinogram  diag(A

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Medical imaging example
Assume that the forward model has the form:
A (xy) = P(N)Tx, mﬂg_ ding(A
—

4

X Sinogram  diag(A

subsampling invertible

Measurement conditioned sampling

1) Data consistency
)A(:‘L = k(kf.é ) y[)i ) >‘)
2) Unconditional diffusion

Re, oy = bRy, 2 9% Ry i)y T=N,N—1,:-:,1

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Medical imaging example
Assume that the forward model has the form:
A (xy) = P(N)Tx, m#g— ding(A
—

subsampling invertible ._,m .

Sinogram  diag(A

Measurement conditioned sampling

1) Data consistency
)A(:‘L = k(k{-é ) yﬁi ) >‘)
2) Unconditional diffusion

}A(ti_l = h()A(;i,Z,j, Sg* ()A(flfl)), 1 = qu N = 1’ S ¥ 8 ’1
Data consistency:

%, —argmin{(1 — \) ||z — %, |7 + min A ||z —u||5} st. Au=7y,,
L z€eR™ u€eR™

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Reconstruction results

PSNR: 15.32, SSIM: 0.796 PSNR: 17.79, SSIM: 0.454 PSNR: 17.60, SSIM: 0.471 PSNR: 27.88, SSIM: 0.908 PSNR: 35.57, SSIM: 0.929

PSNR: 20.30, SSIM: 0.778 PSNR: 22.94, SSIM: 0.552 PSNR: 22.78, SSIM: 0.603

(a) FISTA-TV (b) cGAN (c) Neumann  (d) SIN-4c-PRN (e) Ours (f) Ground truth

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Deblurring and inpainting results

F7IRURECER:

Original ~ Occluded 'DDRM (20)

Kawar, Bahjat, et al. "Denoising diffusion restoration models." arXiv preprint arXiv:2201.11793 (2022).




Intuition

M, M,

—> sgr > Vylly — ARz  —> proj

Song, Yang, et al. "Solving inverse problems in medical imaging with score-based generative models." arXiv preprint arXiv:2111.08005 (2021).



Diffusion Posterior Sampling

e Bayesian framework
y=A(x) +n po(z|y) x po(x)p(y|z)
solve inverse problem = sample from posterior

M, M,
y = A(x) Mz

—> Spr —> Uy lly — ARo)IIZ



Diffusion Posterior Sampling
y=A(x)+n po(z|y) x po(x)p(y|z)

solve inverse problem = sample from posterior

e Hijacking the diffusion process
M, M,

Ve logpe(x|y) = Vg logpe(x) + Vi logp(y|x) y = A(x)
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Diffusion Posterior Sampling

e Bayesian framework
y=A(x)+n po(x|y) x po(x)p(y|z)

solve inverse problem = sample from posterior

e Hijacking the diffusion process
M, M,

= M
Ve logpe(x|y) = Vg logpe(x) + Vi logp(y|x) y = A(x) .

v

prior = pre-trained diffusion model

—> Sg° —> Uy lly — ARo)IIZ

Chung, Hyungjin, et al. "Diffusion posterior sampling for general noisy inverse problems." arXiv preprint arXiv:2209.14687 (2022).



Diffusion posterior samplin

Measurement GT DDRM MCG(ours)

Chung, H., Sim, B., Ryu, D. and Ye, J.C., 2022. Improving Diffusion Models for Inverse Problems using Manifold Constraints. arXiv preprint arXiv:2206.00941.



Dirac Diffusion



old diffusion

Original » Degraded
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Bansal, Arpit, et al. "Cold diffusion: Inverting arbitrary image transforms without noise." arXiv preprint arXiv:2208.09392 (2022).



old diffusion

Reverse

» Degraded > Generated

Noise
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Bansal, Arpit, et al. "Cold diffusion: Inverting arbitrary image transforms without noise." arXiv preprint arXiv:2208.09392 (2022).



Stochastic Degradation
Process (SDP)
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Degradation Severity
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DiracDiffusion
(Denoising and Incremental Reconstruction
with Assured Data-Consistency)

We learn to iteratively reverse small steps of degradation, which
we call incremental reconstruction (IR).
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Experimental Results

1071

1072

LPIPS

Data-consistency

|

DDRM
DPS

R — Dirac
) - - = Noise Floor
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0.4
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Fast sampling

o DDRM
- DPS
—e— Dirac

| | |
1 5 20 100 500 1000

NFEs

Gaussian blur

e

Inpainting

Excellent reconstruction quality

Measurement ' SwinlIR

N

-

Our‘s-DO

Ours-PO
v |

Deblurring Inpainting
Method PSNR(T) SSIM(1) LPIPS(}) FID(}) PSNR(T) SSIM(1) LPIPS(!) FID({)
Dirac-PO (ours) 26.67 0.7418 0.2716 53.36 25.41 0.7595 0.2611 39.43
Dirac-DO (ours) 28.47 0.8054 0.2972 69.15 26.98 0.8435 0.2234 51.87
DPS (Chung et al., 2022a) 25.56 0.6878 0.3008 65.68 21.06 0.7238 0.2899 57.92
DDRM (Kawar et al., 2022a) 27.21 0.7671 0.2849 65.84 25.62 0.8132 0.2313 54.37
SwinlIR (Liang et al., 2021) 28.53 0.8070 0.3048 72.93 24.46 0.8134 0.2660 59.94
PnP-ADMM (Chan et al., 2016) 27.02 0.7596 0.3973 74.17 12.27 0.6205 0.4471 192.36
ADMM-TV 26.03 0.7323 0.4126 89.93 11.73 0.5618 0.5042 264.62

Deblurring Inpainting
Method PSNR(1) SSIM(t) LPIPS(}) FID({) PSNR(T) SSIM(1) LPIPS(l) FID(})
Dirac-PO (ours) 24.68 0.6582 0.3302 53.91 26.36 0.8087 0.2079 34.33
Dirac-DO (ours) 25.76 0.7085 0.3705 83.23 28.92 0.8958 0.1676 38.25
DPS (Chung et al., 2022a) 21.51 0.5163 0.4235 52.60 22.71 0.8026 0.1986 34.55
DDRM (Kawar et al., 2022a) 24.53 0.6676 0.3917 61.06 25.92 0.8347 0.2138 33.71
SwinIR (Liang et al., 2021) 25.07 0.6801 0.4159 84.80 26.87 0.8490 0.2161 45.69
PnP-ADMM (Chan et al., 2016) 25.02 0.6722 0.4565 98.72 18.14 0.7901 0.2709 101.25
ADMM-TV 24.31 0.6441 0.4578 88.26 17.60 0.7229 0.3157 120.22

Table 1. Experimental results on the FFHQ (top) and ImageNet (bottom) test splits.



Untrained methods






Future Directions



Reliability Challenge



Hallucinations




Hallucinations

e DL model “sees” features
on reconstructions that
shouldn’t be present
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Hallucinated features
appear real as opposed to
reconstruction artifacts



Hallucinations

DL model “sees” features
on reconstructions that
shouldn’t be present
Hallucinated features
appear real as opposed to
reconstruction artifacts

Can lead to critical mistakes
(misdiagnosis)



Critical reconstruction errors

ing example

scale imag
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DL reconstruction

Target nano-structure
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Data Scarcity Challenge
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Deep Iearning is data-hungry

highly recommend

love place

food good

las vegas

g ol o g !
H)-'-" ARG F

i i F e &

“{'ﬂ“t‘u‘ n,v: 2y kI ﬂ' h '&\ & st i’ TV ALY # :: service great
£ £ é - = great service happy hour
food great staff friendly
great place

customer service

'Internet data'

#%
Data acquisition Tfﬁ@ readily available
Cost very low
Amount of data huge

How about scientific data?




leval DataSet

Create a Phase Retr




Reduce reliance on training data



Reduce reliance on training data
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Reduce reliance on training data
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Computational/complexity
Challenge



Complexity of scientific data

High spatial resolution




Complexity of scientific data

High spatial resolution Large number of image channels

15+ coils

640 x 368



Complexity of scientific data

High spatial resolution Large number of image channels

640 x 368

magnitude
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