Proposed Papers for AMPD UP: Applied Math
Presentations & Discourse for Understanding Papers

Brandon Burkhardt, Kimball Johnston, Jimmie Adriazola
School of Mathematical and Statistical Sciences, Arizona State University

August 27, 2025



What is AMPD UP?

e We are a reading group that meets Wednesdays at 9AM (go to coffee break
first and bring your bagels!)

e Intention is to have a 40-50 minute board talk explaining the big ideas of a
paper

e Bonus points if you do a computer demo at the end (think open source code
that the authors released on github)

e Anyone here that’s willing (independent of career stage) can take a
presentation

e We intend to maintain a website with several resources related to the group.

e This is meant to be casual!



Why a Journal Club?

e Improve reading and comprehension

Improve presentation and communication

Find your area of interest

Broaden your research vision

Practice technical writing

Have fun challenging your peers while they struggle presenting a tough paper
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Category 1:

Inverse Problems, Linear Algebra, and
Uncertainty Quantification



The Problem

Fugitives! (Or just blurry images)

Blurred Mumber Plates Deblurred Mumber Plates




Solution 1: Variable Projection Method

Paper: Variable projection methods for separable
nonlinear inverse problems with general-form

Tikhonov regularization (Espanol, Pasha, 2023)

Variable projection methods for separable
nonlinear inverse problems with
general-form Tikhonov regularization

ot Past

e Utilizes the variable projection (VarPro) method
(c. 1975) to solve the general-form Tikhonov
regularization problem

e Applies iterative solution techniques




Category 2:

Generative Modeling



The Problem

e Say you have some collection of data points
e E.g., dog images
e How can you generate a new data point that “looks like” the original data?

e FE.g., a new dog image




Solution 1: DDPM

Paper: Denoising Diffusion Probabilistic Models (Ho,
Jain, Abbeel, 2020)

e One can easily add small increments of noise to
one’s data points

e Idea: try to train a neural network to reverse this
process and “denoise” it Add noise

e If one starts with a random noise sample and
then denoises it with this neural net, what will

happen?

e Hopefully, it will produce a new data point
that “looks like” the training data




Solution 2: Score-based generative modeling

Paper: Score-Based Generative Modeling through

Stochastic Differential Equations (Song, ScoRrBASED GrnERATIVE MODRLING THROUGH

STOCHASTIC DIFFERENTIAL EQUATIONS

Sohl-Dickstein, Kingma, Kumar, Ermon, Poole, 2021) PP :

e Like DDPM, based on adding noise to the data
while trying to learn to “denoise” it

e Instead of modeling the problem as many
discrete steps (like DDPM), models it as a
continuous-time stochastic differential equation
(SDE)

arXiv:2011.13456v2 [cs.LG] 10 Feb 2021

e At the heart of this SDE is an object called the
“score” that one tries to learn



Solution 3: Stochastic interpolants

Paper: Building Normalizing Flows with Stochastic
Interpolants (Albergo, Vanden-Eijnden, 2023)

e Like the score-based approach but based on a

simple ordinary differential equation instead of
an SDE

Interpolation

e Unlike DDPM and the score-based approach, no
diffusion

e Called “stochastic interpolants” because it
“interpolates” between a data point and a noise
sample (instead of repeatedly adding random

noise to the data point)



Solution 4: Solution 2 plus solution 3

Paper: Stochastic Interpolants: A Unifying
Framework for Flows and Diffusions (Albergo, Boffi,
Vanden-Eijnden, 2023) Stochastic nterpolant:

A Unifying Framework for Flows and Diffusions

e Introduces a framework that lets you
mix-and-match score-based methods with

stochastic-interpolant-based methods

e Brings diffusion into the stochastic interpolant

approach

arXiv:2303.08797v3 [cs.L.G] 6 Nov 2023




Solution 5: Mean field games

Paper: A mean-field games laboratory for generative
modeling (Zhang, Katsoulakis, 2023)

e Also gives us a framework to unify solution 2 and
solution 3, but now extends itself a class of
methods called “Wasserstein gradient flows” as
well

e Formulates the problem as a so-called mean-field
game (MFG)

2304.13534v5 [stat ML] 24 Oct 2023

arXiv

e MFGs help give another PDE perspective for

generative modeling to understand
well-posedness of strategies



Category 3:
Scientific Machine Learning for PDEs



Physics-Informed Neural Networks (PINNs): Big Idea

e Learn a function ug(z,t) (neural net with parameters ) that fits data and
satisfies the governing PDE.
e Use the PDE itself as a training signal: penalize the residual of the differential
operator evaluated on wuy via automatic differentiation (AD).
e Train on mixed batches:
e Data points: observed (x;, t;,y;)
e Physics points: collocation (z;,t;) for enforcing the PDE
e BC/IC points: boundary/initial constraints
e QOutcome: a single “surrogate” model uy that is consistent with measurements
and the model physics.



PINNs: Core Loss Idea

e Network: ug(z,t) with AD-computed derivatives.
e PDE residual at collocation points: evaluate the governing operator on

the network output, e.g.
Ro(x,t) = Oug(x,t) — v Oggug(x,t) — f(x,t),

which should vanish if uy satisfies the PDE.
e Loss blends three parts:
e Data fit: match observed values
e Physics: penalize ||Ry||?
e BC/IC: enforce boundary and initial conditions

e Training minimizes
L = \j(data) + X, (physics) + A, (BC/IC)

e Big picture: PINNs combine measurements + PDE constraints in a single loss.



GFINNs: GENERIC Formalism Informed Neural Networks

Paper: GFINNs: GENERIC Formalism Informed
Neural Networks for Deterministic and Stochastic
Dynamical Systems (Zhang, Shin, Karniadakis, 2022)

e Embeds the GENERIC (General Equation for
Non-Equilibrium Reversible-Irreversible
Coupling) structure into neural nets.

e Splits dynamics: reversible (Hamiltonian) vs.
irreversible (dissipative); thermodynamically

consistent.

e Works for deterministic & stochastic systems;
strong results on benchmark problems.

PROCEEDINGS A

rspa.royalsocietypublishing.org

Research a Crosark

Article submitted to journal

Subject Areas:
deap learning, applied mathematics,
thermodynamics.

Keywords:
datadriven discovery,
physics-nformed neural networks,
GENERIC formalism,iterpretable
sciontfic machine learning

Author for correspondence:
Yeonjong Shin
-mail: yeonjong_shin@brown.edu

GFINNs: GENERIC
Formalism Informed Neural
Networks for Deterministic
and Stochastic Dynamical
Systems

Zhen Zhang', Yeonjong Shin' and

George Em Karniadakis"?

1 Division of Applied Mathematics, and > School of
Engineering, Brown University, Providence, R, 02912,

We propose the GENERIC formalism informed
neural networks (GFINNs) that obey the symmetric
degeneracy conditions of the GENERIC formalism.
GFINNs comprise two modules, each of which
contains two components. We model each component
usinga neural network whosearchitecture s designed
to satisfy the required conditions. The component-
wise architecture design provides flexible ways
of leveraging available physics information into
neural networks. We prove theorctically that GFINNs
are sufficiently expressive to leam the underlying
equations, hence establishing the universal approxima-
tion theorem. We demonstrate the performance of
‘GFINNS in three simulation problems: gas containers
exchanging heat and volume, thermoclastic double
pendulum and the Langevin dynamics. In all the
examples, GFINNs outperform. existing_methods,
hence demanstrating good accuracy in predictions for
both deterministic and stochastic systems



Operator Learning

e Learns maps between function spaces, i.e. operators
G: flx) = u(x)

rather than pointwise functions.

e Examples: DeepONets, Fourier Neural Operators (FNOs).
e Advantages over function learning (e.g. PINNs):
e Generalizes across different initial /boundary conditions and parameters.
e Learns solution families, not just one instance.
e Outlook: operator learning is emerging as a new paradigm for PDE
surrogates, superseding function learning by treating the PDE as a mapping
rather than a single trajectory.



Fourier Neural Operator (FNO)

Paper: Fourier Neural Operator for Parametric
Partial Differential Equations (Li, Kovachki,
Azizzadenesheli, Liu, Bhattacharya, Stuart,
Anandkumar, 2020,/2021)

e Introduces Fourier Neural Operator (FNO), a
framework for operator learning.

e Learns mappings between function spaces by

parameterizing kernels in Fourier space.

e Provides mesh-independent generalization and
efficient evaluation.

e Demonstrated on PDE families such as Darcy
flow and Navier—Stokes.

FOURIER NEURAL OPERATOR FOR
PARAMETRIC PARTIAL DIFFERENTIAL EQUATIONS

Zongyi Li Nikola Kovachki Kamyar Asizzadencsheli

Koushik Bhattacharya  Andrew Stusst  Anima Anandkumar

Burigede Liu
belGclichedu

ABSTRACT

1 INTRODUCTION

cthods.
b There.
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fore, they impose  rd:off on heresoluon: e grids are fast b e
aceurato but sow.




Solving High-Dimensional PDEs Using Deep Learning

Paper: Solving High-Dimensional Partial Differential Solving High ol Paxtial Di ations Using

Deep Learning

Equations Using Deep Learning (Han, Jentzen, E,
Jiequn Han?, Arnulf Jentzen?, and Weinan B33
20 1 7) *Program in Applied and Computational Mathematics,

Princeton University, Princoton, NJ 08544, USA
?Department of Mathematics, ETH Zirich, Réimistrasse 101, 8092 Ziirich, Switzerland
*Department of Mathematics, Princeton University, Princeton, NJ 08544, USA
“Beijing Institute of Big Data Research, Beijing, 100871, China

e Reformulates parabolic PDEs via backward SDEs
(BSDESs); learns the solution’s gradient with a b ey g e 0
NN (Deep BSDE method). -

Abstract

e Trains by simulating forward SDE paths and

assumptions on their nter-relationships.

enforcing terminal/initial conditions in
1 Introduction

expectation.

Pastial differential equations (PDEs) aze amon the most ubiguitous tools used in modeling
probloms i nature. Some of tho most important ones are naturally formulated as PDEs in high
dimensions. Wellknown examples include:

e Demonstrates scalability to very high dimensions & TS o s e o s sty

of the PDE is roughly threa times the mumber of clectrons or quantum particles in the

(e.g., HIB, Black—Scholes). & o B St i i o i

sionality of the PDE is the number of underlying financial assets under consideration.

R ——

e Monte Carlo—friendly; avoids spatial meshes and
explicit discretization of the PDE operator.



Machine Learning of Linear DEs using Gaussian Processes

Paper: Machine Learning of Linear Differential
Equations using Gaussian Processes (Raissi and
Karniadakis, 2017)

e Leverages Gaussian process priors tailored to
linear differential operators.

e Learns parameters of ODEs, PDEs,
integro-differential, and fractional operators
directly from noisy data.

e Provides a probabilistic framework with
uncertainty quantification.

e Bridges Gaussian process regression with inverse
modeling for scientific discovery.

Machine Learning of Linear Differential Equations using
Gaussian Processes

Maviar Raissi! and George Fm. Karniadakis!

 Division of Applicd
182 George Strec,

Abstract

pa
equations involve, but are not limited to, ordinary and partial differential,
integro-differential, and fractional order operators. Here, Gaussian process
priors are modified according to the particular form of such operators and
are employed to infer parameters of the lincar equations from scarce and
possibly noisy . Such ions may come from

or “black-box” computer simulations.

Keywords: - probabilistic machine learning, differential equations, Gaussian
Processes, inverse problems, uncertainty quantifieation

1. Introduction

A grand challenge with great opportunities facing researchers is to de-
velop a coherent, framework that enables scientists to blend conservation
laws expressed by differential cquations with the vast data sets available in
‘many fields of engincering, science and technology. In particular, this article
investigates conservation laws of the form

uf) — LS : =7 J (@),

which model the relationship between two black-box functions u(z) and f(z)
Here,

fle) = Liu(z) &%)

Preprint submitted to arXiv Janvary 11, 2017



Efficient Natural Gradient Descent for PDE Optimization

Paper: Efficient Natural Gradient Descent Methods
for Large-Scale PDE-Based Optimization Problems
(Nurbekyan, Lei, Yang, 2023)

e Develops scalable algorithms for natural gradient
descent in PDE-constrained optimization.

e Reformulates natural gradient computation as a
least-squares problem.

e Avoids explicit formation/inversion of Fisher
information matrices.

e Enables applications such as Wasserstein natural
gradient descent in high dimensions.

Efficient Natural Gradient Descent Methods for Large-Scale PDE-Based
Optimization Problems”

Levon Nurbekyan, Wanzhou Leit, and Yunan Yang!

1. Introduction. In this paper, we are interested in solving optimization problems of the form

an i ((0),

where f is the objective/loss function and p(6) is the state variable parameterized by f. We mainly
consider p(9) as a PDE-based forward model, and  is a suitable discrepancy measure betwveen the
output of the forward model and the data. Inverse problems, such as the full waveform inversion
(FWI), are classical examples of (1.1). More recent examples are machine learning-based PDE
solvers where p(0) is a neural network with weights 0 that approximates the solution to the PDE [42).
They are typical large-scale optimization problems either due to fine grids parameterization of the
unknown parameter or large networks employed to approximate the solutions

First-order methods, especially in neural network training, are workhorses of high-dimensional
optimization tasks. One such approach is the gradient descent (GDD) method, whose continuous
analog is the following gradient flow cquation

0= —0uf(p(0))

Although reasonably cffective and computationally cfficient, GD might suffer from local minima
trapping, slow convergence, and sensitivity to hyperparameters. Consequently, first-order methods
and soue of thelr (stochastic and determiuistic) varlauts are ot sobust and require a sguifcant
tuning on a probl blem basis [51). Such performance is often explained
by the luck of curvature information in the parameler updates. Many optimization algorithus Lave
been developed to improve th such as ‘methods [48], N
‘methods [37), and various acceleration techmiques [36] including momentum-bascd methods [41].




Category 4:
You Pick!



