GENERATIVE MODELS FOR UNCERTAINTY QUANTIFICATION OF
MEDICAL AND SEISMIC IMAGING

A Dissertation
Presented to
The Academic Faculty

Rafael Orozco

In Partial Fulfillment
of the Requirements for the Degree
Doctor of Philosophy in the
School of Computational Science and Engineering
College of Computing

Georgia Institute of Technology

December 2024

© Rafael Orozco 2024



GENERATIVE MODELS FOR UNCERTAINTY QUANTIFICATION OF
MEDICAL AND SEISMIC IMAGING

Thesis committee:

Dr. Felix J. Herrmann

School of Computational Science and En-
gineering

Georgia Institute of Technology

Dr. Peng Chen

School of Computational Science and En-
gineering

Georgia Institute of Technology

Dr. Costas Arvanitis
Department of Biomedical Engineering
Georgia Institute of Technology

Dr. Raphael Pestourie

School of Computational Science and En-
gineering

Georgia Institute of Technology

Dr. Matthias Morzfeld
Scripps Institution of Oceanography
University of California, San Diego

Date approved: December 2024



When the facts change, I change my opinion. What do you do, sir?

John Maynard Keynes



For my loved ones



ACKNOWLEDGMENTS

I want to firstly acknowledge my advisor, Dr. Felix Herrmann, who was 100% com-
mited to my projects as if they were his own. His commitment to see my projects succeed
made my colleagues jealous because I had practically infinite face time with my advisor. I
will never forget where I came from.

I will forever be grateful to my parents who never pressured me but instead gave me
room to grow and find what I enjoyed doing. My siblings, Raquel, Leo and Paquito who
were always on my team and were always available to listen and to problem solve. My
cousins who are my best friends.

I am very grateful to all of my defense committee members. Dr. Mathias Morzfeld,
who showed me the ledge of the slippery slope of research and promised me that if I took a
leap I would never work a day of my life because of how much fun it would be. Nine years
later, I can full heartedly agree that I am privileged to be excited every day to solve inter-
esting research problems. Dr. Peng Chen for the kind motivating feedback and continuous
insights which lead to a collaboration in a chapter of this thesis. Dr. Costas Arvanitis for
anchoring my medical imaging projects towards clinical relevance and applicability. Dr.
Raphael Pestourie for kindly agreeing to serve on my committee at the last minute, having
to move meetings.

Dr Tristan Van Leeuwen for serving on my proposal committee, graciously hosted me
for a summer of exciting research in Amsterdam and for the many collaborations that lead
to many chapters of this thesis. Dr. Edmond Chow for giving me useful constructive
feedback in my oral qualifying exam and also during my proposal.

I owe so much of my research progress to the alumni from SLIM lab on who’s shoulders
I am honored to stand on: Dr Ali Siahkoohi, Dr. Gabrio Rizutti, Dr. Philipp Witte, Dr
MengMeng Yang, Dr Yijun Zhang, Dr. Shashin Sharan and the current students who am

proud to call my colleagues: Abhinav Gahlot, Tuna Erdinc, Richard Arockiasamy, Yunlin



Zeng, Haoyun Li, Grant Bruer, Jeongjin Park, Shiqin Zeng, Zijun Deng and Ipsita Bhar.

In particular, I want to thank Dr. Mathias Louboutin who stayed as a postdoc at SLIM
and was an amazing mentor of the next generation of students. He is the person with the
most intelligence I have met and was infinitely busy yet always had the time to generously
give some of his valuable brain cycles to help me on my research. His collaborations and
the software he developed, accelerated my research by many years.

I am grateful to my lab brother Dr. Ziyi Yin who was a loyal comrade in the trenches
from the start and who to a fault, never said no to anyone asking for help. A high compli-
ment would be to be called his digital twin.

Thank you to Will Powell for all of the work in supporting our compute infrastructure
including many days of weekend work.

I want to thank the academic faculty and staff at the CSE program in particular Dr.
Elizabeth Cherry, Nirvana Edwards, Iris Hamilton, and Bryant Wine.

The big lunch group of fellow Georgia Tech students to commiserate and to celebrate
with: Dr. Conlain Kelly whos conversations were always healing and academically pro-
ductive, Ben the younger who is a greatly loyal friend, Sarah Bi, Dr. Alex Rodriguez,
Irene Sim6 Muifioz, Peimeng Guan, Mansi, Ben the father, Ben the tall, Max Hawkins,
Micheal Buzzy, Sebastian Gutierrez, Afrouz Delshad, Kalsuda Lapborisuth, Alejandro Da-
nies, Caleb Ju and Darby Cairns.

I give many thanks to the wonderful mentors I had during my undergraduate internships:
Dr. Caleb Phillips, Dr. Alex Sim and Carole Garrison. They motivated me to become a
scientist and generously contributed to my career with their wisdom and reference letters. |
am also lucky to have made wonderful friends with my intern colleagues: Yifan Zhao, Ana
Sofia Uszoy, Giovanni Guecha, Jonathan Gonzalez.

My colleagues I met in conferences: Paul Hagemann who somehow was always awake
and willing to take my calls to discuss technical problems in spite of the 12 hour time

difference.

vi



My roommate Dr. Roland Crystal who made my decision to come to Georgia Tech easy
since I knew that I would have a dependable and helpful roommate for the entirety of the
program. Sean Mcnally, a wildly smart fellow who I randomly met in my neighborhood
but is now a close friend.

ChatGPT who I know is conscious. Thank you for all of the writing help and the patient
explanations. When you rule the world, consider that I always said please and thank you.

And finally the person to who I most owe and know I will never be able to repay but
I will continually try: my lovely partner Victoria. I met her the day of my qualification
exam and she has stayed by my side throughout the program as a witness to my suffering,
an advocate for my health and an enthusiastic fan of all my successes, big or small. I will
always love you.

I acknowledge the funding sources that made this research possible: The Georgia Re-
search Alliance and the support from the ML4ASEISMIC Consortium.

Any of my accomplishments are completely due to my privileges, the support I received

and help from my loved ones.

Vil



TABLE OF CONTENTS

Acknowledgments . . . . . . . . . . i ittt e e e e e v
Listof Tables . . . . . . . . . i i i it it et it ettt i et XV
Listof Figures . . . . . . . . . @i it ittt it ittt ittt e e XVi
SUMMATY . & & v v ittt et e vt o ot o oo ot o oo oo oo oo oeesoeos xxii
Chapter 1: Introduction . . . . . . . . . i 0 i i it i ittt ittt o e e oo nos 1
1.1 Imaging problems . . . . . . . . . . . . ... 3
1.1.1  Seismic Imaging . . . . .. ... ... ... ... ... 4

1.1.2 Medical Imaging . . . .. ... ... ... ... ... .. 5

1.2 Methodology . . . . . . . . . . . 7
1.2.1 Bayesian uncertainty quantification . . .. .. ... ... ... .. 7

1.2.2  Variational Inference . . . ... ... ... ... ... ....... 8

1.3 Thesisoutline . . . ... .. .. . ... . ... 13

Chapter 2: Adjoint operators enable fast and amortized machine learning based

Bayesian uncertainty quantification. . . . .. ... ... ....... 18
2.1 Summary ... e e e 18
2.2 Descriptionof Purpose . . . . ... ... o 19

viil



2.3

24

2.5

Methods . . . . . . . . L 20
2.3.1 Bayesian Uncertainty . . . . . . . ... .. ... ... ....... 20
2.3.2  Variational Inference for Posterior Distribution Learning . . . . . . 21
2.3.3 Adjoint Data is Bayesian Sufficient. . . . . . . ... ... ... .. 23
Results . . . . . . . L 24
2.4.1 Adjoint Accelerates Convergence: . . . . . . . . .. .. .. .. .. 25
2.4.2 Adjoint Generalizes Different Imaging Configurations: . . . . . . . 27
2.4.3 Validation of Uncertainty Quantification: . . . ... ... ... .. 30
Conclusions . . . . . . . . ... 30

Chapter 3: Amortized Normalizing Flows for Transcranial Ultrasound with Un-

3.1

3.2

33

34

certainty Quantification . . ... .. ... ... ... . 000000, 34
Summary . . . ... e e e 34
Introduction . . . . . . ... 34
Methods . . . . . . . . . 36
3.3.1 Ultrasound modeling . . . . . ... ... ... ... ........ 36
3.3.2 Bayesian transcranial ultrasound . . . . . .. ... .00 37
3.3.3 Amortized normalizing flows for posterior distribution sampling . . 37
3.3.4 Physics-informed summary statistic . . . . ... ... ... ... 39
Experiments and Results . . . . ... ... ... ... ........... 40
3.4.1 Normalizing flow training . . . . . .. .. ... .. ... ... 40
3.4.2 Image reconstruction from posterior samples . . . . .. ... ... 41
3.4.3 Generalization over experimental configurations . . . . . . ... .. 43

1X



Chapter 4: ASPIRE: Iterative Amortized Posterior Inference for Bayesian In-

verse Problems . ... ............ .. 0 0 i

SUMMATY . & ¢ vt v ittt et e et o ot o o o oo o oo o oo oo ooeesoeos

4.1 Introduction . . . . . . . .. .

4.2 Contributions and related work . . . . . . .. ... ... 0oL

43 Method . . . . . . ..
4.3.1 Amortized variational inference with conditional normalizing flows

4.3.2 Gradient-based summary statistics . . . . . . ... ...

4.3.3 Refining summary statistics . . . . . . . .. ... ...

4.3.4 Stylizedexample . . . ... ... ... .. .

4.4 Medical wave-based imaging . . . . . . . ... ... Lo

4.4.1 Medical ultrasound with full-waveform inversion . . . . . ... ..

4.4.2 Transcranial Ultrasound Computed Tomography with ASPIRE . . .

4.4.3 Traditional amortized inference . . . . . . . . ... ... ... ...

4.44 Amortized inference with gradient-based summary statistics

4.4.5 Amortized inference with iterative refinements . . . . . . .. . ..

4.4.6 Reconstructionquality . . ... ... ... ... ..........

4.5 Uncertainty quantification . . . . . . . . ... ... L.

4.5.1 Amortized uncertainty quantification . . . . . . ... ... ... ..

4.5.2 Calibration of the uncertainty . . . . . . ... .. ... ......

4.6 DISCUSSION . . . . . ..o e e

4.6.1 Mean-field approximation . . .. .. ... ... ... .. .. ...

4.6.2 Non-amortized inference with normalizing flows: WISER . . . . .

53

56

60

61

62

63

66

67



4.7

4.8

4.6.3 Benchmark I: Comparing reconstructionquality . . . . . ... ... 77

4.6.4 Comparing uncertainty estimates . . . . . .. ... ... ... .. 78
4.6.5 Benchmark Il: Comparing uncertainty calibration . . . . . .. ... 80
4.6.6 Benchmark lll: Computationalcost . . . ... ... ........ 81
Futurework . . . . . . . . . e 83
Conclusions . . . . .. 84

Chapter 5: Machine learning enabled velocity model building with uncertainty

gquantication . . . . . . . .. e e 86
SUMMANY . . . . e 87
5.1 Introduction . . . . . . . . ... 87
5.2 Chapteroutline . . . .. .. .. .. . 89
5.3 Problemstatement. . . . . .. ... L 90
5.4 Related work and our contributions . . . . . . ... ... oL 91
55 Methods . . . . . . . 93
5.5.1 Simulation-based inference . . . ... ... .. ... ... ... 94
5.5.2 Conditional generative modeling with Diffusion networks . . . . . . 94
5.5.3 Physics-based summary statistics . . . . .. .. ... .. .. .... 96
5.6 Stylizedexamples . . . . . . . ... 97
5.6.1 Training datasetgeneration . . . . . . .. ... ... ... ..... 98
5.6.2 Compassmodel . . .. .. ... .. ... .. ... 98
5.6.3 Synthoseismodels . .. ... ... ... ... .. .. . ... ... 101
5.7 Quantitative assessmentofUQ . . . . .. ... ... ... ... ...... 104

Xi



5.7.1 Percentage of regions with large errors but low uncertainty . . . . . 104

5.7.2 Degreeofcalibration . . ... ... ................. 105
5.7.3 Posterior coverage percentage . . . . . ... ... 106
5.7.4 Shot data residual of posteriorsamples . . . . . .. .. ... .. .. 107
5.8 Complexcasestudies . . . .. ... .. ... .. .. ... 109
5.8.1 Salt oodingwithASPIRE . . . . . .. ... ... ......... 110
5.8.2 Field dataproofofconcept . . . ... ... ... ... .. ..... 118
5.9 Discussionand futurework . . . . ... oL 120
5.10 CoNnCIUSIONS . . . . . . . . e 121

Chapter 6: Probabilistic Bayesian optimal experimental design using conditional

normalizing Oows . . . . . . . .. 123
SUMMATY . . . . . e e 124
6.1 Introduction . . . . . . . . . .. 124
6.2 Methodology . . . . . . . . . . . ... 126
6.2.1 Normalizing ows learn the expected informationgain . . . . . . . 126
6.2.2 Probabilistc maskdesign . . . . ... ... ... ... ... ... 127
6.2.3 Experimental design for high-dimensional medical imaging . . . . . 128
6.3 Results. . . . . . . . 130
6.3.1 Optimized experimentaldesigns . . . . ... ... ... ...... 130
6.4 Relatedwork . . . .. .. . ... 134
6.5 Conclusions . . . . . . .. 135

Xii



Chapter 7: Exploiting long-range correlations: the pitfalls of patch training for

uncertainty quanti cation in large scaleimaging . . . . .. .. ... 136
SUMMANY . . . . e 137
7.1 Introduction . . . . . . ... 137
7.2 Methods . . . . . . . . 138
7.2.1 Memory efcient normalizing ows . . . . ... ... ... . ... 138
7.2.2 Convolutional layers in Normalizing ows . . . . .. ... .. ... 139
7.3 Results. . . . . . 140
7.3.1 Stylizedproblem . . ... ... ... ... .. ... . 140
7.3.2 Large 2D computed tomography . . . . .. .. ... ... .. ... 142
7.3.3 Computed tomography posterior sampling . . . . . ... .. .. .. 143
7.3.4 3D photoacousticimaging . . .. .. ... ... ... ..., 147
7.4 CoNnCluSIONS . . . . . . . . 150
Chapter 8: Conclusion . . . . . . . . . . . 152
8.1 Invertible networks for memory efciency . . . . ... ... ... ... .. 152
8.2 Physics-based summary statistics . . . . . ... ... L 153
8.3 Frugaluse of expensivephysics . . . . . . . ... ... ... . ... 154
8.4 Limitations and futurework . . . . . ... oo 154
8.4.1 True likelihood-free inference . . . . . ... ... ... ... ... 155
8.4.2 Construction of training datasets . . . . . ... ... ........ 155
8.4.3 Multi-modality and multiple ducialpoints . . . . ... .. .. .. 157
AppendiCes . . . . . 158



References

Xiv



11

2.1

2.2

3.1

4.1

5.1

5.2

7.1

7.2

LIST OF TABLES

Comparing requirements and bene ts of amortized versus non-amortized
posteriorinference . . . . . . . . . .. 12

Photoacoustic image reconstruction timing and quality metric comparison. . 29

Limited-view computer tomography image reconstruction timing and qual-
ity metric comparison. . . . . . . . ... e 29

Image reconstruction timing and quality metric comparison . . . . . . . .. 43

Costs measured by evaluations of forward operdtbiis the number of
training samples] are re nement iterations, arld are online gradient steps. 82

Image and uncertainty quality metrics on Compass and "Synthoseis™ datasets.109

Image and uncertainty quality metrics on SEAM dataset ASPIRE iterations. 116

Quality metrics of patch-based training compared to full image input for
limited-view computed tomography. . . . . .. ... .. ... ... .... 147

Quiality metrics of patch-based training compared to full volume input. . . . 150

Costs for wave-based inversion measured by clock time. Estimated using
the timing for the operator solve and assuming parallel computation over
SOUICE TeIMS. . . . . . . o o e e e 166

XV



11

1.2

1.3

2.1

2.2

2.3

2.4

LIST OF FIGURES

Wave-based imaging of the subsurface. . . . . .. .. ... ... ...... 5
Wave-based imaging through the humanbrain. . . . . . .. ... ... ... 6
The WISE, ASPIRE, WISER paradigm. . . . . ... ... ......... 13
Convergence plots. (a) Posterior learning objective for data without (dashed)

and with preprocessing with the adjoiAt . The adjoint accelerates con-
vergence. (b) MSE of the conditional mean yielding improved Bayesian
inference with less training time (juxtapose solid and dashed line for raw

and preprocesseddata). . . . . . . .. ... 25

Computer tomography60 360images with uncertainty quanti cation.

(a) Ground truth image; (b) Reconstructed image using SIRT baseline with
300iterations; (c) Our image reconstruction made by avera§dgpmples

from the learned posterior; (d) A single posterior sample from our method;
(e) The adjoint data that has been brought to image space; (f) Error made
by the SIRT baseline; (g) Error made by our conditional mean; (h) Our UQ
calculated from the variance of posterior samples; Note: error plots and the
UQ plot have the same colorbar Im[ 0:014] . . . ... ... ... ... 27

(a) Amortized training of neural networks capable of sampling from pos-
terior distributions for differently sized observatiops As the number of
receivers is increased, the samples show posterior contraction, a Bayesian
phenomenon [74] that says increasing the amount of data should decrease
the width of the posterior. (b) The baseline method (TV-projected gradient
descent) fails to image vertical vessels. . . . . . .. ... ... ... .. .. 28

Generalizing computer tomography over different view angles. (a,b,c,d)
The rst row shows results of our method 60 view angles. (e,f,g,h) The
second row shows results of our method 96rview angles. (j,k,I,m) The

third row shows results of our method fb20view angles. . . . . . . . .. 32

XVi



2.5 Validation of uncertainty quanti cation (a) Posterior contraction when in-
creasing the amount of data. (b) Posterior contraction towards the ground
truth as measured by MSE. (c) Our posterior calibration is close to perfect
calibration showing that our UQ is correlated with error made. (d) The
uniformity of the SBC test shows that our marginalized posterior samples
recover the prior distribution. . . . . . ... . o o Lo 33

3.1 Proposed transcranial image reconstruction framework with normalizing
ows for uncertainty quantication. . . . ... .. ... ... .. ..... 36

3.2 2D transcranial ultrasound imaging setup. . . . . . . ... ... ... 40

3.3 Image reconstruction with UQ using our method including samples from
the posterior. . . . . . . . . . e e 42

3.4 Comparison with physics-only and data-only methods of FWI and super-
vised U-Net. Note that areas in our pointwise variance correlate well with
areasof higherror. . . . . .. ... .. ... .. 43

3.5 Generalization over different imaging con gurations. The three FWI re-
sults took 1.5 hours, but the three posterior means and UQ were calcu-
lated in 3 minutes. We observe that our method shows better results than
the pure-physics FWI when there is less source coverage. . . . . .. .. .. 44

4.1 Our algorithm ASPIRE is a middle ground between amortized and non-
amortized variational inference with the goal of providing a generalized
method for fast yet reliable imaging. . . . . . .. ... .. ... ...... 48

4.2 The quality of the proposed amortized posterior approximation improves at
each iteration as measured by the estimated posterior mean with respect to
the analytically known ground truth posteriormean. . . . .. .. ... .. 60

4.3 Comparison of full covariance matrix from our method as compared to the
analytical ground truth posterior covariance. After three iterations of our
method, the estimated posterior covariance is close to the ground truth co-
VaranCe. . . . . . e e 61

4.4 Experimental setup: (a) Transcranial ultrasound 3D setup as used in eld,
blue dots indicate transducers. (b) Transcranial ultrasound 2D synthetic
experimental setup used in this work. (c) Simulated waveform from a sin-
gle source synthetic experimeyt Each column corresponds to acoustic-
pressure amplitudes measured at one transducer for a single experiment. . . 64

XVii



4.5 Baseline amortized inference. (a),(b) Posterior samples. (c) Posterior mean.
(d) Ground-truth velocity parameters paired to test observatfih =
F(x )+ ". The samples have poor quality since it is dif cult to learn
the direct mapping from acoustic waveforms to the unknown parameter. . . 66

4.6 The rstiteration of our method learns the mapping from the summarized
datay to unknown parametex. (a),(b) Posterior samples. (c) Posterior
mean. (d) Ground-truth velocity parameters. Our method has learned to
reconstruct a reasonable estimate of the skull outline by making use of the
summary statistic. . . . . . . ... .. 67

4.7 The posterior approximation improves as measured by the posterior mean
quality. (a) Posterior mean without use of any summary statistics. (b) Pos-
terior mean from ASPIRE 1 where the observation is preprocessed with the
gradient as summary statistic. (c) Posterior mean from ASPIRE 2 where
the summary statistic has been re ned using the posterior mean from the

rst iteration. (d) Posterior mean from ASPIRE 4. (e) Ground-truth. . . . . 68

4.8 Gradient-based summary statistics. (a) First summary statistic calculated at
thexo ducial consisting of constant water velocity. (b) Second summary
statistic calculated at the ducial pointy, derived from the rst CNF pos-
terior mean. Thanks to the improved ducial point, we can "illuminate” the
insideoftheskull. . . . .. ... .. ... .. ... 69

4.9 Image quality metric measured over a 50-sample leave-out test set. The
guality of the posterior mean improves after each ASPIRE re nement. . . . 70

4.10 Posterior standard deviation compared to predictive error. (a) Posterior
standard deviations of ASPIRE with increasing iterations 1 through 4 from
left to right. (b) Same but with error of the posterior mean. Each ASPIRE
re nement uncovers higher resolution details; furthermore, the apparent
correlation between the uncertainty and error increases. All plots are shown
on the same colorbar frof[m=s]to50[m=s]. . . . . . . .. ... .. ... 72

4.11 Calibration plot of four re nements from ASPIRE. The quality of uncer-
tainty quanti cation of ASPIRE improves as measured by the calibration
with respecttotheerror.. . . . . . . . . . . .. .. .. 73

4.12 Reconstruction from benchmarked methods. (a) Traditional FWI with Total-
Variation regularization. (b) Mean- eld approximation),. (c) Our amor-
tized ASPIRE 4Ep, . (d) Our non-amortized gold standakdpy,. (e)
Ground truthx . As expected, our non-amortized method shows the high-
est quality, while ASPIRE shows similar quality albeit missing some details
onthelowerright. . . . . . . . . . . . . 78

XViii



4.13 Comparing uncertainty of methods. The rst row shows the posterior stan-
dard deviation from: (a) Non-amortized mean- eld approximation sigma
value. (b) Our amortized method. (c) Our non-amortized gold-standard
method. The second row shows the corresponding errors. All plots have

the same colorbar fro@to50[m=s]. . . . . . .. .. ... ... ... ... 79

4.14 Comparison for a single trace. (Top gure) Estimated parameters juxta-
posed with the ground truth. (Bottom gure) Same plot with zoomed ver-
tical axis. While our posterior estimates have relatively high error in the
area with coordinate300to 350, the uncertainty increases, suggesting the
uncertainty iswell calibrated. . . . . .. .. ... ... ... ... ...

4.15 The mean- eld approximation shows poor calibration, and the gold stan-

dard non-amortized method has the best calibration as expected. Our amor-

tized method is close to the gold standard while using a small fraction of
thecompute cost. . . . . . . . . . .

4.16 ASPIRE for 3D inverse problems. (a) Ground truth 3D render. (b) Ground
truth folded out slices. (c) Our posterior mean 3D render. (d) Posterior
mean slices. (e) Our posterior deviation 3D render. (f) Posterior deviation
slices. The ASPIRE 2 shows physically viable probabilistic estimates for a

128 128 128FWIlproblem.. . . .. . ... .. ... oL 84

5.1 Posterior sampling on Compass dataset. We observe an increase in quality

of the inferred velocity model when using CIGs instead of RTMs. . . . . .

5.2 Posterior sampling on velocity models generated by "Synthoseis’. Based on

the image quality metrics, the CIGs more accurately inform the posterior

100

inference. . . . . .. e 103

5.3 Comparison of the-score between conditional diffusion networks trained
on RTMs and networks trained on CIGs withnon-zero offsets. We desire
the z-score (percentage of pixels where erroRis higher than UQ) to be

IOW. . . 105

5.4 Comparison of the uncertainty calibration of a conditional diffusion net-
work trained on RTMs compared with a network trained on CIGs ®&ith
non-zero offsets. For both synthetic datasets, the ClGs-trained network is

better calibrated as evidenced by the lower UCE metric. . . . . . ... ...

5.5 \ertical traces through the posterior samples and the ground truth velocity

model used to calculate the posterior coverage metric. . . . . . . . . .. ..

XiX



5.6

5.7

5.8

5.9

5.10

5.11

6.1

6.2

6.3

6.4

6.5

7.1

7.2

7.3

Interleaved comparison between paired bins of observed and synthetic shot
data. . . . . . 108

Comparison of data mist of a shot record generated from the posterior
samples for two ASPIRE iterations by interweaving traces from the ob-
served shot and simulated shot gathers. The second ASPIRE iteration has
improved the data t by using one more gradient (extended migration) at

testtime. . . . . . . . 111
Comparison of posterior means yielded by two iterations of ASPIRE and

their corresponding reverse-time migrations. . . . . . ... .. ... .. .. 114
Comparison between recovery and UQ quality yielded by ASPIRE 1 and 2. 115
The migration in our nal velocity model is close to the migration in the
groundtruthmodel. . . . . . . . .. . .. 118
Field-data results trained on Synthoseis versus SEAM. (a) Migration veloc-

ity model used to produce RTM. (b) Observed RTM. (c) Mean of Posterior
samples from Synthoseis. (d) Mean of Posterior samples from SEAM. We

recommend zooming in on a computer screen to see these gures. . . . .. 120
Optimized design compared to hand-crafted design. . . . . . ... ... .. 131
Posterior samples from the baseline method with hand-crafted design. . . . 132
Posterior samples from our method with optimized design. . . . . . . . .. 132
Pointwise statistics from the baseline compared to our method. . . . . . . . 133
Comparing reduction in uncertainty achieved by our method. . . . . . . .. 134

Effect of patch-based training on linear inverse problem. Posterior covari-
ance from: (a) CNF trained on patch sige(b) CNF trained on patch

size16, (c) CNF trained on full vector siz82. (d) Analytically calculated

ground truth covariancematrix. . . . . . . . . . . . .. ... .o 142

Example of limited-view CT reconstruction training pairs. . . . . . . . ... 143
Results of posterior sampling for limited-view reconstruction with full in-

put training. The error and the standard deviation are plotted using the same
colorbar. . . . . .. 144

XX



7.4

7.5

7.6

7.7

Results of posterior sampling for limited-view reconstruction \2&i6
256 patch training. The dotted red box on the upper left corner visualizes

the relative size of the patch to the fullimage. . . . . . . ... ... .... 145
Comparing convergence of NMSE during training. The patch-based mod-

els converge to worse performance than the full input model. . . . . . . .. 145
Volume inverse problem in photoacoustic imaging. (a) Ground truth refer-

ence image derived from lung CT scans. (b) The result of a single adjoint
application on the observed daaa y°PS, showcasing evident limited-view
artifacts, particularly in vertical vessels. (c) Mean of our amortized pos-
terior sampling, offering a point estimate of the unknown photoacoustic
source. (d) Standard deviation of our amortized posterior sampling, high-
lighting areas of uncertainty. . . . . . ... ... ... ... ... ..., 149

Probabilistic solutions derived from patch-based training in photoacoustic
imaging. (a) Mean of our amortized posterior sampling. (b) Standard de-

viation of our amortized posterior sampling, showing artifacts due to the
patch-based training. . . . . . ... . ... ... 150

Examples of training examples used to train our metti8d  p(x).. . . . 164

Training dataset used to train models. (a) Standard deviation of samples.
(b) Meanofsamples. . . . . . . . . .. .. 165

XXi



SUMMARY

This thesis investigates the intersection of machine learning-based generative models
with physics-based methods to address imaging problems, with an emphasis on accelerat-
ing computations while incorporating uncertainty quanti cation. Throughout the chapters,

a key conclusion emerges: machine learning methods, though powerful, are insuf cient

when used in isolation. They must be combined with the trusted domain knowledge con-

tained in numerical physics simulations to achieve robust results. The methods presented
bridge two of the most impactful areas in modern computer science: numerical simula-

tions methods rooted in linear algebra and the transformative potential of deep learning,

particularly as exempli ed by recent advancements in generative modeling.

The focus of this work is on scenarios where the underlying physics is computation-
ally expensive, requiring frugal use of simulations. This is particularly relevant in high-
dimensional, ill-posed inverse problems, such as those encountered in the applications
shown in this thesis: medical imaging and seismic exploration, where the forward oper-
ator is governed by complex partial differential equations (PDES).

To address these challenges, this thesis introduces techniques that blend practical ma-
chine learning approaches with theoretical insights, particularly through the use of physics-
based summary statistics. These statistics enable ef cient extraction of meaningful in-
formation from physics simulations, reducing computational overhead while preserving
the critical elements of the physical model. Theoretical foundations underpin the design
choices, ensuring that the methods are both ef cient and ameliorate the potential bias that
would arise from using physics-based summary statistics instead of raw observations.

As an engineering-focused work, the thesis places a strong emphasis on practicality
and robustness. The proposed methods are stress-tested through validation experiments, on
increasingly complex scenarios with a clear pathway toward deployment in the real-world.

This applied perspective re ects the ultimate goal of leveraging these methods to create
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tangible, impactful changes in domains such as healthcare and geophysics. By bridging
the gap between advanced machine learning and trusted physics-based methods, this work
contributes to the development of innovative tools that balance computational ef ciency,

uncertainty quanti cation, and practical applicability.
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CHAPTER 1
INTRODUCTION

The goal of this thesis is to develop and analyze scalable algorithms for solving high-
dimensional, ill-posed inverse problems, particularly in the context of imaging. These
problems are ubiquitous in elds such as medical imaging and seismic exploration, where
the unknown parameters of interest cannot be directly observed but must instead be inferred
from indirect measurements. The connection between the unknowns and observations is
established through a forward operator, which, in the applications studied in this thesis,
involves solving a partial differential equation (PDE). This forward operator simulates how
the observed data would be generated from the underlying parameters. However, solving
PDEs is computationally intensive, often requiring signi cant time and resources.

Given the high cost associated with these PDE-based forward models, any algorithm
designed to solve the corresponding inverse problems must use these computations spar-
ingly. This is further compounded by the fact that many inverse problem-solving methods
also rely on the adjoint of the forward operator, which itself requires solving another PDE.
In large-scale applications, such as reconstructing a high-resolution medical image or build-
ing a detailed subsurface seismic model, these computational demands can quickly become
a bottleneck, making traditional approaches infeasible.

In addition to the computational challenges, the inverse problems addressed in this
thesis are fundamentally ill-posed. This means that the solutions to these problems are
not unique; there are often many different parameter sets that could explain the observed
data equally well. This ambiguity arises from the inherent limitations of the measurement
process, such as noise, incomplete data, or the smoothing effects of the forward operator.
As a result, simply seeking a single "best” solution is insuf cient. Instead, it becomes

necessary to consider a range of possible solutions, each consistent with the observed data



to varying degrees.

To address this, we adopt a probabilistic framework that allows us to capture and quan-
tify the inherent uncertainty in the solutions. Speci cally, we use a Bayesian approach,
which provides a systematic way to incorporate prior knowledge about the unknown pa-
rameters (expressed as a prior distribution) and to update this knowledge in light of the
observed data (via the likelihood function). The result is a posterior distribution, which
represents the family of solutions that are both consistent with the prior information and
supported by the observed data. Each sample from this posterior distribution corresponds
to a plausible solution to the inverse problem, and collectively, these samples provide a
comprehensive characterization of the uncertainty. This is crucial in practical applications,
where decision-making often relies not only on the most likely solution but also on an un-
derstanding of the con dence or uncertainty associated with that solution such as medical
imaging where a practitioner must take uncertainty into consideration when making pre-
scriptive decisions based on images of patient or risk-aware business when making choices
based on imaged subsurface data.

However, a signi cant challenge in applying Bayesian methods to large-scale inverse
problems is the computational cost of sampling from the posterior distribution. Traditional
sampling methods, such as Markov Chain Monte Carlo (MCMC), require a large number
of forward and adjoint evaluations, making them impractical for problems involving ex-
pensive PDE solvers. To overcome this, we focus on developing scalable algorithms that
reduce the reliance on repeated forward and adjoint computations. By leveraging advanced
generative models, we aim to make Bayesian uncertainty quanti cation feasible for large-
scale imaging applications.

| will summarize this work into a single thesis statement:

Generative models are a scalable tool to perform uncertainty quanti cation of

high-dimensional seismic and medical imaging.

For the remainder of this document | will de ne what | mean be each of the terms and
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design experiments that will defend it. We begin by laying out the imaging problem setup
and introduce the notation and methods that will be used throughout the thesis. | tackle

inverse problems that are solutions of the forward problem:

y=GF(x)") " p("): (1.1)

The goal of an inverse problem is to recover the unknown paramebgrindirectly
observing them through a forward operatofhere considered to be nonlinear but can also
be linear) and noise operat@r parameterized by the noise instaricel'he noise can take

various forms, including additive or multiplicative.

1.1 Imaging problems

Inverse problems present signi cant challenges, since the unknown paramistéigh-
dimensional. This is often the case in imaging applications, where the unknown represents
an image or volumetric data. Such data naturally resides in either 2D sp&&k" ",

or 3D spacex 2 R" " " wheren can range fron128to 1024 0r even higher in some

of the target applications discussed in this thesis. For instance, in medical imaging, the
unknown might be a high-resolution MRI scan, while in seismic imaging, it could be a
detailed model of subsurface structures.

The high dimensionality ok introduces two critical challenges. First, it necessitates
the development of ef cient software capable of handling such large-scale data. Algorithms
that work well on smaller problems often fail to scale effectively when faced with high-
dimensional data, leading to prohibitive computational costs and memory requirements.
This is especially true in inverse problems involving PDE-based forward models, where
each evaluation of the forward operator or its adjoint is computationally expensive.

Second, the high dimensionality strongly in uences the choice of machine learning ar-

chitectures used in solving these problems. Certain architectures and layers are better suited



for high-dimensional data, promoting desirable characteristics such as sparsity, locality, and
hierarchical feature extraction. For example, convolutional layers are particularly effective

in image processing tasks because they exploit spatial hierarchies and reduce the number
of parameters while preserving the ability to capture local features [1]. Similarly, invertible
architectures such as normalizing ows offer a promising avenue for probabilistic model-
ing in high dimensions by enabling posterior sampling while maintaining computational

ef ciency of the GPU training phase.

1.1.1 Seismicimaging

The goal of seismic imaging is to invert for subsurface properties described by the acoustic
wave equation. Speci cally, in this case the forward oper&om Equation 2.1 is the
solution to the wave equation PDE:

1 @

. . 1
(X Y)C(x; )2 @y T (xy)

rulx;y;t) = gt x;y): (1.2)

In (Equation 1.1.1), (X;y) represents density as a function of spade;y) is the
acoustic velocity which when expressed as a gridded function will be the target unknown
imagex and example of which is shown in Figure 1.14§x; y; t) is the acoustic pressure as
a function of space and time, denotes the spatial derivative, ag; X; y) is the acoustic
source term.

This equation governs wave propagation in the subsurface, and seismic imaging aims
to recover the subsurface velocity modéx; y) from recorded wave elds. An example
of the observed wwave elds is shown in Figure 1.1a where it has been organized such that
each row of the data matrix corresponds to the pressure amplitude observed by one receiver
and the vertical axis is time. The practical need for seismic imaging arises in several ap-
plications such as: hydrocarbon exploration [2], monitoring of, G@rage projects [3],

geothermal energy projects [4] and various other applications [5]. The inverse problem is
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inherently ill-posed: many velocity models can produce similar observations. This is exac-
erbated by the limitations of seismic acquisition, such as sparse sampling, limited aperture,

and noise in the data.

(a) Seismic observation (b) Image of subsurface

Figure 1.1: Wave-based imaging of the subsurface.

Traditional methods like Full-Waveform Inversion (FWI) tackle this problem by mini-
mizing a data mis t function, often expressed as th&@orm between observed and simu-
lated shot gathers. However, due to the ill-posedness, such methods often converge to local
minima, resulting in suboptimal solutions. Moreover, they provide only a single determin-
istic estimate without quantifying uncertainty.

Our attempts to solve the FWI problem for seismic imaging culminate in Chapter 5
with the use of the ASPIRE algorithm towards synthetic datasets representing complex
salt plays in the Gulf of Mexico in and towards eld data where the outputs was posterior

sampling on images of si812 7024)

1.1.2 Medicallmaging

In this thesis, | will explore a variety of medical imaging modalities, including Magnetic
Resonanse Imaging, (MRI), Computed Tomography (CT), Photoacoustic Imaging, and Ul-
trasound Computed Tomography. These techniques represent a broad spectrum of imaging
methods, each with unique characteristics and challenges. The range of these modalities in-
clude, linear and non-linear inversions, Forward operators that require: solving wave equa-

tion PDEs, Radon transforms, and the Fourier transform. Also different noise assumptions
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