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What is AMPD UP?
• We are a reading group that meets Wednesdays at 9AM (go to coffee break

first and bring your bagels!)

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

paper

• Bonus points if you do a computer demo at the end (think open source code

that the authors released on github)

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

presentation

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

• This is meant to be casual!



Why a Journal Club?
• 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

:)





Paper Examples and
Suggestions



Category 1:

Inverse Problems, Linear Algebra, and
Uncertainty Quantification



The Problem

Fugitives! (Or just blurry images)



Solution 1: Variable Projection Method

Paper: Variable projection methods for separable

nonlinear inverse problems with general-form

Tikhonov regularization (Espanol, Pasha, 2023)

• Utilizes the variable projection (VarPro) method

(c. 1975) to solve the general-form Tikhonov

regularization problem

• Applies iterative solution techniques

Inverse Problems
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Abstract
The variable projection (VarPro) method is an efficient method to solve sep-
arable nonlinear least squares problems. In this paper, we propose a modified
VarPro method for solving separable nonlinear least squares problems with
general-form Tikhonov regularization. In particular, we apply the Gauss–
Newton method to the corresponding reduced problem and investigate its con-
vergence when different approximations of the Jacobian matrix are used. For
special cases when computing the generalized singular value decomposition is
feasible or a joint spectral decomposition of both forward and regularization
operators exists, we provide efficient ways to compute the Jacobians and the
solution of the linear subproblems. For large-scale problems, where matrix
decompositions are not an option, we compute a reduced Jacobian and apply
projection-based iterative methods and generalized Krylov subspace methods
to solve the linear subproblems. In all cases, the regularization parameter can
be computed automatically at each iteration using generalized cross validation.
Several numerical examples highlight the proposed approach’s performance
in the quality of the reconstructed image and the reconstructed forward oper-
ator, including large-scale two-dimensional imaging problems arising from
semi-blind deblurring.

Keywords: variable projection method, separable nonlinear,
Tikhonov regularization, semi-blind deconvolution
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Category 2:

Generative Modeling



The Problem

• Say you have some collection of data points

• E.g., dog images

• How can you generate a new data point that “looks like” the original data?

• E.g., a new dog image

?



Solution 1: DDPM

Paper: Denoising Diffusion Probabilistic Models (Ho,

Jain, Abbeel, 2020)

• One can easily add small increments of noise to

one’s data points

• Idea: try to train a neural network to reverse this

process and “denoise” it

• If one starts with a random noise sample and

then denoises it with this neural net, what will

happen?

• Hopefully, it will produce a new data point

that “looks like” the training data

Add noise
?



Solution 2: Score-based generative modeling

Paper: Score-Based Generative Modeling through

Stochastic Differential Equations (Song,

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

• Like DDPM, based on adding noise to the data

while trying to learn to “denoise” it

• Instead of modeling the problem as many

discrete steps (like DDPM), models it as a

continuous-time stochastic differential equation

(SDE)

• At the heart of this SDE is an object called the

“score” that one tries to learn

Otakhrgdc Ør Ø bnmedqdmbd oØodq Øs HBKQ 191fl

RBNQD/A�RDC FDMDQ�SHUD LNCDKHMF SGQNTFG
RSNBG�RSHB CHEEDQDMSH�K DPT�SHNMR

UYmf Rnmf“
RsØmenqc Tmhudqrhsx
wWmfrnmf-br0rsWmenpc0dct

HYrbgY Rngk:Chbirsdhm
Fnnfkd AqØhm
iWrbgWrc-fnnfkd0bnl

Chdcdqhi O0 JhmflY
Fnnfkd AqØhm
ctpj-fnnfkd0bnl

�aghrgdi JtlYq
Fnnfkd AqØhm
Waghrgj-fnnfkd0bnl

RsdeYmn Dqlnm
RsØmenqc Tmhudqrhsx
dplnm-br0rsWmenpc0dct

Adm Onnkd
Fnnfkd AqØhm
onnkda-fnnfkd0bnl

�ARSQ�BS

BqdØshmf mnhrd eqnl cØsØ hr dØrx, bqdØshmf cØsØ eqnl mnhrd hr fdmdqØshud lncdkhmf0
Vd oqdrdms Ø rsnbgØrshb cheedqdmshØk dptØshnm —RCD( sgØs rlnnsgkx sqØmrenqlr Ø bnl/
okdw cØsØ chrsqhatshnm sn Ø jmnvm oqhnq chrsqhatshnm ax rknvkx hmidbshmf mnhrd: Ømc Ø
bnqqdronmchmf qdudqrd/shld RCD sgØs sqØmrenqlr sgd oqhnq chrsqhatshnm aØbj hmsn sgd
cØsØ chrsqhatshnm ax rknvkx qdlnuhmf sgd mnhrd0 BqtbhØkkx: sgd qdudqrd/shld RCD
cdodmcr nmkx nm sgd shld/cdodmcdms fqØchdms zdkc —Ø0j0Ø0: rbnqd( ne sgd odqstqadc
cØsØ chrsqhatshnm0 Ax kdudqØfhmf ØcuØmbdr hm rbnqd/aØrdc fdmdqØshud lncdkhmf: vd
bØm ØbbtqØsdkx drshlØsd sgdrd rbnqdr vhsg mdtqØk mdsvnqjr: Ømc trd mtldqhbØk RCD
rnkudqr sn fdmdqØsd rØlokdr0 Vd rgnv sgØs sghr eqØldvnqj dmbØortkØsdr oqduhntr
ØooqnØbgdr hm rbnqd/aØrdc fdmdqØshud lncdkhmf Ømc cheetrhnm oqnaØahkhrshb lnc/
dkhmf: Økknvhmf enq mdv rØlokhmf oqnbdctqdr Ømc mdv lncdkhmf bØoØahkhshdr0 Hm
oØqshbtkØq: vd hmsqnctbd Ø oqdchbsnq/bnqqdbsnq eqØldvnqj sn bnqqdbs dqqnqr hm sgd
dunktshnm ne sgd chrbqdshydc qdudqrd/shld RCD0 Vd Økrn cdqhud Øm dpthuØkdms mdtqØk
NCD sgØs rØlokdr eqnl sgd rØld chrsqhatshnm Ør sgd RCD: ats ØcchshnmØkkx dmØakdr
dwØbs khjdkhgnnc bnlotsØshnm: Ømc hloqnudc rØlokhmf dezbhdmbx0 Hm Øcchshnm: vd
oqnuhcd Ø mdv vØx sn rnkud hmudqrd oqnakdlr vhsg rbnqd/aØrdc lncdkr: Ør cdlnm/
rsqØsdc vhsg dwodqhldmsr nm bkØrr/bnmchshnmØk fdmdqØshnm: hlØfd hmoØhmshmf: Ømc
bnknqhyØshnm0 Bnlahmdc vhsg ltkshokd ØqbghsdbstqØk hloqnudldmsr: vd Øbghdud
qdbnqc/aqdØjhmf odqenqlØmbd enq tmbnmchshnmØk hlØfd fdmdqØshnm nm BHE�Q/fl9
vhsg Øm Hmbdoshnm rbnqd ne 8078 Ømc EHC ne 1019: Ø bnlodshshud khjdkhgnnc ne 1088
ahsr“chl: Ømc cdlnmrsqØsd ghfg zcdkhsx fdmdqØshnm ne 0%13˘ 0%13 hlØfdr enq sgd
zqrs shld eqnl Ø rbnqd/aØrdc fdmdqØshud lncdk0

fl HMSQNCTBSHNM

Svn rtbbdrretk bkØrrdr ne oqnaØahkhrshb fdmdqØshud lncdkr hmunkud rdptdmshØkkx bnqqtoshmf sqØhmhmf
cØsØ vhsg rknvkx hmbqdØrhmf mnhrd: Ømc sgdm kdØqmhmf sn qdudqrd sghr bnqqtoshnm hm nqcdq sn enql Ø
fdmdqØshud lncdk ne sgd cØsØ0 Rbnqd lXsbghmf vhsg JXmfduhm cxmXlhbr —RLKC( —Rnmf ) Dqlnm:
19fl8( drshlØsdr sgd rbnqd —h0d0: sgd fqØchdms ne sgd knf oqnaØahkhsx cdmrhsx vhsg qdrodbs sn cØsØ( Øs dØbg
mnhrd rbØkd: Ømc sgdm trdr KØmfduhm cxmØlhbr sn rØlokd eqnl Ø rdptdmbd ne cdbqdØrhmf mnhrd rbØkdr
ctqhmf fdmdqØshnm0 Cdmnhrhmf cheetrhnm oqnaXahkhrshb lncdkhmf —CCOL( —Rngk/Chbjrsdhm ds Øk0: 19fl4,
Gn ds Øk0: 1919( sqØhmr Ø rdptdmbd ne oqnaØahkhrshb lncdkr sn qdudqrd dØbg rsdo ne sgd mnhrd bnqqtoshnm:
trhmf jmnvkdcfd ne sgd etmbshnmØk enql ne sgd qdudqrd chrsqhatshnmr sn lØjd sqØhmhmf sqØbsØakd0 Enq
bnmshmtntr rsØsd roØbdr: sgd CCOL sqØhmhmf naidbshud hlokhbhskx bnlotsdr rbnqdr Øs dØbg mnhrd rbØkd0
Vd sgdqdenqd qdedq sn sgdrd svn lncdk bkØrrdr snfdsgdq Ør rbnqd,aXrdc fdmdqXshud lncdkr0

Rbnqd/aØrdc fdmdqØshud lncdkr: Ømc qdkØsdc sdbgmhptdr —Anqcdr ds Øk0: 19fl6, FnxØk ds Øk0: 19fl6, Ct )
LnqcØsbg: 19fl8(: gØud oqnudm deedbshud Øs fdmdqØshnm ne hlØfdr —Rnmf ) Dqlnm: 19fl8, 1919, Gn
ds Øk0: 1919(: Øtchn —Bgdm ds Øk0: 1919, Jnmf ds Øk0: 1919(: fqØogr —Mht ds Øk0: 1919(: Ømc rgØodr —BØh

1Vnqj oØqshØkkx cnmd ctqhmf Øm hmsdqmrgho Øs Fnnfkd AqØhm0
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Solution 3: Stochastic interpolants

Paper: Building Normalizing Flows with Stochastic

Interpolants (Albergo, Vanden-Eijnden, 2023)

• Like the score-based approach but based on a

simple ordinary differential equation instead of

an SDE

• Unlike DDPM and the score-based approach, no

diffusion

• Called “stochastic interpolants” because it

“interpolates” between a data point and a noise

sample (instead of repeatedly adding random

noise to the data point)

Interpolation



Solution 4: Solution 2 plus solution 3

Paper: Stochastic Interpolants: A Unifying

Framework for Flows and Diffusions (Albergo, Boffi,

Vanden-Eijnden, 2023)

• Introduces a framework that lets you

mix-and-match score-based methods with

stochastic-interpolant-based methods

• Brings diffusion into the stochastic interpolant

approach

RsnbgZrs˜b HmsdqonkZmsr9
; Tm˜ex˜mf EqZldvnqh enq Eknvr Zmc C˜jtr˜nmr

L˜bgZdk R- ;kadqfn•0# M˜bgnkZr L- Anffi∗1# Zmc Dq˜b UZmcdm,D˜imcdm1

0Bdmsdq enq Bnrlnknfx Zmc OZqs˜bkd Ogxr˜br# Mdv Xnqh Tm˜udqr˜sx
1BntqZms Hmrs˜stsd ne LZsgdlZs˜bZk Rb˜dmbdr# Mdv Xnqh Tm˜udqr˜sx

Mnudladq 6# 1.12

:arsqUbs

; bkZrr ne fdmdqZs˜ud lncdkr sgZs tm˜zdr finv,aZrdc Zmc c˜jtr˜nm,aZrdc ldsgncr ˜r ˜msqnctbdc-
Sgdrdlncdkr dwsdmc sgd eqZldvnqh oqnonrdc ˜m )1[# dmZak˜mf sgd trd ne Z aqnZc bkZrr ne bnms˜mtntr,
s˜ld rsnbgZrs˜b oqnbdrrdr bZkkdc flrsnbgZrs˜b ˜msdqonkZmsr‘ sn aq˜cfd Zmx svn Zqa˜sqZqx oqnaZa˜k˜sx
cdmr˜sx etmbs˜nmr dwZbskx ˜m zm˜sd s˜ld- Sgdrd ˜msdqonkZmsr Zqd at˜ks ax bnla˜m˜mf cZsZ eqnl sgd
svn oqdrbq˜adc cdmr˜s˜dr v˜sg Zm Zcc˜s˜nmZk kZsdms uZq˜Zakd sgZs rgZodr sgd aq˜cfd ˜m Z fidw˜akd vZx-
Sgd s˜ld,cdodmcdms oqnaZa˜k˜sx cdmr˜sx etmbs˜nm ne sgd rsnbgZrs˜b ˜msdqonkZms ˜r rgnvm sn rZs˜rex Z
zqrs,nqcdq sqZmronqs dptZs˜nm Zr vdkk Zr Z eZl˜kx ne enqvZqc Zmc aZbhvZqc Enhhdq,OkZmbh dptZs˜nmr
v˜sg stmZakd c˜jtr˜nm bndffib˜dms- Tonm bnmr˜cdqZs˜nm ne sgd s˜ld dunkts˜nm ne Zm ˜mc˜u˜ctZk rZlokd#
sg˜r u˜dvon˜ms ˜lldc˜Zsdkx kdZcr sn ansg cdsdql˜m˜rs˜b Zmc rsnbgZrs˜b fdmdqZs˜ud lncdkr aZrdc
nm oqnaZa˜k˜sx finv dptZs˜nmr nq rsnbgZrs˜b c˜jdqdms˜Zk dptZs˜nmr v˜sg Zm ZcitrsZakd kdudk ne mn˜rd-
Sgd cq˜es bndffib˜dmsr dmsdq˜mf sgdrd lncdkr Zqd s˜ld,cdodmcdms udknb˜sx zdkcr bgZqZbsdq˜ydc Zr sgd
tm˜ptd l˜m˜l˜ydqr ne r˜lokd ptZcqZs˜b naidbs˜ud etmbs˜nmr# nmd ne vg˜bg ˜r Z mdv naidbs˜ud enq sgd
rbnqd ne sgd ˜msdqonkZms cdmr˜sx- Vd rgnv sgZs l˜m˜l˜yZs˜nm ne sgdrd ptZcqZs˜b naidbs˜udr kdZcr sn
bnmsqnk ne sgd k˜hdk˜gnnc enq fdmdqZs˜ud lncdkr at˜ks tonm rsnbgZrs˜b cxmZl˜br# vg˜kd k˜hdk˜gnnc
bnmsqnk enq cdsdql˜m˜rs˜b cxmZl˜br ˜r lnqd rsq˜mfdms- Vd Zkrn bnmrsqtbs drs˜lZsnqr enq sgd k˜hdk˜gnnc
Zmc sgd bqnrr,dmsqnox ne ˜msdqonkZms,aZrdc fdmdqZs˜ud lncdkr# Zmc vd c˜rbtrr bnmmdbs˜nmr v˜sg
nsgdq ldsgncr rtbg Zr rbnqd,aZrdc c˜jtr˜nm lncdkr# rsnbgZrs˜b knbZk˜yZs˜nm oqnbdrrdr# oqnaZa˜k˜rs˜b
cdmn˜r˜mf sdbgm˜ptdr# Zmc qdbs˜ex˜mf finvr- Hm Zcc˜s˜nm# vd cdlnmrsqZsd sgZs rsnbgZrs˜b ˜msdqonkZmsr
qdbnudq sgd Rbgqn̂c˜mfdq aq˜cfd adsvddm sgd svn sZqfds cdmr˜s˜dr vgdm dwok˜b˜skx nos˜l˜y˜mf nudq sgd
˜msdqonkZms- E˜mZkkx# Zkfnq˜sgl˜b Zrodbsr Zqd c˜rbtrrdc Zmc sgd ZooqnZbg ˜r ˜kktrsqZsdc nm mtldq˜bZk
dwZlokdr-

•;tsgnq nqcdq˜mf ZkogZads˜bZk: Ztsgnqr bnmsq˜atsdc dptZkkx-

0
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Solution 5: Mean field games

Paper: A mean-field games laboratory for generative

modeling (Zhang, Katsoulakis, 2023)

• 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

• Formulates the problem as a so-called mean-field

game (MFG)

• MFGs help give another PDE perspective for

generative modeling to understand

well-posedness of strategies

: LdWmflEhdkc FWldr JWanoWsnow eno FdmdoWshud Lncdkhmf

AdmiZlhm I- WgZmf aiygZmf6tlZrr-dct
Cdo“qsldms ne L“sgdl“shbr “mc Rs“shrshbr
Tmhudqrhsx ne L“rr“bgtrdssr ;lgdqrs
;lgdqrs) L; .0..2,82.4) TR;

LZqjnr :- JZsrntkZjhr lZqjnr6tlZrr-dct

Cdo“qsldms ne L“sgdl“shbr “mc Rs“shrshbr

Tmhudqrhsx ne L“rr“bgtrdssr ;lgdqrs

;lgdqrs) L; .0..2,82.4) TR;

:arsoWbs

Vd cdlnmrsq‘sd sgd udqr‘shkhsx ne ld‘m,fidkc f‘ldr ’LEFr( ‘r ‘ l‘sgdl‘shb‘k eq‘ldvnqj
enq dwok‘hmhmf+ dmg‘mbhmf+ ‘mc cdrhfmhmf fdmdq‘shud lncdkr- Hm fdmdq‘shud finvr+ ‘ K‘,
fq‘mfh‘m enqltk‘shnm hr trdc vgdqd d‘bg o‘qshbkd ’fdmdq‘sdc r‘lokd( ‘hlr sn lhmhlhyd ‘
knrr etmbshnm nudq hsr rhltk‘sdc o‘sg- Sgd knrr+ gnvdudq+ hr cdodmcdms nm sgd o‘sgr ne nsgdq
o‘qshbkdr+ vghbg kd‘cr sn ‘ bnlodshshnm ‘lnmf sgd onotk‘shnm ne o‘qshbkdr- Sgd ‘rxlosnshb
adg‘uhnq ne sghr bnlodshshnm xhdkcr ‘ ld‘m,fidkc f‘ld- Vd drs‘akhrg bnmmdbshnmr adsvddm
LEFr ‘mc l‘inq bk‘rrdr ne fdmdq‘shud finvr ‘mc chfftrhnmr hmbktchmf bnmshmtntr,shld mnq,
l‘khyhmf finvr+ rbnqd,a‘rdc fdmdq‘shud lncdkr ’RFL(+ ‘mc V‘rrdqrsdhm fq‘chdms finvr-
Etqsgdqlnqd+ vd rstcx sgd l‘sgdl‘shb‘k oqnodqshdr ne d‘bg fdmdq‘shud lncdk ax rstcxhmf
sgdhq ‘rrnbh‘sdc LEF&r noshl‘khsx bnmchshnm+ vghbg hr ‘ rds ne bntokdc enqv‘qc,a‘bjv‘qc
mnmkhmd‘q o‘qsh‘k chffdqdmsh‘k dpt‘shnmr- Sgd l‘sgdl‘shb‘k rsqtbstqd cdrbqhadc ax sgd LEF
noshl‘khsx bnmchshnmr hcdmshfidr sgd hmctbshud ah‘rdr ne fdmdq‘shud finvr- Vd hmudrshf‘sd sgd
vdkk,onrdcmdrr ‘mc rsqtbstqd ne mnql‘khyhmf finvr+ tmq‘udk sgd l‘sgdl‘shb‘k rsqtbstqd ne
RFLr+ ‘mc cdqhud ‘ LEF enqltk‘shnm ne V‘rrdqrsdhm fq‘chdms finvr- Eqnl ‘m ‘kfnqhsglhb
odqrodbshud+ sgd noshl‘khsx bnmchshnmr xhdkcr G‘lhksnm,I‘bnah,Adkkl‘m ’GIA( qdftk‘qhydqr
enq dmg‘mbdc sq‘hmhmf ne fdmdq‘shud lncdkr- Hm o‘qshbtk‘q+ vd oqnonrd ‘mc cdlnmrsq‘sd ‘m
GIA,qdftk‘qhydc RFL vhsg hloqnudc odqenql‘mbd nudq rs‘mc‘qc RFLr- Vd oqdrdms sghr
eq‘ldvnqj ‘r ‘m LEF k‘anq‘snqx vghbg rdqudr ‘r ‘ ok‘senql enq qdud‘khmf mdv ‘udmtdr ne
dwodqhldms‘shnm ‘mc hmudmshnm ne fdmdq‘shud lncdkr-

Jdxvnqcr9 Fdmdq‘shud lncdkhmf+ ld‘m,fidkc f‘ldr+ G‘lhksnm,I‘bnah,Adkkl‘m dpt‘shnm+
mnql‘khyhmf finvr+ rbnqd,a‘rdc fdmdq‘shud lncdkr+ V‘rrdqrsdhm fq‘chdms finv+ hmctbshud ah‘r

Bnmsdmsr

0 Hmsqnctbshnm 2

0-0 ? oqduhdv ne qdrtksr - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 5

1 AZbjfqntmc nm ldZmflfidkc fZldr 7

1-0 Noshl‘khsx bnmchshnmr - - - - - - - - - - - - - - - - - - - - - - - - - - - - - - 8

�1.12 YgZmf Zmc JZsrntkZihr-

Khbdmrd9 BB,AW 3-.+ rdd gssor4..bpc:shtcbnllnmr�npe.ihbcmrcr.av.0�/.-
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Category 3:

Scientific Machine Learning for PDEs



Physics-Informed Neural Networks (PINNs): Big Idea

• Learn a function uθ(x, t) (neural net with parameters θ) that fits data and

satisfies the governing PDE.

• Use the PDE itself as a training signal: penalize the residual of the differential

operator evaluated on uθ via automatic differentiation (AD).

• Train on mixed batches:

• Data points: observed (xi, ti, yi)

• Physics points: collocation (xj , tj) for enforcing the PDE

• BC/IC points: boundary/initial constraints

• Outcome: a single “surrogate” model uθ that is consistent with measurements

and the model physics.



PINNs: Core Loss Idea

• Network: uθ(x, t) with AD-computed derivatives.

• PDE residual at collocation points: evaluate the governing operator on

the network output, e.g.

Rθ(x, t) = ∂tuθ(x, t)− ν ∂xxuθ(x, t)− f(x, t),

which should vanish if uθ satisfies the PDE.

• Loss blends three parts:

• Data fit: match observed values

• Physics: penalize ∥Rθ∥2

• BC/IC: enforce boundary and initial conditions

• Training minimizes

L = λd (data) + λp (physics) + λb (BC/IC)

• 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)

• Embeds the GENERIC (General Equation for

Non-Equilibrium Reversible–Irreversible

Coupling) structure into neural nets.

• Splits dynamics: reversible (Hamiltonian) vs.

irreversible (dissipative); thermodynamically

consistent.

• Works for deterministic & stochastic systems;

strong results on benchmark problems.



Operator Learning

• Learns maps between function spaces, i.e. operators

G : f(x) 7→ u(x)

rather than pointwise functions.

• Examples: DeepONets, Fourier Neural Operators (FNOs).

• Advantages over function learning (e.g. PINNs):

• Generalizes across different initial/boundary conditions and parameters.

• Learns solution families, not just one instance.

• 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)

• Introduces Fourier Neural Operator (FNO), a

framework for operator learning.

• Learns mappings between function spaces by

parameterizing kernels in Fourier space.

• Provides mesh-independent generalization and

efficient evaluation.

• Demonstrated on PDE families such as Darcy

flow and Navier–Stokes.



Solving High-Dimensional PDEs Using Deep Learning

Paper: Solving High-Dimensional Partial Differential

Equations Using Deep Learning (Han, Jentzen, E,

2017)

• Reformulates parabolic PDEs via backward SDEs

(BSDEs); learns the solution’s gradient with a

NN (Deep BSDE method).

• Trains by simulating forward SDE paths and

enforcing terminal/initial conditions in

expectation.

• Demonstrates scalability to very high dimensions

(e.g., HJB, Black–Scholes).

• 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)

• Leverages Gaussian process priors tailored to

linear differential operators.

• Learns parameters of ODEs, PDEs,

integro-differential, and fractional operators

directly from noisy data.

• Provides a probabilistic framework with

uncertainty quantification.

• Bridges Gaussian process regression with inverse

modeling for scientific discovery.



Efficient Natural Gradient Descent for PDE Optimization

Paper: Efficient Natural Gradient Descent Methods

for Large-Scale PDE-Based Optimization Problems

(Nurbekyan, Lei, Yang, 2023)

• Develops scalable algorithms for natural gradient

descent in PDE-constrained optimization.

• Reformulates natural gradient computation as a

least-squares problem.

• Avoids explicit formation/inversion of Fisher

information matrices.

• Enables applications such as Wasserstein natural

gradient descent in high dimensions.



Category 4:

You Pick!


