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Abstract

This report summarizes recearthnical work of thépplied and Computational Sciencesuviziion of the
Information Technology Laboratomt the National Institute of Starmdis and Technology (NISTPart |
(Overview) provides a higlevel overview of the Divisio@s activities, includig highlights of technical
accomplishrents during the previous yedtart Il (Features) provides further details on projetiartic-

ular notethis year.This is followed in Part Il (Project Summaries) by brief synopses of all technical
projecs active dring the past yeaPart IV (Activity Data) provides listings of publications, technical talks,
and other professional activities in which Bien saff members have participatebhe reporting period
coveredby this document is Ogber 203 through Decmber 2@20.

For further information, contact Ronald F. Boisvetp0 Bureau Drive,Mail Stop 8910, NIST,
Gaithersburg, MD 20898910, phone 309753812, emaiboisvert@nist.govor see the Divisiais Web
site athttps://www.nist.gov/itl/math/

Keywords: applied mathematicssomputdional science and engineegi; highperformance computing;
mathematics of metrology; mathematics of biotechnolowygerials modéng and simulationmmathemati-
cal knowledge managentemathematical modeling; network sciensejentific visualizationquantum
information science.

Cover Visualization: Composite false&olor, topdown views of hydrodynamic focusing imacrofluidic

chip.In each panel, a core stream (red, yellow, and green) flowing left to right is compressed by two focus-
ing flows (magenta) that impinge on It the pp-right panel, the focusing flows have greater pressure than

in the topleft, therebycreating a more tightly focused core streémthe bottom panels, the relative pres-
sure of the bottom focusing stream is varied to shift the core off of the cent€EHmeomposites were
generated from epifluorescence microscope imagetedms spik with fluorescent dyesSee pagé?2

for details.Image courtesy of MaDiSalvo, a NIST PREP postdoctoral associfitam Johns Hopkins
University.

Section Visualiations: The fiword cloudo which isfound at the start of each Part of this document was
createdusing Wordleandthe text of this document as input.
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Introduction

Founded in 1901, the Natidniastitute of Standards and Technology (NIS§ a nonregulatory federal
agency within the U.S. Department of Commelttemission is to promote U.S. innovation and industrial
competitiveness by advancing measurement science, standards, and technobgy/that enhance eco-
nomic security and improve our quality of lifdhe technical disciplines represented in the NIST
Laboratoriesincludephysics, electrical engineeringgnotechnologymaterials science, chemisthyotech-
nology, manufacturing and ewtructionengineeringfire research, information technolagynathematics
and statisticsThe NIST Labs operate in two logats: Gaithersburg, MD, (headquart&r@34hectared78
acrecampus) and Boulder, CO (8#ctare208-acrecampus). NIST employs aboB#00 scientists, engi-
neers, technicians, and support persoMiiST also hosts abo@t500 associates from academia, industry,
and other government agencies, who collaborate with NIST staff and @sdastities.

The Information Technology Laborago(ITL) is one ofsix major organizational unitshat make up
theNIST Labs ITLGs singula purpose is to cultivate trust in information technology and metrolDigig.
is donethrough the development of measurements,,testsguidance to support innoigatin and deploy-
ment of information technology by industry and government, as wilt@gyhthe application of advanced
mathematics, statisticand computer science to helsare the quality omeasurement science

The Applied and ComputationdlathenaticsDivision (ACMD) is one ofseventechnical Divisions

in ITL. At its core,ACMDG&s purpose ido nurturetrust inmetrology and scientific computingo do so,
ACMD provides leadership within NIST in theseof applied and computational mathematicssatve
technicalproblems arising in measement sciencand related applicationB that role staff members

1 perform research in applied mathematioslcomputationakcience and engineeringgcluding ana-
Iytical and numerical methodkigh-performancecomputing, and visualization

91 perform applied research in computer science and engineering for future computing and communi-
cations technologies;

1 engage in peeto-peer collaboration® applymathematicaand computationakechniques and tools
to NIST problens;

1 developand disseminatmathematical reference data, software, and related tools; and

1 work with internaland externagjroupsto develop standards, testreference implementations, and
other measurement technologiesdarrent and futurscientificcompuing systems

Division staff is organized into four groups:

1 MathematicalAnalysis andviodeling Group(Timothy BurnsLeade). Performs research and main-
tains expertise in applied mathematics, mathematical modeling, and numerical analysis for
applicatbn tomeasurement science.

1 Mathematical Software Grouichael Donahuel_eade). Performs research and maintains exper-
tise in the methodology and application of mathematical algorithms and software in support of
computational science within NIST as wedlia industry and academia.

1 High Performance Computing and Visualization Grédydith Terrill, Leade). Performs research
and maintains expertise in the methodologies and tobiglfperformancescientific computing and
visualization for use in measurent sgence.

1 Computing and Communications Thedbyoup (Ronald Boisvert, Acting LeadeDliver Slattery
Project Leade). Performs research and maintains expertisedfundamental mathematics, physics,
computer scienceggnd measurement science necessamgnable the developmeand analysis of
current anduture computing and communications systems.

The technical work of the Division is organized isverthematic areas; these are described in the sidebar.
Project desdptions inPartlll of this docunentare organized according to these broad themes
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Division Thematic Areas

Broad Areas

Mathematics of Metrology. Mathematics plays an im
portant role in measurement science. Mathematical mod
are needed to understand how to design effective meast
ment systems and to analyzbe results they prodoe.

Mathematical techniques are used to develop and ana
idealized models of physical phenomena to be measured,
mathematical algorithms are necessary to find optimal <
tem parameters. Mathematical and statistical techniques
needed to transformmeasured data into useful informatior
We develop fundamental mathematical methods and to
necessary for NIST to remain a worldass metrology insti-
tute, and to apply these to measurement science problen

High Performance Computing and Visualization. Com-

putational capability continues to advance rapidly, enah
modeling and imulation to be done with greatly increase
fidelity. Doing so often requires computing resources wi
beyond what is available on the desktop. Developing s
ware that makes efttive use of such higherformance
computing platforms remains very challemgirequiring ex-
pertise that application scientists rarely have. We maint
such expertise for application to NIST problems. Such co
putations, as well as modern experimentgitally produce
large volumes of data, which cannot be readily comp
hended. W are developing the infrastructure necessary f
advanced interactive, quantitative visualization and analys
scientific data, including the use of 3D immersive envir
ments and applying the resulting tools to NIST problems.

Current Focus Areas

Mathematics of Biotechnology. As proofof-concept aca-
demic work in engineering biology meets the market realiti
of bringing lab science to product initiation, themee needs
to compare biological products, measure whether desir
outcomes are realized, and optimize biological systémns
desired behaviors. NIST is working to deliver tools at
standards to measure such biological technologies, outp
and processes from healthcai@manufacturing and beyond
We support this effort with the development and deploy
ment of innovative maematical modeling and data analy:
techniques and tools.

Materials Modeling. Mathemaical modeling, computa-
tional simulation, and data analytics &ey enablers of
emerging manufacturing technologidhe Materials Ge-
nome Initiative (MGI), an interagency program with the gt
of significantly reducing the time from discovery to comme
cial deployment of new materials using modeling, simulat
and inbrmatics, is a case in point. To support the Nile

in the MGlI, we develop and assesses modeling and simuli
techniques and tools, with emphasis on uncertainty quan
cation, and collaborate with other NIST Laboratories in the
efforts to developthe measurement science infrastructur
needed bythe materials science and engineering commun

Quantum Information Science. An emerging discipline a
the intersection of physics and computer sciengaantum
information science is likely to revolutiae 2t century sci-
ence and technology the same waghat lasers, electronics
and computers did in the 20century. By encoding infor;
mation into quantum tattes of matter, one can, in theory
enable phenomenal increases in information storage and |
cessing capabilityAt the same time, such computers woul
threaten the publikey infrastructure that secures all of ele(
tronic commerce. Although many of the necessary phys
manipulations of quantum states have been demonstrg
experimentally, scalirthese yp to enable fully capable quar
tum computersand networksremains a grand challenge. W,
engage in (a) theoretal studies to understand the power ¢
guantum computing, (b) collaborative efforts with the mul
laboratory experimental quantum scienceogram at NIST
to characterize and benchmark specific physical realizat
of quantum information processing, ant) demonstration
and assessment of technologies for quannetworking

Foundations of Measurement Science for Information
SystemsITL assmes primary responsibility within NIST fq
the development of measurement science infrastructure ¢
related standards for IT and its applications. ACMD develg
the mathematical foundations for such work. This can
very challenging. For exarmphmanylargescale information
centric systems can be characterized as an interconnec
of many independently operating components (e.g., softw
systems, communication networks, the power grid, trar
portation systems, financial systems). Exactly hdwe
structure of such largescale interconnected systems and tf
local dynamics of its components leads to systewel be-
havior is only weakly understood. This inability to predict t
systemic risk inherent in system design leaves us open to
realized péentialto improve systems or to avoid potentially
devastating failures. A looming new example of importal
to NIST is the Internet of Thing&Ve are developing models
to aid in the development of applications from individualiz
health IT devices to largecalesensor networks.

Math ematical Knowledge Management. We work with
researchers in academia and industry to devel
technologes, tools, and standards for representatio
exchange, and use of mathematical data. Of partic
concern are semantibased represstations which can
provide the basis for interoperability of mathematig
information processing systenWe apply these representa
tions to the development and dissemination of referen|
data for applied mathematics. The centerpiece of this efi
is the Digital Library of MathematicBlinctions, a freely avail
able interactive and richly linked online resource, providi
essential information on the properties of the special fur
tions of applied mathematics, the foundation of mathemat
modeling in all oécience and engineering.
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Highlights

In this section we identify some of the major accomplishments of the Division during the paSWgear
also provide news related &CMD staff The COVID-19 pandemic provided a wealth ofatlenges to
overcome during 2020. By miglarch the NIST campus was closed to all Division staff. A good deal of
effort was expended getting those who were not alrégldyworkready upto-speed. While much of our
work could go on unabated, some thingsexgffl. Our quantum optical experiments were suspended. The
daily faceto-face interactions which are the lifeblood of a research organization moved online, which made
them difficult at best. The spontaneity that feeds collaboration was largely lost. Wdffilegdevels grew
during the period, it became much more difficult to integrate new staff members into the life of the Division.
We managed to cope with these chiadjes and developed new methods of interaction. Bysomitimer our
experimentalists, and s@ of our theorists who collaboratesely with experimentalists in other NIST
Labs were allowed back on campBsit as | write this in spring 2021 most of our stafinain infull-time
teleworking mode. We look forward to a return to normalcy latercdesndar year.

RecentTechnical Highlights

ACMD has made significant technical progress on many fronts during the past year. Here we highlight a
few notable technicadccomplishmentd-urther details are provided in Part Il (Features) and PdRrib+
ject Summaries)

Mathematicsof Metrology. Gas chromatography, in combination with mass spectrometry, is a powerful
experimental tool to identify unknown chemical compounds. The flow of the molecagaschromato-
graphic column is characterized by a disienless quantity called ti&véats retation indexKRI), which

is independent of many experimental factors. NIST maintains a database of KRI of different maletules
has developed a growgontribution approach to predict KRI for other moleculgSMD researchers have
taken a novel alternagapproacho that prediction, using a deep learning model based on a graph neural
network which encodes elementary atomic and molecular information. The new rinetihodesthe pre-
dictive capability over the grougontribution model by almost a factor fofur. See pageO.

We have taken on a leadership role in promotingetteghange and reuse of mathematical modeling
software within the atomic and molecufzhrysics communityA prototypegateway for the distribution and
maintenance of such codes has been developed. In December 2019 ACMD hosted a workshop with soft-
ware developers from that community to chart a path forvged.pagé5s.

High Performance Computing and VisualizatonnACMDO6s Hi gh Per f or mance Con
zation Group has operated ammersive visualization environme(iVE) for many years and have
successfully used it to provide critical insights to a wide variety of NIST metrology projectake ad-

vantage of recent advances in visualization hardware, we are moving our IVE to ParaView, a fully open
source software environmemrts part of this effd we are partnering with Kitare to extend and enhance

Par aVi ewbs c¢ ap abvidudlizatiore\V¥e hdvealso joineditne Khsonos &roup, which is

working to develop standards for extended reality and for rendering scientifiSdatpag&6. This work

has been greatly enhanceddayr engagement witlVilliam Shermanan ACMD guest researcher who,

with four published books on virtual reality under his he# an acknowledged expert in this rapidly ad-
vancing field

This year ACMD staff took a leadership role in higdwrformancecomputingat the national les
throughB. S c h seevicddasC@bdhsai r of t he White Houseds Nati on.
Fast Track Action Committee on Strategic Compuflige group led an effort with input from government,

1 https://www.amazon.corie/B001K8O3WM
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industrial, and eademic stakeholders to upeldhe goals and strategies behind the National Strategic Com-
puting Initiative. Their report was issued in November 2019.

Mat hemati cs o fT hRirgamtnencgh FCRIVchg@Pyal t h cri si s has highli gl
advanced metartolcoagny bteooulssedt h n bot hncriespoakeanodo t ae
sevACHMBt aff members have been cobetabbrptopgctwvst he Mi
mat hemameatcrsologfgwnf otr ati ve -rpecalcytMé&iRa s(ENAh amiem sur ement
serobhaggegd ant iTohoed yn cavsesla ydsat a anahwnysies dewarh odgreallelise t h
significantn itnrpa okvienmpe ntthsd dnplr eowd h eaf | Q@ eE B n eoruas! idti ys e a
ot hemat hemanadlcyadi s provides a robust framework for i
it makes so few assumpbeendiaed i s widely applicabl

ACMD st aff members have made greatofstmadtdleesma tpi cian
modeling in cryobiology. Acryacprse soeftr AeCtMDo ancotrike el aosf
bi ol ogi cal sppleacyismeanns ,e nmohrincchus r oflreo m nmead i wii dnee rtaon gaeg !
to forermpxeiregadwd piuibdsi cati on of three papers which pr
chemi cal mihcese inbdyneanbr aanred dbyntpintd dc sp h arseec e srsaanrsyi tfizcorn st
st wdypti mi zation of cryoprbedlservation protocols. - See

Materials Modeling. We continue to make a positive impact to the micromagnetics modeling community
through our OOMMF project, which has developed an egmence public code fanicromagnetics mod-

eling. OOMMEF is an extensible platform in whiclimerical methods for micraagnetics problems can be
studied. But, as a fully functional modeling system it has welcomed many users. In calendar 2020 more
than 210 peereviewed journal articles cited use of OOMMF. To further serve the user community this
year, M. Donahue and D. Pertof ACMD presented a fousession (eighhour total) tutorial serieas part

of the Online Spintronics Seminar sponsored by the IEEE Magnetics Sdeiatidition, Donahuserved

as Editor of anewly publishedook from WorldScientific Publishers entitleBlectrostatic and Magnetic
Phenomea. The volume contains a chapter contributedDmnahue and Portem standard problems in
micromagneticsSee pagé?.

Quantum Information . Quantum devices amw large enough tdemonstratguantum advantage over
classical computing, but it is still an open question what theusstulquantum task will be. Nederm
algorithms need to be resistant to noise and scalable. Analog quantum algorithms, whielused for
combinatorial optindation, satisfy both these requirements, using continuous quantum evolution rather
than discretized circuits. The design of efficient analog algorithms remains challenging, however. Smooth
monotonic Quantum Annealing (QA) aride pulsed Quantum Approxima@ptimization Algorithm
(QAOA) sit on two ends of the design spectrum. We have developed a unified framework in which to treat
all analog quantum algorithms and have identified conditionegmal analog protocolsThe resilting

protocol is a hybrid algrithm, exhibiting pulse behavior at the beginning and end but often smooth, non
monotonic behavior in the middi8ee pagé?7.

The availability of Noisy Intermediate Scale Quantum (NISQ) processs led to attempts to describe
what quantum algorithms might reasonably be implemented witkdépth quantum circuits. Jozsa has
conjectured that any polynomitime quantum computath can be simulated by a polynomsige classical
computation intdeaved with polylogarithmiclepth quantum computation,-salledhybrid guantum com-
putaton Whi |l e this conjecture seems to hol fctofingr some i
algorithm), we have constructed an Oracle problem that can edsbly a polynomiatime quantum com-
putation but cannot be solved by hybrid quantum computation. This resolves in the affirmative a conjecture
due to Aaronson from 2005, and also providds e f i r st concrete candidate for
conjedure.See pag®2.

Electrons confined in arrays of semiconductor nanostructures, called gqudotsjrare gaining popu-
larity as candidate building blocks for sehtate quantum devices. In semiconductor quantum computing,

2 National Strategic Computingpdate:Pioneering the Future of Computinyational Science and Technology Council, November 2019. URL:
https://www.nitrd.gov/pubs/Nation8trategicComputirg-Initiative-Update2019.pdf
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devices now have tens of individual electrostatic and dynamical gate voltages that must be carefully set to
isolate the system time single electron regime and to realize good qubit performance. Configuring these
manually quickly becomes infeasible as the hamof qubits grows. We are using machine learning to
develop an approach tmtomaticallytuning guantum dots faromputing applicationgOur procedure was
recently successfully implemented on a double dot in collaboration with the University of Wisddresin
article reportingthivas i denti fi ed as PlysicalReview Appliéde afegarteic t i o n
paing with NIST PML in a CRADA with Intel, which is interested in using this technol@pe pagd0l1

This year ar quantum communications experimental team refatusé hei r ef forts t o I
new thrust inquantum networkingrhe main tasks for this project will be to identify the key performance
parameters in quantum networks; to develop versatile todisn@asurement procedures for quantum net-
works and gantum network components; and to collaborate within and beyond NIST to support the
implementation of guantum network emulation, control, management and opefaimeffort has been
enhanced by the radgtment of a new senior experimentalist for the ACliiogram. See padi3

Foundations of Measurement Science for Information SystemBor quite some time ACMD, in collab-

oration with the NIST Computer Security Division, andeemral organizations such as the Uniitgref

Texas at Arlington and SBA Research (Austria) have been studgmbinatorial methods for software

testing Theseefforts have sparked a surge of research and application of combinatorial (€3iinech-
nologyworldwide. During this reporting ped, ACMD researchers were-@uthors on 10 research papers

in this area. One of particular note considered the effectiveness of CT in real industrial settings. To assess
this, our researchemsorked with four compaes to evaluate¢he effectiveness ofT on five industrial

software systems By comparing the results of applying CT
they were able to see clear benefits of CT, especially in detectingfautdir faults. Thetudy also revealed

some practical chadhges for applying CT which will be the subject of future work. See pigje

Mathematical Knowledge ManagementThis year ACMD researchers made important stadethe use

of machine éarning for theutomated processing of technical documeB&veral important dasets have

been developed for the communiy CMD6s LaTeXML tool ha®% béemr Xs & @
1.6M documents into HTML+MathMliformatwith a 70 % success rat8uch a resource is welcomed by

the math knowledge manage research community. As>armepe, ACMD researchers and collaborators

were able to perform a substantial study of automated methods for classifying paragraphs (according to
their purpose) in technical documents. See d&%eln separate work, ACMD researchers turned the con-
tents of INbrafy BfVietheBatigal Rurections into a weliructured, on@f-a-kind, labeled

(i.e., annotated) dataset for traigiand testing ML models for a number of valuable rAtatiguage pro-

cessing applications, and made that dataset available in the publd8eepagel 25

Technology Transfer and Community Engagement

The volume of technical output ACMD remains highDuring the last 1Bnonths, Division staff members
were (ce)authors 068 articles apparing in peereviewedjournals,25 papers in conference proceedings
andnine published in other venueBive additional papersrereaccepted for publication, whitet others
are undergoing reviewDur staff were authors or editors of four published bobDkgsion staff gave33
invited technical talks and present8 others in conferences and workshopgaff members were €0
inventors orfive new patent applicationsyo additional onewereawarded.

ACMD continues to maintain an active vee with a variety of information anservices,most
notablythe Digital Library of Mathematical Functionfiough legacy servicdbkat areno longer actively
developedlike the Guide to Available Mathematical Software, the Matrix Market, and the SciMark Java
benchmarlstill seesignificantuse During calendar yed€Y) 202Q the divisionwebserver satisfied more
than5.2million requests for pageguringmore tharv48,000user visits Another indication of the success-
ful transfer of our technology is references to our softwarefgreedournal articles. For example, our
softwaresystemfor nanemagnetic modelingOOMMF) was cited in210 suchpapers published in CY
2020 alone.
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Members of the Division are also active in professional circles. Staff members hold a tbtal of
editarial postionsin peerreviewed journald-or exampleBarry Schneider ian Associate Editein-Chief
for IEEEG Computing in Science and Engineeriggaff membersire also active in conference organiza-
tion, serving ork3 organizing/steering/program corittees.Of note, ACMD played an important role as
sponsor or (c§organizer okseveral significant events this year, includihg following:

1 Computational Reproducibility at Exascglat SC19, Denver, CO, November 17, 20M. Mas-
cagni and Walid KeyroyzZ_o-Organizers)

This workshopaddressedssues of numerical reproducibility as well as approaches and best prac-
tices to sharing and running code and the reproducible disseminatomptitational results. The
main target wasomputational reproducibility ihigh performance computirig generaljncluding
thoseissuesanticipated as we scale upexascale machines in the next decallee participants
includedgovernment, academic, dundustry stakeholders.

1 A Science Gateway for Atomic and Molecular PhysN$ST, Gaithersburg, MD, December-13,
2019.(B. Schneider, LocdDrganizer)

Thisworkshopwas a followon toan NSF supported workshop heldHatrvards Institute for The-

oretical Atomic, Molecular and Optical Physics (ITAMP)May 1416, 2018 entited fi Dev el opy ng
FIl exi bl e and Robust Software in Computationad At
Scheider (chair), Robert Forrey (Penn State), and Naduvalath Balakrishnan (UNLV). Following

the workshop six of thparticipating researcgroupsinterested in atomic and molecular collisions

and the interaction of those systems with electromagnetic radsattomitted goint proposal to the

NSF eXtreme Science and Engineering Discovery Environment (XSEDE) to build and maintain a
Science Gateway #eted to the codes developed in these groupsgdhbvas to explore mecha-

nisms to collectively make codes dahile and easier to use by the partners as well as others in the
community. This workshop focused on the next stefdth the proposal grantethe group was

joined by Sudhakar Pamidighantam of the XSEDE project for development of the gateway. With

some ofthe codes being ported to various XSEDE platfotiresgroup decided to focus dascrib-

ing the science and the computational detailsugchcodes to a larger community with the goal of

making them available and useful to others and to also invite pebpléave similar interests to

consider more direct participation in the project.

Servicewithin professional societies is also prevalent amaungstaff. For exampldBonita Saunders was
elected to the Board of Trustesthe Society for Industrial ardpplied Mathematics (SIAM Staff mem-

bers are also active in anety of working groupsRonald Boisvert and Andrew Dienstfrey serve as
memberof the International Federation for Information Processing (IFIP) Working Group 2.5 on Numer-
ical Software, Donald Porter is a member of the Tcl Core TBanee Miller is a member of W38 Math
Working Group, and Sandy Ressler is a member oWed3D Coisortium Barry Schneiderepresents
NIST on theHigh-End Computing(HEC) Interagency Working Group of the Federal Networking and In-
formation Technology ResearchdaBevelopment (NITRD) Prograriurtherdetails can be found in Part

IV of this report

Staff News

Once againthis yearACMD experienced an unusually large number of staffimgngesThree permanent

staff members and one postdoc departed. At the same time, we welcomed three new permanent staff mem-
bers, six new postdocs, one temporary hire, amdnanw faculty appointee. Nearly every one of our new

staff members were onboardetile theNIST campus was closed during the pandemic. This has made the
assimilation of new staff into Division reseawffiortsmore difficult than usual. Our senior stafembers

3 http://mww.cs.fsu.edu/~cre/ci2019/index.html
4 https://ww.nist.gov/newsvents/events/201B2/scienceyatewayatomicandmolecularphysics
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have been diligent in working to give our new staff members and postdocs the jeritrese possible
under the circumstanceBhe pandemic also affected our student internship progfdis3. canceled its
Summer Undergraduate Research FellowshiRiSUprogram, as well as its Summer High School Intern-
ship Program (SHIP). Nevertheless, were able to support the work o8 fraduate students and four
undergraduate students, mostly remotely, during the course of the yedalee on pagel32for a list

of our interns.

Further etails onour staff changeand awardsire provided below

Arrivals

Matthew Coudron joinedthe ACMD Computing and Communications Theory Gragpa fulitime per-
manent staff member inddember 2019Coudron has a Fb. in Theoretical Computer Science from MIT,
where he studied with Peter Shor. He comes to NIST after a postdoctoral stay at the los@uenfum
Computing at the University of Waterloo. Coadfs research interests are in quantum information and
computational complexity. His a Fellow of the Joint UMD/NIST Center for Quantum Information and
Computer Science (QuICS)

Zachary Grey began dwo-year appointment as a NIST NRC Rlogtoral Associa at the NIST Boulder
Labsin December 201%ach received a FAD. in Computational and Applied Mathematics from the Col-
orado School of Mineisi November 2019His research interests are in dimension reduction and uncertainty
quantification.At NIST Zachis working with AndrewDienstfreyto apply that background targescale

data analysis problems as well ashte quantifying the reliability of artificial intelligence models.

Thomas Gerrits, an experimental physicist by trainingined ACMDin March 20®. Thomas received a

Ph.D. from Radboud Universitjijmegenin the Netherlands in 2004. Since thiiathe Thomas has per-

formed research at NIST, first as a guest researcher and then as a staff member in the NIST Physical
Measurement Ladratoryin Boulder. Tlis year he started a new chapter, working with the Quantum Com-
munications Project in ACMD. Thomas has extensive experience in quantum optics, metrology, and single
photon generation and detection. He has collaborated with ACMD staff members both in Bodlder
Gaithesburg in the past. Here he will be working on quamtetwork measurements and standards.

Matthew (Jake) Roberts joined ACMD in Gaithersburgn May 2020as a NIST/NRC Postdoctoral Asso-

ciate. Jake received B.S. and M.A. degrees in mathenfatizcs Western Michigan University (2010,

2013), and a Ph.D. in mathematics from Michigan Tech (2019), where his thesis adviser was Mark Gocken-
back. His research aresinverse problems, specifically, the study of generalized singular value expansions.
At NIST heis working with AnthonyKearsley.

Danielle Middlebrooks joined ACMD in July 2020 as a NIST Fellow Postdoc. Danielle has a B.S. in
Mathematics from Spelman Cetle (2014) and a M.S. and Ph.D. from the Applied Mathematics and Sta-
tistics and Scientii Computing (AMSC) program of the University of Maryland at College Park (2017
and 2020). Her thesis research was on geometric and MarkovlEsgd methods for daamalysis. One
application was the mutation analysis of gene regulatory networks. At NS Deerworking with Jeff
McFaddenPaul PatroneandAnthony Kearsley on the NISTh-a-Drop IMS project which is developing
improved technology for cytometry
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Daniel Flynn joined the ACMD
Boulder staf as an Administra-
tive Assistanin June 2020Dan
has a bachelds degree in politi-
cal science from lowa State
University (2016). For the last
three years he worked with the
Peace Corps in Tanzania as an
agriculture volunteer leader as
well as a data angdt and office
manager. He is an advanced
Swabhili spaker. At NIST he will
primarily be providing adminis-
trative support for the ITL staff in
Boulder, though he will also be
providing help with ACMD
Gaithersburg tasks.

Robert DeJacojoined ACMDin
June P20 as a NIST/NRC Post-
doctoral Associate. He received a

Figure 1. ACMD welcomed six new postdocs this period. They are (clockwise fromthe: B.S. from the University of Ken-
left in alphabetical order): Danielle Brager, Robert DeJaco, Zachary Grey, Danielle Mic
brooks, Mattlew (Jake) Roberts, and Joshua Ziegler. tUCky (2014) and a Ph.D. from

the University of Minnesota
(2019), both in Chemical Engineering. His research was focused on the modeling of chemical separations:
To the NRC he proposed a project entitiddiccelerating Procesintensification of Membranes for Carbon
Capture withPredictive Modelingd At NIST he has alsdeen working with Paul Patme andAnthony
Kearsleyon the analysis of gPCR measurements.

Joshua Zieglerjoined ACMD as a NISTNRC Postdoctoral Associaite Septembef02Q Josh received a

B.S. in physics from Cal Poly in 2015 and a Ph.D. in Physics from the University of Ore2fi#0irwhere

he worked on engineering and characterization of single photon emitters. In ACMD he is working with his
adviser JustynZwolak on the use of machine learning to automate the tuning of quantum dots for use in
computation.

Danielle BragerjoinedACMD as a NISTNRC Postdoctoral Associaite October 220. Danielle received
a B.S in mathematics from the University of Houstw2010, a M.S. in mathematics from Texas Southern
University in 2014, and a Ph.D. in mathematical biology from Arizona State University in 2020, where she

Figure 2. ACMD welcomed three new permanent staff members this year to bolster its growing quantum information science
From left to right: Matthew Coudron, Victor Albert, afititomas Gerrits.
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focused on mathematical mdithg associated with understanding the eye disease retinitis pigmethéosa.
she will work with her ACMD adviseAnthony Kearsley to apply control theory to further that effort, as
well as to the study of cryobiological protocols.

Victor Albert joined ACMD as a permanent staff member in November 2020. Victor received a Rh.D. i
Physics from Yale in 2017 and comes to NIST fronm
Information and Matter. He will share his time between NIST Gaithersburthaddint UMDNIST Cen-

ter for Quantum Information and Computer Sciencel@3) at the University of Maryland where he has

been designated a QuICS Fellow. Victor has wide ranging interests related to quantum information theory
including qubit encodings aretror correction.

Finally, ACMD welcomed a new faculty appointeeMay 2020, ProfessoiDebasis Mitra of Columbia
University. (Faculty appointees have specialfiare Federal appointments. They typically spend about
20% of their time working at NISTthey are engaged to provide access to specialized experisef)
Mitra received a Ph.D. from London University in 1967. From 12683 he worked at Bell Labs, heading
the Mathematics of Networks and Systems Department for 13 years and later as Clithetdathemat-
ical Sciences Research Center. Since 2013 he has beessBrafietEE at Columbia. At NIST he is working
with Vladimir Marbukh on networbased cybersecurity risk metrics.

Departures

Wesley Griffin, a computescientistin the ACMD High Perfamance Computing and Visualization Group
since 2012, lIefNIST in Novembe 2019 for work in private industry. For seven years Griffin was a key
contributor to ACMD research in immersive scientific visualization for application to NIST measurement
science.

Joseph Klobusicky, aNIST-NRC Postdoctoral Associaleft ACMD in August2020to take a position as
Assistant Professan the Mathematics Department at the University of Scranton. At NIST Joe worked on
asymptotics in molecular motor models.

JamesSima comput ational scientist in ACMMioaGrbup,gh Pe
retiredin SeptembeR020. Jim spent decades at NIST serving in a variety of roles, most recently as an
expert in parallel computing. In that role he worked closely WML scientists on the modeling of the

optical properties of quantum dotim was also the inventor of the Hylleraamfigurationinteraction

(Hy-Cl) method for the computation of properties of fel@ctron atomic systems. Along with lotige
collabordor Stanley Hagstrom, Jim was able to use this technique to perform thedwdrs mo st ac c
computations of many such systems. His most recent publicatiorprathyct of that work, describes (and

makes available) a computationally fast Fortran 90+ e precision portable parallel package for solv-

ing the generalized reaymmetricdefinite

eigenvalue problem for large (80,000 N s
80,000 or greater) dense matricdsn re- |[ai® -S :t"f
mains associated with ACMD as a gue .. '
researcher.

Steven Satterfield who served sitechnical
manager of ACMD©OGs
visualization lab (the CAVE), reticein De-
cember2020 St eveds \atom
has enabled advances in a wide variety
NIST measurement science projects, frc
determining the underlying mechanisoh
shake gels, to measuring the critical dime

e J i
sions of englneered polymer scaffolds us Figure 3. Two longstanding Division staff members retired this period: Jai
Sims (left) and Steve Satterfield (right). Both will continue as guest researc
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in tissue engineering, to revealing theeimal interactions of particles in
flowing cement.The latter workwas honored with the NIST Judson
French Awardsee below)The visualization tools he helped design a
create have made ACMDG6s CAYVHona
ment in which newinteractive visualizations, and the insights the
provide, can be spun up quickly. Steve continte be affiliated with
ACMD asa guest researcher.

ual me as u

Recognition

ACMD staff members were recognized with a variety of awards this ye
including the following

Fern Hunt, a recent ACMD retiree and a current guest researc
was named a Fellow of the Association for Women in Mathemati
(AWM) in October 2019 o excefitional commitment to outreach an
mentoring; for her sustainedforts to make the AWM orgaration more
inclusive; for her service to higher education and government; and
inspiring those underrepresented in mathematics with her work in erge
theory, probability, and comput

Ronald Boisvertwas named a Helw of the Association for Com-
puting Machinery (ACM) i n De c o ; Afor Jc
mat hemati cal software and servi it
educational and professional society in the field of computiaiMé
Fellows comprise leghanonepercent of the Assoaiion® global mem-
bership

Mike Donahue, Leader of ACMDO s :
group, received the 2020 Washington Academy of Sciences (W4
Award for Excellence in Appliell®
excellence in applied mathematics, leadingeaw tools for modeling and
simulation which have transformed research into nanoscale magng
films, structures and devices.
of being named a WAS Fellow, was conferred in an online ceremony
September 2020

Six ACMD staff membersverehonored with four different DOC
and NIST Awardsn 2020

9 Bonita Saunders NIST Diversity, Inclusion and EEO AwarHirst
presented in 1977, this award is granted for exceptionally signific
accomplishments and contributions to HoBenployment Oppor- |

tunity/Diversity goals. The award consists of an engraved plaque

Sof tSwar

S . The ¢

whi eh a

)

if . )
A "\II- ) .‘ I_JJ‘;
a $5000 honorarium. Bonit@ashonored for exemplary serviceas /| ||| /1]
role mpdel_,.mentor, and tutor in support of STEM careers by WOME e 4 ThreeACMD staff members a
and minorities. tained Fellow status in profession

 Wiliam George and Steve Satterfield: NIST Judson C. French ©rganizations this yeafern Hunt was
. K . - — _...__hamed a Fellow of the Association f
Award. First presented in 2000, this award is granted for signific&fimen in MathematicsRon Boisveri
improvement in products delivered directly to industry, includirvgiscnameq a i/lellog\_/ of the /:;»_szcialti
R R ; ; Computing Machinery, antflichae
new or improved NIST calibration services, Standard Reference Ng L7 Lovas named Fellon of the Was
terials (SRMs),and Standard ReferendeatabasesThe award ington Academy of Sciences.
consists of an engraved plaque and a $5000 honorarium. Bill and
Stevewerehonored along with Nicos Martys of théST Engineer-

ing Lab and Blaza Toman of the ITL Statistical Engineering
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Figure 5. Six ACMD staff members were honored with NES/EI awards in 2020. From left to right: Bonita Saunders, Willaeorge, Steve
Satterfield, Emamel Knill, Scott Glancy, and Barry Schneider.

Division for developmentfoa concrete rheologgtandard reference material (SRNYe first SRM
certified through computer simulation.
9 Scott Glancy and Emanuel Knill: DOC Gold Medalfor their work on the team thaccomplished
the worl ddés first de moumgadtertedepaortaiiohetveeén ploysidally sepa- ni s t
rated trapped ions.
9 Barry Schneider. DOC Bronze Medafor outstanding initiative as part of the team that developed
and deployed Enki, a new computational capability in support of NIST initiatives in bigndiase.a

Daniel Lozier, retired staff member from ACMD (and now a guest researcher) was inducted into
NI STbés A warl ActoberfD20f TaenN#ST Portrait Gallery of Distinguished Scientists, Engineers
and Administrators honors NBS/NIST alumni for outsli;ag career contriltions to the work of
NBS/NIST. Portraits and biographies of those selected are displayed in the corridor adjacent to the NIST
cafeteria at Gaithersburg, and in the Digital Portrait Gallery at NIST Gaithersburg and NIST Boulder sites.
Danwashonored for is leadership of the NIST Digital Library of Mathematical Functions project as well
as for his research contributions to the field of special functions.

ACMD staff alsoshowed well in the ZZDITL Awards programsecuring four of the nie accolades

1 Brian Cloteaux andVladimir Marbukh : Outstanding Conference Proceedings Award for their pa-
per, ASIS Contagion Avoidance on a Network Growing by Preferential Attachonehich was
published in the Proceedings of tHé Iint International Wikshop on Graph Datmanagement Ex-
periences and Systems (GRADES) and Network Data Analytics (NDA).

1 Geoffrey McFadden Contribution for Enhancing Diversity Award for serving as an effective teacher,
mentor and adviser.

1 Paul Patrone Outstanding Contributin Award for his ambitious and successful research agenda
which resulted in, among vat@nsin MeasuremensScienteTawadds f i
project in seven years.

9 Barry Schneider andHeman Gharibnejad: Outstanding Journal Publication Awdd their paper,
fiNumerical Methods Every Atomic and Molecular Theorist Should Kaevhich was published in
Nature Reviews Physigs December 2019.

Finally, Paul PatroneandAnthony Kearsley, along with 19 colleagues in several NIST Labs, were
jointly honored by the NIST Materials Measurement Lab with their 2020 Collaboration and Tdamwor
Award. They were cited for the rapid development of nucleiclaktd measurement methods and stand-
ards, including RGTM 10169: SARSoV-2 Synthetic RNA Fragments, to geort detection and
characterization of the SARSoV-2 virus in a crosslivision and-OU multidisciplinary, teamwork effort.
Such coll aboration is part of ACMD6és DNA, and so
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In Memoriam

Bert Woodard Rust, a saff member of the ITL Applied anc g
Computation Mathematics Division frof®®80 to 2017, passe( &
away on December 19, 2020. :
Bert spent his earliest days on a farm in his native Ten! &8
see. From 1958 to 1968 heworked in the Computing e
Technology Center at thea® Ridge Gaseous Diffusion Plar
while attending the University of Tennessee where he rece =
a B.S. in Engineering Physics and an M.S. in Mathematics
1963 he married Marilyn A. Millerand together #y had four 3
sons,Eric, Walter, Lawrence, and Jasérom 1968 to 1971 he
worked for Tennecomp Systems, Inc. while attending the L
versity of lllinois, where he received a Ph.D. in Astronomy
1974.Bentés thesis included thdiscovery of one of the mos *
important relationships in supernova cosmofbdlie relation g
between the peak luminosity of Type la supernovae and t ¢y 6 Bert Rust, displaying his good sense of
luminosity decline rate after maximum lightThis discovery al- mor, posesunde| ST6s Newt on A
| owed such superndameé ¢tantbkesseawmscnstian
in turn, allowed astronomers tonfirm the acceleratingxpansion of the universe.
In 1970 he published the bobathematical Programming and the Numerical Solution of Linear Equa-
tions with Walter R. BurrisThe bookdescribed new mathematical programming techniques for solving
ill -conditioned systems of lineaquations with various kinds of errors in the rigahd side vector. The
new techniques used prior knowledge about the solution to greatly reduce the ls&zelas of solutions
which are consistent with the righaind side errors. The methods ginteival estimates for the solution,
with the sizes of the intervals being determined by the sizes of the errors in tHearighside, and the
constraints impogkon the class of acceptable solutions by the a priori informadfbiie the primary
motivation for that work was the spectrum unfolding problem of experimental physics, the insights there
provided ample ammunition to attack difficult inverse problems fore r emai nder of Beftt 6s
From 1972 to 198Bertwas employed by Oak Ridge National oa#tory where he worked amvi-
ronmental and ecological modeling problem&rom 1980 to 2017 he was employed as a NIST
mathematician. His researah NISTincluded ill -posed problems, timgeries modelingandnonlinear re-
gressionHe applied his technigsdo a wide variety of applications, including contrast sensitivity in human
vision, radar Doppler spectra, scintillation spectrometry, global warming, and atiseal cosmology
From 1989 to 2000, he was an adjoint professor for the Johns HopkingditgiRartTime Programs in
Engineering and Applied Science where he taught graduate courses in numerical analysis and digital spec-
tral analysisHis interest in pedagogy, was also displayedsetof very well received tutorial articles for
aseriesheal | ed AFi tting NatCompatiigin Riancéi Enginearimgmagazioen s 0 -f or
from 2001 to 2003
Bert was a true NISTean outstandig mathematician with many important contributions, and a pleas-
ant, good person to bodiis legacy carries otput he will be missed by many indeed.

5 Maria Victorovna Pruzhinskaya and Sergey Mikhailovich Lisakov. How Supernovae Became the Basis of Observational Cos-
mology.Journal of Astronomical History and Heaige19:2 (2016), 202 15.
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Optimal Protocols foAnalog Quantum Algorithms

Quantum devices are now large enough to achieve

guantum advantage over classical computing, bud it i 12 [ uap(t) e Bop(t) e ]
still an open question what the first useful quantum task ugaoalt) —— )

will be. Nearterm algorithms need to be resistant to  _ LT R ‘ ‘ nmnnnt -
noise and scaldb, expanding to use the available cir- = 08 | 1
cuit depth and resources. Analog Quantum Algorithms 5§ ¢ [ i
satisfy both these requirements,ngscontinuous quan- “—; | I

tum evolution rather than discretized circuits to achieve £ 4| 1
the power of quantum advantage, so such analog algo © 02 :
rithms are current favorites for neé&rm devices. o k4. Al [ |

One of the most important challenges though is how
to design these analog agthms; smooth monotonic " 3 5 06 DE A

Quantum Annealing and the pulsed Quantum Approxi- ity
mate Optimization Algorithm (QAOA) sit on two ends of i

the design spectrum for these algorithms. Optimizing Figure 7. Optjrr]al controlfunctions found thyrough‘eivther gradie
these algorithms isn't just a question of efficiently using descenté o hor time constrained QAQA 6 hfor a ran-
resources butan also translate directly into whether Lc7|>om instance of the MaxCut problem. Also shown is the gra
guantum advantage is achieved. Our work provided a

consistent framework in which to tregt analog quan-
tum algorithms and identified conditions for an
properties of the optimal analog protocol. The resulting
protocol is a hybrid algorithm, exhibiting pulse behav-
ior at the beginning and end but often smooth,-non 0o 600 p 60 08 p
monotonic behavior in the mitid Further work shows  Eor Quantum Annealing) T pho 0 Tt at the
that this optimal protocol even reduces to previously
known algorithms in certain limits and lends Ifge the
creation of algorithmic procedures capable of capturing
more of the optimal properties.

o for the gradient descent method.

¢ other Hamiltonian'O, trying to stay in the ground state
to measure the properties of the desired ground state of
the final Hamiltonian

final time ® , and between a continuous monotonic ramp
is employed. The adiabatic theorem guarantees the suc-
cess of these algoritis if the runtime is long compared
to the inverse gampr energy difference between the
ground state and first excited state during the anneal.
Lucas Brady Furthermore, the shape of the ramp is often important to
achieving a quantum advantafd, but both the shape
and the spectral gap can be impossible to know without
Analog Quantum Algorithms or Hamiltonian Algo- first solving the problem of interest.
rithms utilize quantum dynamics via the Hamiltonian Another important neaerm analog algorithm is
(energy/timetranslation operator) directly toodify @  the Quantum Approximate Optimization Algorithm
system and attempt to prepare a desired quantum statgQAOA) [4] which is closely related to the Variational
This reliance on time evolution of the entire systespu  Quantum Eigersver (VQE) from quantum chemistry
analog algorithms in contrast with digital quantum algo- applicationg5]. These algorithms can still be described
rithms which use discretized circuits to manipulate ysing Eq.(1), but instead 06 © being a smooth, mon-
portions of the system lodgl That said, the analog par- otonically decreasing function, it now takes on a bang
adigm possesses the full power of quantum computatiorhang form where it rapidly switches betweén Tt
and has many advantages for neanteomputers. No- bargs and®  p bangs. There arg) such bangsylay-
tably, many analog algorithms are resistant to noise Ofgrs each consisting of@ T bangand & p bang),
can naturally take noise into effect via their variational znd the lengths of these bangs are treated as variational
nature,and analog quantum algorithms lend themselvesparameters. The goal of the algorithm is then to run an
to a different design paradigm that focuses on physicalyptimization over these bang lengthspking for the
properties oftie system rather than quantum logic, mak- configuration that minimizes the engy of the output
ing them especially suitable for tailoring to specific state. The optimization loop can be done on a classical
hardware. ) - computer with the quantum computer carrying out the
Analog algorithms are exemplifiely Quantum  computationally difficult task of running the procedure
Annealing[1] and the very similar Quantum Adiabatic g getermine the firastate.

Optimization[2] which both rely on two Hamiltonians. In practice though, many systems possesaltfity
The algorithms start in the ground state of one of thets jmplement arbitraryy 6 ¥ mip , so a major ques-

Hamiltonians,O and then ramp the system into the tion, not only for pure efficiency but also for achieving
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Figure 8. QAOA output energy as a function of thewit depth p
(i.e., number of layers), for an n = 10 MaxCut instance orregd
ular graph. Dashed lines are the QAOA energies; solid horizc
lines are the energies obtained in@gradient descent.
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Figure 9. An optimized QAO#rotocol compared to the optim:
banganneatbang protocol that takes the same tifiee QAOA
curve is the fraction of each layer that is in a u = 1 bang and
along a single line for a given problem independent of how n
layers p are used. The numl bangs matches up with the osc
lations in the optimal curve and the annealingion of the curve
falls along the QAOA curve. Our work provides proofs and evid
for why these properties match up.

Heregn 0 &is a normalized, complex vector that repre-
sents the state of the system @t sis its Hermitian
conjugate. Optimal cdrol theory then asks what the
conditions oro & would be to ensure thé®Ois as low
as possible. Thissicarried out via the Calculus of Vari-
ations, looking for thé 0 that satisfies the conditions
for a critical point, subject to the conditiorattd &
ip . TheSchidingerdifferential equation is imposed

via a Lagrange multiplieSQo ¢ andit turns out that this
Lagrange multiplier must also satisfy tBehidinger
equation along with the boundary conditig@o
Owo

The end result of this control analysis is the gradient
of the cost function with respect to thentrol function
B 0 600 00. Without any constraint®y o
i would be necessary for an optimal protocol, but be-
caused 6 N 1ip his O can be nofeero ifd O is on
a boundary. Our analysis showed that just based on
boundary conditionsiithe problemlz o , which is con-
tinuous, must be nerero at the begiring and end of
the procedure, necessitatingga 1 bang at the begin-
ning and & p bang at the end. Much can be derived
and proven about the lengths of these bangs as well as
the fom 6 & must take ifg 6 1 Ultimately, we
identified a common patterthhat many optimal proto-
cols take, which we termedanganneatbang Such
protocols, exemplified bifigure?, have bangs at the be-
ginning ancend but amooth noAmonotonic annealing
like curve in the middle. This pattern was extremely
common for quadratic Ising/MaxCut problems, with
other models exhibiting similar behavior, often with ad-
ditional bangs in the middle.

Furthermore, also shown Figure7 is the result of
a QAOA procedure constrained to take the same amount
of time. Such timeconstrained QAOA protocols are ac-
tually trying to emulate the ojptal bangannealbang
protocol, digitizing the undeyring annealing region.
Furthermore, the energy of these protocols congarge

quantum advantage, becomes how to design a protocdhe limit of larger|, as seen ifrigures.

that achieves the best (i.éowest energy) state at the
end of the evolution. Some early resyi$ indicated
that the optimal protocol takes on a bdmng form

These techniques do more than just find the optimal
protocol. Our continuing worf9] showseven more
connections between this optimal protocol and both

based off comparison to similar classical systems. Thes€AOA and QuantunAnnealing. To see these connec-

results relied on optimal control thedi)], an extension

tions, you can plot a timenconsrained QAOA

of the Calculus of Variations, but made assumptionsprotocol alongside the optimal baagnealbang curve

about the rarity of sgdled singularregions that our re-

sults ultimately proved were unjustified.

for that same time as Figure9. The number and loca-
tions of the bangs line up almost exactly with the

Our work[8] resumes the study of this problem us- oscillatory pattern in the underlying baagnealbang

ing optimal control theory, formalizing its usage and curve. In our upcoming work, we show how this large
deriving accurate results about how the optimal protocoltime step dlsrgtlzgtlon (Produgt Fc_)rmula approxima-
behaves. To expliciflstate the gal, we aim to minimize  tion) occurs, finding a reduction in the error of the

the final state energy subject to evolution under theproduct formula approximation if the lengths of the
Schibdinger equation bangs correspond to the underlying oscillations in the

o U . Furthermore, we explore why these curves oscil-
600 @o oo O 2) cune rmore, . 1Ves.
i i OB (2) late, connecting this behavior to nearlgdiabatic
—goa Mogwod 3) interactions between the two lowest energy states.
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Furthermore, the limit of long times, the optimal [4] E. Farhi, J. Goldston@ndS. GutmanA Quantum Ap-

bangannealbang curves smooth out, with the lengths of
the initial and final bangs going to zero and thellasc
tion amplitudes decreasing. Inathsense, these curves
start approaching the smooth, monotonic behavior of
Quantum Annealing curves in the adiabatic limit. Fur-
thermore, the shape of that curve seems to mesh up wit
the optimized annealing curves allgastudied by the
community[3].

(5]

h

proximate Optimization Algorithm.arXiv:1411.4028
(2014).

A. Peruzzo, J. McClean, P. Shadbolt, M. Yung, X. Zhou,
P. J. Love, A. AspurGuzik,andJ. L. OBrien. A Varia-
tional Eigenvalue Solver on a Photonic Quantum
ProcessorNature Communicatisb (2014) 4213 DO
10.1038/ncomms5213

] Z. C. Yang, A. Rahmani, A. Shabani, H. NevandC.

In the future we hope to leverage the shape of these

optimal curves to improve the performance of Aieam
algorithms, working with experimentalists to realize

these kindof curves in actual devices. Our initial results [7

indicate this can lead to improvemenwter existing
QAOA and Annealing techniques without significantly

more additional resources
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Predicting Kovats Retentidndicies Using Machine Learning

Gas chromatography, in combination with mass spec-
trometry, is a powerful experimental tool to identify
unknown chemical compounds. The flow of the mole-
cules ina gas chomatographic column is characterized
by a dimensionless quantity called the Kovatsniba
index (KRI), which is independent of many experimental
factors. NIST maintains a database of KRI of different
moleculesand has developed a growpntribution ap-
proach to predict KRI for other molecules. In the present
work, we have taken a novelaihativeapproachto that
prediction, using a deep learning model based on a
graph neural network which encodes elementary atomic
and molecular information. The new medhhas proven

to be quite successful, improving the predictive capabil-
ity over the grop-contribution model by almost a factor
of four.

Chen Qu

Gas chromatography (GC) is an important analytical

technique for the separation of chemicampounds. It

is frequently used in combination withass spectrome-

try (GC/MS) as a means ehhancing thexccuracy of _ o

the idenification of chemical compounds.®C exper- g;g_‘;re 10. Example of as chromatograph. (Image from Wikip

iment consists of putting an unknown substairce

gaseous state into a carrier gas and then passing smaller lists of possible matchesth fewer false posi-

through a chromatography column. Interactions with tives.

compounds used ithe column control the elapsed time NIST maintairs a database of KRI ofiflerentmol-

before the compound elutes from (i.e., passes throughgcule$§ and has develope a groupcontribution

the column. approach to predict KRJ8]. While this approach has
The retention time for the compound in the column, had reasonable success, our motivatiorihis work has

indexedagainst those of knowrompounds, is called the been to develop a more genesald accurate model by

retentionindex. Research in the 1950s by EBriovéts utilizing techniques from machirearning and aricial

[4] demonstrated that the retention index could be madentelligenceinformed by chemicahformation.

independent of many experimental factors such &s co In FY 2019, we trained a fedifferent neural net-

umnlength, column diameter, arfdm thickness. This ~ work (NN) models on the NIST 17 librafythe latest

produces a dinmesionless quantity known as the Kt version of the KRI data base available, including a

retention index (KRI), which ithe subject of the current multi-layer perceptron, SchNet7][and a graph NN,

investigation. which made use of the MatErials Graph Netkor
The idenifi cation of unknown compounds using (MEGNet) model developed by Chen et &. Among

massspectrometry is considerably enhanced by match-these three models, the MEGNet graph NN achieved the

ing the retention index against those in ardby of best results and showed great potential for predicting

measuredompounds. This twstep process considera- KRIs. It produced a roanheansquare error (RMSE)f

bly improvesthe corfidence of the iderftication scheme 472 KRI unis and a mean absolute er(MAE) of 442

over masspectrometry along8]. Thus, there is sigfi KRI units; both are significantly better than those of the

cant valuein developing predictive models for the groupcontribution model currently used in the NIST

Kovéts retentiorindex for massyeectral library search-  MS library.

ing. An accuratepredictive model should lead to The MEGNet model incorporates a number of fea-

corresponding improvementsn library searches, tures that make it a good choice foachine learning of

6 NIST Standard Reference Database MST/EPA/NIH Mass 7 https://chemdata.nist.gov/dokuwiki/doku.php?id=chemdata%3Avri-
Spectral Libraryhttps://www.nist.gov/srd/nisstandarereferenceda- database
tabasela
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molecular properties. In particular, a graph neural net-mass diided by the number of heavy atoms, and the
work (GNN) is employed]]. The graph used by the ma number of chemical bonds divided by the number of
chine learning model corresponds directly to the wiole heavy atoms.
ular structure. The nodes/verticesin the graph Our MEGNet model was used withreeMEGNet
correspond to the locations of the atoms, and the edgeblocks. These blocks are composed of two densety
correspond to atomic pairs (there is an edge between angected layers of neurons and a graph neural network
pair of atoms, even if they are not formally chemically layer in which each of the attributes is successively up-
bonded).Thus, the chemical graph model may he d dated. The dense layers used 128 and 64 units,
rectly mapped onto the GNN mddBroperties of atoms  respectively. The MEGNet block steps are folloviosd
and bonds may be assigned to the nodes and edges in theSet2Set laye9] in which the output of the bond and
GNN model. The MEGNet framework also allows atom attribute are mappedo the appropriate vector
global properties (i.enot associated with a single atom quantities. This is followed by a concatenation step and
or chemical bond) of a molecule to be incorporated intotwo denselyconnected layers with 64 and 32 neurons
the model. TheMEGNet source code was modified to limit the
The MEGQ\et model is thoroughly described in the depth of atom pair properties in order to save computer
literature and online, where th@EGNet Source Code  memory, which scales roughly as the square of tha-nu
is also available. We only discuss the salient features ofber of atoms times the number of features. With up to
the model so that it may be reproduced by others. MEG-151 atoms in a molecule, the CPU memory requéets
Net version 0.3.5 is used witfiensorFlow version ran into the 100s of GB during model development. (By
1.14.1 and thkeras® APl. MEGNet encodes input data using batching, GPU memory was not a botndu-
in threedistinct vectors (calleattributeg: state attrib-  ing training.) We also implemented a custom molecule
utes, edge attributes, and node attributes. State attributeslass that relied on features generated uRID#it ™.
are global properties of the molecule (e.g., numbers of  After our initial FY 2019 efforts on the MEGNet
atoms, molecular mak Edge attributes are features of model, we turned to the latest NIST BRI Library, a
atompairs (e.g., bond order, member of ring). Node at- much larger and more diverse data set than the NIST 17
tributes are katures of the atoms themselves (e.g.,library used in 2019. Several improvements on tlee pr
atomic numberhybridization). Each of these attributes vious MEGNet model were incorporatediaihreduced
are used topdate the other attributes and are themselve the MAE and RMSHo ~28 and 58 RI nits, respectively

Wwa ¢

updatedduring model fitting. [6]. The improvements we made include:

Our MEGNet model incorporatdreeatom fea- ¢ ysjng the latest NIST 20 MS Library. In FY 2019
tures threeedge featuregindthreeglobal features. Here we djscovered a few mistakes in the NIST 17 library
oM@t o encoding is extensi Y@ lomhovdldrfeabld dita pois fof td iBrdry U T ©
vectors. For example, categorical data that Havee when taining the model( Unr el i abl e o
categoris can be encoded as [0, 0, 1], [0, 1, 0], and [1, 5 the magnitude of the difference between the
0, 0], respectively, for category 1, 2, and 3. Themato groupcontribution model and the experimental
features are the atomic number (11 ¢ variables value. However, this criterion does not have a solid
representing C, H, O, N, F, Si, P, S, Cl, Br, and I), the jgtification) The NIST 20 library spans a larger
hybridization of the atoms{x one-hot variables, s, sp, chemical pace, ontains a more diverse set of mol-
sp2, sp3, sp3d, and sp3d2), and the formal change ( ecules, and is of higher quality as thousands of
integer varlz_ible) on the atoﬁihe edge featur_es are the unreliable data points were removed from the li-
bond type (i.e., no bond, single, double, triple, or aro- brary. The following preprocessing was
matic, five onehot variables), whether the atoms were performed:

in the same rig (a single onot variable), and a graph
distance ¢neinteger variable; the graph distance is cal-
culaged as the smallest number of chemical bonds
between the atoms in the pair).

The graph distance is calculated as the smallest

a. Only data points measured on sestandard
non-polar columns in GC we usedfor the
model, because the majority of the data were
measured on this type of column

number of edges that hazhemical bonds between the b. Molecules with mass less than 50 amu and
atoms in the pair(Recall that an edge here means any more than 850 amu were removed from the set.
pair of two atoms, nojust those that are chemically Similarly, molecules with KRI less than 300
bonded). We do not consider pairs with a graph distance and more than 4100 were omittéthese ex-
higher tharfive to save computational resources as dis- tremes are not well represented in the library
cussed blew. Global features are the number of heavy (only 246 molecules removed)

(nonhydrogen) atoms in the molecule, the molecular c. Only molecules containing H, C, N, O, F, Si, P,
8 https://github.com/materialsvirtuallab/megnet 10 https://keras.io/

11

9 https://www.tensorflow.org/ https://www.rdkit.org/
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Table 1. Statistics of the 1@old cross validation procedure. Tt of 40 index units. The similar values of the validatio
mean value and standard deviation of the mean absolute and testing set errors areiadicationthatthe validation
(MAE) and the root mean square error (RMSE) over 10 rur set, and earbgtopping are effective. Despite owfir
given for each of thireesets used. ting, the MAE and RMSE of the testing set are

Set MAE RMSE acceptable and are indicatieé a valid modefor pre-
Training 9.38+0.86 18.27+1.87 diction of the KRI. The sample standageviations of
Validation 27.84+0.67 57.77£1.97 both error metricever thelO-fold cross validation pro-
Testing 28.09+0.72 58.43+ 1.93 cedure indicate that the model fitting is robust.
In order to further characterize the performance of
Table 2. Statistics describing the graph convolutional netw the model, the results from a siegun in the crossal-

model grformance in predicting thed<ats retention index (RI) fo
the training, validation, and testing sets. The error is calculate

idation set are now analyzed in detail. These results are

U= Rleyperimeni Rlpreciced The sample standard deviation, s, is ¢ presentedn Table2. This run has a MAE nearly identi-

culated for the signed and unsigned errors. cal to the mean produced by th@fold cross validation
Quantity Training _ Validation _ Testing and thus serves as a gbr:gpresent_ative of 'ghe _rnodel.
n 83719 10464 10464 There are several interesting details to notice in the ta-
meanU) i1.06 il23 1047 ble. The standardeviation of the absolute error (i.e., the
RMSE 20.69 54.61 57.90 RMSE) is consistently larger than the standard deviation
min U 711163 71979 71832 of the signed error. The mean (absolute) perceor e
maxU 1013 586 1175 (MPE) is 149% for the testing set with a standard devi-
medi an 6.60 12.20  12.50 ation of 284 %. The largest errors produced the
mean | 10.20 27.69  28.67 model are significant. The source of these deviations is
(|l Ul) 18.03 47.09  50.30 unclear and may be due to an inadequacy of the model
medi an 0.32 0.60 0.62 or an error in the source dat®lifether large prediction
mean | 0.52 1.42 1.49 errors in the model correspond to errors in the source
(| %U]|) 1.00 256 2.84 experimental data, is curry under investigation.)
max | % 73.60 49.13 66.74

FigurellandFigurel2further charactézre the re-
sults.Figurellis a histogram of the absolute errors for
all three sets (training, validation, and testing). The fig-
ure clearly shows that most errors are small and the
number of compounds with largerers decreases mon-
otonically. Figure 12 compares the predicted data and
experimental values taken from the NIST 20 database.
The red line shows 2 standard deviations in the MAE for
Early stopping wasusedto mitigate oveffitting. each of the three sets.

The validation loss was monitored during the train- The modelproduces a MAE of 28.09 index units
ing, and if it was not improved in 150 epochs, the and an RMSE 158.43 index units. This is a modest im-
training was stopped, and the best model restored.provement over the results of Matyushin et &].jho
Though oveffitting is still presentthe earlystop-  reported values of 33.2 and 63.0 for the MAE and
ping strategy at least mitigates it. RMSE, respectivelyHowever,the present results were
A switch from meansquareeerror loss function  obtained with a data set more threetimes larger than
(L2 norm) to measabsoluteerror (L; norm). The that used by Matysuhin et al. To test the two neural net-
MAE significantly droppedrom 442 to 32 with the ~ work models more fully, weimplemented the
L, loss function. Other loss functions, such as aconvolutional neural network model of Matyushin et al
weighted sum of; andL; lossesLp loss, and the ~ on the NIST 20 daisetin Python using Tensbtow.
Huber loss, were examideThel; loss appears to  Our implementation of that model achieved an MAE of
be the best among all loss functions tested. 44 .4 and an RMSE of 74.6 index units in af@@ cross
validation test, both of which are larger than those of our
graph network model. In addition, the GNN approach is
asignificant improvement over the model of Stein et al.
d[8] which showsan MAE of 114.3 and an RMSE of
166.5 (standard deviation of 121.1). The larger errors of
the Stein et al. model are likely due to inadequacies in
T the graip increment methodology and perhaps the use
The resilts of the 16fold crossvalidation proce-  of the less powerful classical method (linear least

S, Cl, Br, l,werecorsidered, as there is insuf-
ficient data for other elements. The final data
set consists of 104,650 tegules, and it was
randomly splitinto training, validation, and test
subsets with ratio 8:1:1.

The batch size and learning rate ioc$tastic gradi-
ent descent was optimized. In the 2019 work, a
batch size of 128 and a learning rate @3 were
employed; these are currently reduced to 32 an
2x10* respectively. The MAE and RMSE were re-
duced to 28 and 59 RI units respectively.

dure is presenteth Table1. There is clear evidence of gquares) for model optimization. A direct comparison of

overfitting in the present model as evidenced by the in- he three models mentioned hermiFable3. It presents
crease in the MAE of 19 index units and in the RMSE
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Figure 11. Histogram of mean absolute errors in predicting K
véts retention index (experimentdl predicted) in the training
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Figure 12. Comparison of predicted to actual values of the Ko
retention indexThe red line indicates perfect agreemehe width
of the line equal2 standard deviations of the prediction error.

12 https:/itre.nist.gov/

mean absolutereors and the sample standagidviation

of theabsolute mean errors for the three predictive mod-
els for theindicated chemical functionalities. In all of
the cases presented, the model of Stein ejatxhibits

the largesterror statistics of the three models. This is
consistent with the conclusions drawn by Matyushin et
al. [5] and from the present work. The Stein model
works particularly well for hydrocarborend exhibits

the largest errorof O-atom heterocycles.

The largest errors pduced by the two neural net-
work models come from molecules with hydroxyl
groups, i.e. alcohols and carboxylic acids. Performance
on heterocycles, ketones, and molecules that contain S
atoms also have larger MA#alues as well as larger
sample standard detions. While we are not aware of
any systematic bias in either model that would favor one
class of compound over another, these results suggest
that there may be room for improvement by explicitly
consideringhese factors. However, this could also be a
symptom of data with larger uncertainties.

The work described has demonstrated that machine
learning using a GNN model is a very effective approach
to the problem of predicting an experimentaligrived
set ofKovats retention indicesThe modetequires only
information that can be readily obtained from a 2p-re
resentation of a molecule (i.e., a traditional drawing of a
molecule). The model has been trained on a diverse set
of more than 100 000 molecules, usB®%o of the data
set in training ad validation and using theemaining
10% of the data set for testing the performance of the
model. Themodel predictsthe Kovéts retentionindex
with a MAE of 28 (with a corresponding RMSE of 58)
versus the experimentdiata. The performance of the
modelis better than the one reported by Matyushin et al.
[5] and significantly better than the widely used model
of Stein et al., based on the group contribution method-
ology which has an MAE of #l and a standard
deviation of 167 wer the same data séj [

The success of the methodology has encouraged us
to apply it to predicting the normal boiling points of
compounds. The normal boiling point (BP) is the tem-
peratureat which the bulk of a liquid cachange from
liquid to gaseous phase. Knowledge of the BP of a com-
pound provides crucial information such as overall
volatility and purity of the system. It is regularly esti-
mated, tabulated, and recorded in catalogs efribal
reagents. We have obtainedata set fronNIST Ther-
modynamics Research Cerifercollection which
contains the BP data of more than 4000 compounds. By
applying the GNN model on this collection, we have al-
ready discovered several erromnd this pens the
possibility of a research project on identifyiogitli-
ers/errors in a data set
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Table 3. Evaluation of the performance of the model of Stein et al. [8], the model of Matyushin et al. [Bjeanddetlescrbed
in this article for seleced chemicalfunctionalitiesfor the (unitless)Kovats retention index. The columnlabelledN indicate
the number of data used in computingthe mean (u) and sample standard deviation (s) of the absolute error, | | =

|Rlexperimem.|. Rlpredicled-

Stein Matyushin presentwork

Moleculetype N vl s V] s W s

all compounds 102761 113.84 119.44 38.97 57.08 27.74 50.00
ether 55755 112.60 120.21 3466 52.16 22.99 43.87
amide 24033 119.26 112.2C 38.75 56.73 25.96 47.88
contains O 92136 114.36  119.8€ 38.03 56.90 26.65 49.64
hydrocarbon 2010 61.67 94.10 33.27 49.57 27.77 46.75
aromatic 70501 121.93 119.82 4248 59.36 29.68 50.95
has a ring 79091 12544  125.9C 43.37 60.77 30.80 53.19
contains N 51536 124.71 119.04 46.78 64.90 3351 56.98
aldehyde 1176 11423 121.0€ 4589 55.80 38.66 49.55
contains S 9707 127.60 120.9€ 5285 71.25 39.87 64.53
N heterocycle 22382 15550 138.27 61.12 75.80 46.49 67.99
ketone 5611 168.16 172.9t 60.98 80.86 46.94 72.89
O heterocycle 9488 182.43 173.8€ 63.13  73.99 48.28 66.49
alcohol 7102 14122 153.8€ 64.01 80.56 52.26 75.42
carboxylic acid 1444  101.78 123.98 63.44 9551 56.09 94.95
contains P 35 131.00 172.38 66.18  79.00 66.31 76.85
contains P 994 39.64 79.09 31.70 73.73
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Advanced D& Analysis for Biological Measurements

The ongoing COVID19 health crisis has highlighted 6

the critical need for advanced metrology tools that can D* o
be used in both clinical and research settings. For ex- 157 e
ample, accurate diagnostic testing is needed to — o B

characterize  epidemiological patterns, manage = 4+ D
healthcare infrastuncture, and identify optimal policy >
decisions. Likewise, development of new medical treat: 5 °
ments requires precision measurements to determine
efficacy. The implications for the current pandemiza 2 2
so significant that in F2020 alone, Congress allocated

more than $300 million to improve the quality of a single

type of test for detecting SAIR®V-2 antibodies [1] ‘___
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Mathematics of Metrology

Mathematics plays an important role in measurement science. Mathematical models are needed to understand how
to design effective measurement systems and to analyze the readie¢hdfgthematical techniques are used

to develop and analyze idealized models of physical phenomena to be measured, and mathematical algorithms ar
necessary to find optimal system parameters. Mathematical and statistical techniques are nesdeeas-transfo

ured data into useful information. We develop fundamental mathematical methods and tools necessary for NIST to
remain a worldass metrology institute, and to apply these to measurement science problems.

- . stabilization penalty. However, in many problemsnef
Stabilized RichardsonlLeapfrog terest, the cumulative error is sufficiently small to allow

Scheme Run Bakward in Time, and for useful results. In a series of paperslld, such sta-

. . . . bilized schemes were successfully applied to interesting
EXpIICIt StepWISe Computatlon of Ill- classes of timeeversed nonlinear initial value problems

Posed TimeReversed 2D Navier for parabolic equatins, viscous wave equations, cou-

Stokes Equations pled sound and heat flow, thermoelastic vibrations, 2D
viscous Burgers equations, and moscently, 2D in-

Alfred S. Carasso compressible  NavieBtokes  equations.  Such

computations had not previously been considered possi-
lIl-posed deconvolution problems and associated-time ble.

reversed dissipative evolution equations pervade meast eapfrog Scheme i Backward Navier-Stokes Equa-
urement science and are imfott in several other tons, While quite good results are possible with the
technological applications. In environmental forensics, 3¢ explicit scheme discussed i), more accurate
much success has been achieved by soMivg@ion  (econstructionsnay be feasible with aih 30 explicit
diffusion equations backward in time to locate sourcesgsheme such aRichardsofs leapfrog scheme. That
of groundwater contamination [1]. _ scheme is notoriously unconditionally unstable in well
In numerous scientific measurementise instru-  osed, forward, linear dissipadi evolution equations.
ment point spread funcpon is a behaped d!stnbunon Remarkably howevethe leapfrog schenan be stabi-
that may be welbpproximated by a Gaussian, or by a |ized and marched backward in time, often prowig
heavy.taned infinitely divisible probability d_ensny, of-  more accurateesults [11].Effective smoothing opera-
ten with parameters that are only tentatively known. ;55 pased on 3 . with nonintegery ¢, can be
Reformulating the integraequation deconvolution  eficiently synthaized using FFT algorithms. The anal-
problem into an equivalent timeversed generalized gig ofnumerical stability is restricted to a related linear
diffusion equation provides significant a&iages. proplem. However, as is found in leapfrog computations
Marching backward in time stepwise, from a positive ot \ye|l-posed meteorological and oceanic wave propa-
time"Yto timeo 7, allows the deconvolution to Un-  gaiion problems, such linear stability is necessary
fold in slow motion provides the ability to monitor that 5t sufficient in the presence of nordarities. Here
process,and the po;sibility ofterminqting_ it prior to time likewise, additional RobewsselinWilliams (RAW)
0 Ttto prevent sedus noise contamination and/or de- time domain filtering [12], must be used to prevent char-
velopment of ringing artifacts. Such an approach, acteristic leapfrog nonlinear instability, unrelated te il
involving backward fractional and logarithmic diffas posedness.

equatio_ns, has been succes_,sfully applied in image  The 2D NavierStokes problem is studied Btream
deblurring of MRI and PET brain scans, nanoscale scanfynctionvorticity formulation. InFigure 16, in the left-

ning electronmicrographs, and galactic scale Hubble most column, a Sydney Opera House image is used to

Space Telescope imagery42 create a stream function ofufit at® T, with con-
More recently, these ideas have led to the developyg plots shown in the middle leftmst image. The
ment of a powdul new approach for solving ibosed, speed® [ ,0 [ and vorticity r , are ob-

time-reversed, multidimensional, nonlinear dissipative
evolution equations, based stabilizing explicit march-
ing difference schemes. An appropriate easily
synthesized compensating smoothing operator is ap
plied at eery time step to quench the instability. The
stabilized scheme now becomes unconditionally stable
but slightly inconsitent, and eventually leads to a dis-
tortion away from the true solution. This is the

tained by numerical differentiation, with contour plots
of 1 affit shown in the bottom leftmost image. Us-
ing a numerical method of modest accuracy, thesialini
data are evolak forward up to a timéY o p m,
producing the data shown in the middle columifriig-
ure 16. With a kinematic viscosity’ 1@t p the
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[1] J. Atmadja and A. C. Bagtzoglostate of
the Art Report on MathematicMethods for
Groundwater Pollution Source Identifiaati
Environmental Forensic (2001), 205214.

[2] A. S. CarassoThe APEX Method in Im-
age Sharpening and the Use of Low Exponent
Lévy Stable LawsSIAM Journal on Applied
Mathematic$63 (2002), 593618.

[3] A. S. Carasso, D. S. Bright, and A. E. Vla-
dar. APEX Metlod and Realime Blind
Deconvolution of Scanning Electron Micro-
scope Imagery Optical Engineering 41
(2002), 2499514

[4] A. S. CarassoBochner Subordination,
Logarithmic Diffusion Egations, and Blind
Deconvolution of Hubble Space Telescope
Imagery and Otbr Scientific Data SIAM
Journal on Imaging Sciences(2010), 954
980.

[5] A. S. Carasso.Stable Explicit Time

Marching in Welt Posed or IHPosed Nonlin-
ear Parabolic Equationgverse Problems in
Science and Engineering4 (2016), 1364

1384.

[6] A. S. CarassoStable Explicit Marching
Scheme in Il Posed TimeReversed Viscous
Wave Equationdnverse Problems in Science
and Engineerin@4 (2016), 14541474.

[7]1 A. S. Carasso.Stabilized Riclrdson
Leapfrog Scheme in Explicit Stepwise Com-
putation of Forward or Bagkard Nonlinear

‘ ‘ Parabolic Equationsnverse Problems in Sci-
Figure 16. Leapfrog backward recovery in Sydney data. ence and Engineeringb (2017), 17191742.

Image att=0 Imageatt=T Reconstruction att =0

Stream Contoursatt=0 Stream Contoursatt=T

[8] A. S. CarassoStabilized Backward in
associated Reyidsnumber2 A p p 1 in this exper- Time Explicit Marching Schemes in the Nurical Com-
iment. Substantial erosion and disorganizataf the putation of lIFPosed TimeReversed

edges and other sharp features in the leftmost column is  Hyperbolic/Parabolic Systembverse Problems in Sci-

now apparent in the middle column. The norms of ence and Engineeringy (2019), 134165. _

6 are reduced to 4% of their initial values, whilee ~ [9] A. S. Carasso.Stable Explicit Stepwise Marching

0 norm of| is reduced to % of its initial value. Re- Scheme in IHPosed TimeReversed 2D Burgés Equa-

markably, ashown in the rightmost column Gigure tion. Inverse Prokems in Science and Engineerigg

T . 2019), 16721688.

16, the stabilized leapfrog scheme, marching backward ( ) ) )

from the middle column data, can recover the dataat L0 A S: CarassoCompuing |li-Posed TimeReversed 2D
ith d The i ! lati 6.% NavierStokes Equations, using a Stabilized Explicit Fi-

T[W',tv‘ good accuracylhev re atlve"err‘ors are o. - nite Difference Scheme Marching Backward in Time.

for oM, and 14.8% for] . Using the) 30 scheme in Inverse Problems in Science and Engineeri2gy7

[10] on the same m|ddI§ 9olumn data, leads to slightly (2019) 9881010.

higher relative errors ibhbhbut a 22% relative errorin - 11] A s. CarassoStabilized Leapfrog Scheme Run Back-

1 . The value ofYin this successful experiment is sig- ward in Time, and the ExplicitO( 88 Stepwise

nificantly higher than would seem feasilde the basis Computation of IHPosed TimeReversed 2D Navier

of the besknown uncertainty estimates for backward Stokes Equationsn Review.

NavierStokes solutions [13]. [12] P. D. Williams.The RAW Filter: An Improvement to the
While the leapfrog scheme often provides more ac- RobertAsselin  Filter in Semlmplicit Integrations.

curate vorticity reconstructions than the scheme in [10], Monthly Weather Reviet39(2011), 19962007.
examples have been found where the opposite is truef13] R. J. Knog and L. E. Payn@©n the Stability of Solutions
Thus, both schemes are vallelcomputational tools, of the NavierStokes Equations Backward in Timt-
and both should be tried in any problem where either  chives of Rational Mechanics and Analy2® (1968),
scheme is found useful. 331-335.
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Numerical Solutions of the Time
Dependent Schrodinger Equation

Barry I. Schneider

Heman Ghatnejad(Computational Physics Inc.)
Luca Argenti (Universitpf Central Florida)

Juan Martin Randazzo (University of Central Florida)
NicholasDouguet(Kennesaw Statgniversity)

Jeppe Olsen (Aarhus University

Ryan Schneider (University of California San Diego)

We have been collaborating with various scientists for
several yearsdevelopingnumericdly robust methods
for solving thetime-dependent Schrodinger equation
(TDSE). LucaArgenti, Nico Douguet and Juan Martin
Randazzojoined the efforin 2019. HemanGharib-
nejad aformer NISTNRC postdoctoral associgtbas
also continued to work on thegpect part timeThere
arethreerelated researcthreadsunderway.

91 Developinga hybrid finite element discrete varia-
ble (FEDVR}Gaussian approach to treat the
interaction of attosecond (£Bsec) radiation with
molecular targets.

Computing the requiredhybrid matrix elements
via a rovel 3D numerical grid.

Examining theperformance of various numerical
time propagation techniques for the TDSE.

Thehybrid finite element approathat we have
developed iguite generalputthe applications to date
have cocentrated on describirtge shgleanddou-
bleionization of electronsexposedto intense, ultra-
fast laser radiatiomin manybody atomic and molecu-
lar systemsThese attosecond (3®se¢) pulses provide
a new window to studthe electronic motion in atoms
andmolecules on theinatural timescale. To put this in
context,themotion ofelectrons responsibfer chemi-

1 development of the finite elemenisdrete variable
method (FEDVR) tspatiallydiscretize the coordi-
nates of the electrons

1 construction of numerical grid capable of effi-
ciently computing the required one and two
electron matrielements, and

1 extensions ofhe short iterative Lanczos methto
propagate the wavefunctiontime.

We have efficiently parallelized the FEDMURethod us-

ing MPI, shown that iscales linearly with the size of the
FEDVR basisand applied it to selectedgblems [113].
Largescale calculations have been perforraeé num-

ber of atoms and molecules using resources provided by
theNSF Extreme Science and Engineering Discovery
Environment(XSEDE) program

More recently v& have begun to employ a mixed
basisof Gaussian functions at short range and FEDVR
functions atlong range to extend our methods to com-
plex polyatomic molecule§his approach has several
important advantages over usingiagle basis over all
of space. First, the use of nuclearentered Gassians
preserves the local atomic symmetry around each nu-
cleus and avoids the poand often nofconvergent
behaviorf using a singleenter FEDVR basis at all dis-
tancesSecond, once the electron is far enough away
from the nuclear cusps, a single cerggpansion con-
verges quickly andimportantly, can representhe
electrons out to very large distances using an approach
thatis very amenable to domain decomposition.

The major issue is to computee one and two elec-
tron integrals between the twdypes of basis
functions.The formalismwe have been developimg-
quires as inputtransition density matricesxtracted
from ahigh-levelquantum chemistry coda orderto
compute the additionaihe and tweelectronintegrals.J.
Olsen who has experi@® in such computationbas
been collaborating with usn the poject.The NISTF

calbinding and electron transfer processes in natureyCrKSU-Aarhus groupneets on a weekly basis to dis-

have aharacteristic timescale of abdif0attosec-

cuss the issues and plans. During the past year, the

onds (It takes an electron 152 attoseconds to go arountjensity matrices have been integrated into a new code

the hydrogen atom) Theseprocessesanonly bede-
scribed usindgime-dependent quantum mechanics
Where appropriatehis needto be coupled to Max-
wellés equationso describe macroscopic
phenomenaOur oveall goal is toimage quantum phe-
nomena with sulbemtosecondemporal andub
Angstrom spatial resolutionand to provide coherent
control of electron dynamicsEventually, one canon-
template producingmolecular movies of this motion
in much the samway as it is done in molecular dynam-
ics simulatimsof heavy particle processes.

called ASTRA andsome preliminary tests of the code
have been performed that indie things are working as
expected.It should be noted thalis is a very complex
manybody problem and even with the most talented of
researchers, it ia longterm effort.

The calculatio of the one and twelectron matrix
elements over the hybrid bhasnust be performed nu-
merically. Given the polycentric nature of the electron
distribution and the need to compute these integrals to
significantly larger distances than in quantum chemistr
calculations, it was necessary to develop an efficient 3D

The basic methodology as applied to atoms andintegration scheme. One cannot use methods which fix

simple diatomic molecules has been described-itl[1
Reference [4] provides a detailed review of the
work. The essentiaspets have been

the coordinate system at a single point in space, as they
are at best very slowly convergent and often do not con-
verge at all. To overcome thaa popular approach
developed by Axel Becke, based on the gartitof
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unity, defines atomic grids centered on the atoms where  Dependent Schrodingéquation for the Interaction of
the grid points are appropriately weighted to satisfy the ~ Short,Intense Radiation with One and Two Electron Sys-
partition of unity. The original method of Becke re- tems, in Dynamic Imaging. InQuantum Dynamic
quired substantiamodification for our purposes. We :m;%:‘hgéﬁéﬁ:;d;ﬁ”;agd rli\g' ';’r"’“;\?g’wede?kR'\g O?ines
require a central grid that calescribe the much larger ysiepringer, ’ -
integration region without too much contamination from [°1 X. Guan, E. Secor, K. Bartschaind B. I. Schneider
the points on the nuclear centers. To accomplish that, we Doube-slit Interference Effect iklectron Emission from
define a new partition of unity that constrains alb@mic |(_|2201Ez)§p(? 483?21? XRay RadiationPhysical Review &5
grid points to small atomic spheres. A central grid isthe [6] X. Guan, K. Bartschat, B. I. Schneider, L. Koesterke
added to take care of the interstitial and longemge ' T NP no '

. . . . Resonance Effects in Twehoton Double lonization of
parts of configuration space where the.gtomlc g,”d H2 by Femtosecond XUV Laser Puls&hysical Review
points are forced to vanish. The new partition of unity A 88(2013) 043402

does remarkably well in plorming very accurate inte- [7] J. Feist, O. Zatsarinny, S. Nagele, R. Pazourek, J.

gration for integrands having nucleeusps as well as Burgdérfer, X. Guan, K. Bartschaand B. I.Schneider.
oscillating at larger distances. A paper describing the ap-  Time Delays for Attosecond Streaking in Photoionization
proach is in review [14]. of Neon.Physical RevievA 89 (2014) 033417

_ Lastly, we have been engaged in efforts to generalg) x_ Guan, K. Bartschat, B. I. Schneider, and L. Koesterke
ize the short iterative Lanczos (SIL) thed used to Alignment and Pulseduration Effects in Two-photon
integrate the TDSE to efficiently and accuratelyeint Double lonization of Hby Femtosecond XUVLaser

grate for much longer times [15]. An integral equation Pulses Physical Review A0 (2014) 043416
formalism has been developed which exploits the fact[9] B.|. Schneider, L. ACollins, X. Guan, K. Bartschaand
that part of the Hamiltonian is a linear operator and can D. Feder Time-Dependent Computational Methods for

be treated using an expential propagator, which is ex- Matter Under Extreme Conditionsdvances itChemical
actly what the SIL provides. Theemainder term, Physics157 (2015) Proceedings of the 240 Conference:
involving a time integral over the residual interaction Sciences Great ChallengefA. Dinner,ed.),John Wiley

and the unknown wavefunction, is computed by numer-[10] B. I. Schneider, X. Guarnd K. Bartschaffime Propa-

ical integration over the large time step using the SIL on  gation of Partial Differential Equations Using the Short

each of theerms in the integrand. To do the integral re- ~ !terative Lanczos Mébd and FiniteElement Discrete

quires that we have previous approximation to the Variable Representatioddvances in Quantum Chemis-

wavefunction. Thus, the entire scheme is iterative start- try 72 (2016,) 95127, )

ing with the wavefunction from the previous time step. 111 B- I SchneiderHow Novel Algorithms and Access to
This summer, we were lucky enough to enlist a High Performance Computing Platforms are Enabling

. . Scientific Progress in Atomic and Molecular Phys-
mathematics graduate student, Ryan Schn€idéo ics. Journal of Physics: Conference Ser#s9(2016)

work on theproblem. Ryan was supported by the NSF 012002.
Mathematical Sciences Graduate Internship (MSGI)

. [12] B. I . .45 ¥dars efiCongutational Atomic and

program and worked remotely with us for the summer. Mol ecul ar Physics: .MWhmt Have We
We have continued to work with Ryan since the ehd of Physics: Conference Serigg5(2017).
the internship as the work was not finished and Ryan;, 31 g | schneider, L. A. Collins, KBartsthat, X. Guanand
was eagefo continue working on the problem part time. S. X. Hu A Few Selected Contributions to Electron and

For completeness, we also reference a review paper  photon Collisions with i a 1. dourkal d Physic$0
[16] by Schneider an@haribnejadwhich received the (2017) 214004
ITL OutstandinglournalPaper award ir2020. [14] H. Gharibnejad, N. Douguet, B. I. Schneider, J. Olsen and
[1] J.Feist, S. Nagele, R. Pazourek, E. Pers8oh,Schnei- L. Argenti, A Multi-Center Quadrature Scheme foe th

der, L. A. Collins and J. Burgdorfer Nonsequential Molecular Continuumin review.
Two-Photon Double lonization of HeliunPhysical Re- [15] H. Gharibneja¢B. I. Schneider, M. Leadinghamand H.

view A77(2008) 043420. J. Schmale A Comparison of Numerical Approaches to
[2] X. Guan, K. Bartschaand B. |. SchneideDynamics of the Solution of the Tim®ependenschrodingeEqua-
Two-photon lonization of Helium in Short Intense XUV tion in  One Dimension Computer Physics

Laser Pulsehysical Review A7 (2008) 043421, Communication$2019),106808 to appear.

[3] X. Guan, K. Bartschat, and B. I. SchneidBwo-photon [16] B. I. Schneider and HzharibnejadNumerical Methods
Double lonization of Hin Intense Femtosecond Laser Every Atomic and MoleculaFheoristShould KnowNa-
PulsesPhysical Review &2 (2010) 041407. ture Reviews Physi@(2020), 89102.

[4] B.I. Schneider, J. Feist, S. Nagele, R. Pazourek, S. Hu,

L. Collins, and J. Burgddrfer. Recent Advances in Com-
putational Methods for the Solution of the Time

14 No relation to the project PI.
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A Science Gateway for Atomic and At the outset, the group acknowledged thatan-
Mol | Phvsi trast to some otllecommunities, the AMP community
Olecular ysICs has lagged behind in developing community supported

software packages that are robust and used by others.
The group was convinced the time had arrived to change
, X existing practices and make these tomlsilable and
Klaus Bartschat (Drake University) easily sed by future generations of AMP scientists as
Kathryn Hamilton (Drake University) well as the developers themselves.

Oleg Zatsarinny (Drake University) Thegroup wrote a proposal to the NSF
Igor Bray (Curtin University, Australia) XSEDE program tofund some initial development of
Armin Scrinzi (LudwigMaximilians U., Germany) the gatewayThe proposal was successful and, im-
FernandoU.Maandma derMadrid, Spain) portantly, provided the developersith somehands
Jesus GonzaleZasquez (U. Autonoma de Madrid) on assistance fronthe Extended Collaborative Support
Jimena Gorfinkiel (Open University, UK) Services arm of XSEDE his was vital to the success of
Robert Lucchese (Lawrence Berkeley Laboratory) the effort. In particular, we acknowledge the important

Sudhakar Pamidighantam (Indiana University) contribution of Sudhakar Pamidighantam of |Urimak-
Nicholas Douguet (Kennesaw State University) ing our efforts a siccess.
Samantha Fonseca doaros(Rollins Chege) An AMP Gateway workshop, the second such

An international effort has been underway since 2018 toworkshop, was held at NIST on December1E] 2019.

develop and maintaia Science Gateway for Atomic The workshop was jointly supported tiye Molecu-

. lar SoftwareSciencdnstitute (MOLSSI) at Virginia
and Molecular Physics (AMP) [1, 2]The purposes of Tech,theNSF, and NIST.Some30 participantscame
the gateway are to

) ) together to discuss what has been accomplished and to
{l collect and make available to the community a setpresent ideas for the futurBhe developers gave presen-
of advanced computationabdls that are actively  tations on the science behind the codes and how to use
being used to study atomic and molecular collisions the codes via the gatewaamidighantam spoke on the
and the interaction of radiation with atoms and mol- getails of the gateway and how it cabe used effec-
ecules, tively, even for individuals desiring results but

1l provide educational materials for beginning and ad- Uninterested in thespecifics of a giveode.Other par-
vanced users desiring to learn the ideas andticiPants presented details of codes that have not yet

conepts of AMP, both theetical and computa- P€en implemented on the gateway, and seveeie
tional and now exressed strong interesh joining the pro-
. ject. The workshop concluded with a discussion of what
1 make available to the broad community atomic and yas needed for the future.
molecular data needed for many applicatidrise Therehave beersome important advances during
availability of collision data is critical to many areas the current reporting periodll of the six major codes
of physics m_cluglmg astr_ophysms, fl_JSIOH €nergy, chosen for initial deloyment have been ped to at
the study of lightingand microelectronics. least three XSEDE supercomputers and a new code, R
Codes for modeling and simulation of such phe- matrix with time, has been added to the portfdlioere
nomena have been developed in specific groups byis an early version of an API available to enable users to
graduate students and postdocs but are often poorly dogerform calculations with these cod¥ghile the current
umented, and unavailable outside the group developingAPI interface is stilin its infancy, we are aware of what
thesotvar e. Thi ®i nveatdsny ot heedsiwhedheandipragressrigoing.The need for
too many instances/aintaining these computational longer term support for the project is critical to its ulti-
tools, as well as enhancing their capabilities, is one ofmate success. To that end, the group spent considerable
the major goals of the project and is critical to ensureeffort during the fall 02020 to write an NSFrpposal
continued rapid scientific progress in AM to the Cyberinfrastructure for Sustained Innovation pro-
Another important gal is to enable the code devel- gram. L. Carr, of the Colorado School of Mines, joined
opers themselves to compare the calculations of specifi¢he project and agreed to serve as Pl. There afé C® s
well-defined problems using different methodolo- from IU (S. Pamidighantam) and Rollins College (S.
gies.This enables the verification of results of different Fonsea dos Santos). In aitidn, we recruited N.
codes and encourages comparison wigpeeiment, Douguet, from Kennesaw State, who joined Schneider
when availale. It has already been demonstrated that aand Bartschat, as Senior Investigators. The proposal was
few of these codes are often more accurate than experisubmitted from the Colorado School of Mines as the
ment and thus provide a predictive capability when lead organization. The involvement of the Colarad
experimental results are unavailable. School of Mines in ta project has enabled us to get
needed resources to develop the portal pages into what

Barry I. Schneider
Lincoln Carr (Colorado School of Mirsg


http://ampgateway.org/
http://ampgateway.org/

36 NIST Applied and Computational Mathematics Division

is rapidly becoming a very professional state. The cur-series, and the measurements are from a process which

rent portal contains good descriptions of the codes, thepreferentially damps higfrequency content in the data.

people involved, links to documetitan, a bibliography, = By means of a singular value decomposition of the inte-

apreliminary data repository and some graphical mate-gration operator [1, 2, 3], we usefinite-dimensional

rial illustrating a few of the calculations that have been spectal projection method that determines a smooth,

done with the codes. closedform regularization of the data functié@ and a

] B. I. S Bartsceai @ Zatarinny K . B ay gorr?sponding. clo-seﬁbrm estimate of the source func—
Scrinzi  F. M&iinkei, 0. Tentgson Garfink- tion "Q the derivative ofQ The standard deviationis

iel, and S. Pamidighanta. A Science Gateway for Atomic determined by selecting the value faich the noise is
and Molecular Physic®reprint arXiv:2001.0228&JRL: closest to a normal distribution.

https://arxiv.org/abs/2001.02286 L
. . ) [1] T. J. Burns and B. W. Rust. Closédrm Rojection
[2] B.I. Schneider, K. Bartschat, O. Zatsarinny,Hamil- Method for Regularizing a Function Defined by a Dis-
ton, |. Bray, A. Scrinzi, F. Martin, J. G. Vasquez, J. crete Set of Noisy Data and for Estimating its Derivative

Tennyson, JGorfinkiel, R. Lucchese and S. Pamidighan- and Fractional Derivative. arXjpreprint1805.09849v1.
tam Atomic and Molecular Scattering Applications in an

Apache Airavata Science Gateway Proceedings of [2] Z. Zhao, Z. Meng, and G. HA& New Approach to Nu-
PEARC®O0: Practice and Experience Advanced Re- merical Differentiation,Journal of Computational and
search Computing Online, July 2020 DOI: Applied Mathematic232(2009) 227-239.
10.1145/3311790.3397342

[3] R. Gorenflo and K. V. Tuarsingular Value Decomposi-
tion of Fractional Integration Operators isrEpaces with
Weights Journal of Inverse and HPosed Problem$8
(1995) 1-10.

Regularization of a Smooth Function
Defined by Noisy Data

Timothy Burns Seminorm Reguhrization of Linear

Assume thatQ "Qw is a smooth data function on Inverse Problems
oo, bufc we a.re only given a disgrete noisy sample OfMatthew J. Roberts
the function, with unknowp but uniform, error bars, Mark S. Gockenbach (University DElaware)
at equally spaced data points
M H T OFEHQ ho & E o A Linear inverse problems arise in many applications per-
taining to measurement. In general, a linear inverse
There are a number of methods that can be applied tproblem is posed as follows: Determine solutién the
regularize the data function, such as neamegghbor  equation
averaging, which can be interpreted as smoothing by Yo c¢h
means of a lowpass filter that is connected with a diffu-
sion process, which preferentially daenp higher
frequency noise in the data. y . . ) )
An alternative regularization method that is being ?‘”d this is the setting we will assume. The basu:_ question
studied here originated as a collaboration with formerS the following: ify is a good estimate ¢f , then isxa
NIST colleague B. Rust [1]. The key idea is to treat the 900d estimee of the true solutiow ? Here,
separation of signal from noise 2@ as an invese Yo§ 58
problem, which includes obtaining an estimate of the ) _ )
standard deviation aspart of the solutionThe proce- _ The inverse prokims of interest arise when the so-
dure is to formulate the inverse problem as a Volterra/ution x does not continuously depend on the gatis
integral equation of the first kind. means that an accurate measureryerity’ can_stlll re-
sult in a large distance betwegrand x. An inverse
0 MO OO Qoh 6 9w problem of this type occurs in the case fha an ine-
gral operator over a closed and bounded domain, and
In this setting, we want to obtain an estimate of the more generally, whenevdris a compact operator (see
sourcefunction@  "Qc hwhich amounts to finding an  [2] and [5]). One way to deal with this is by using semi-
approximation of the derivative &® norm regularization. Weconsider the following
Q" problem: Determine solutiotto the problem

wherey is a measurement gf. Here,x, y, andy* are
usually functions in a function space suchL3®, 1),

I O O N
(0] Q . Qwh . A
o eoe _ [ET$Yo & 5 D& 5.
under the assumptions that the residual corresponding to “ o h
the roise in the data is a readition of a white noise time
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Here,L is an operator (such as the derivative operator),Computationa| Tools for |mage and
and_ is a scalar greaterdh 0. The solutiomvis the

seminorm regularized solution. The idea is to choose al
operatolL that rdlects an undesirable feature in the so-
lution x. For example, if the solution to (1) is highly

oscillatory, a good choice fdrwould be the derivative
operator

The generalized singular value expansion (GSVE

can be used to simultaneously diagonalizeadperator

pair (T, L) in problem (1) (see [3], sections 2 through 4).

This makes determining the solutiarof (1) transpar-
ent. In practice the opdm pair (T, L) is discretized by
the pair of finite dimensional operatof,(Ln), where

ashY 0,

t he ofple)gaeestoT; L) ip soinea

sense. It was shown in [4] that the GSVET{ () con-
verges to the GSVE of(L)ashY 0 Th¥ fT andLy
Y Linthe operator norm asY O .

Building on this work, together with results from
[1], we have been able to derive the rates of convergenc

of the approximate generalized singular vectorsTaf (
L) to the true generalized singular vectorsTofl). Nu-

merical examples show that these derived rates o

convergence are the best possibl¢hia case of varia-

tional approximation. Such results will be most useful in
error analysis pertaining to seminorm regularization. We
currently have a manuscriptith these results that is

very close to complete.

(1]

(2]

(3]

(4]

5]

D. K. Crane,M. S. Gockenbachand M.J. Robets Ap-
proximatingthe Singular Value Expansiaf a Compact
OperatorIn review.

H. W. Engl, M. Hanke, and A. Neubau&egularization
of Inverse ProblemsKluwer Academic Publishers
Group, Dordrecht, 1996

M. S. GockenbachGeneralizing the GSVISIAM Jour-
nal on Numerical Analysis4 (2016) 2417 254Q

M. S. GockenbachndM. J. RobertsApproximating the
Generalized Singular Value Expansi&AM Journal on
Numerical Analysi$6:5 (2018, 27762795

M. S. Gockenbach.Linear Inverse Problems and
Tikhorov RegularizationMAA Press, 2016

G¢nay

Javier Bernal

James Lawrence

)Charles R. Hagwood (NIST ITL)

Prashant Athavale (Clarkson University)

Harbir Antil (George Mason University)

Soeren Bartelg§University of Freiburg)

Marilyn Y. Vazquez (Ohio State University)

Shuang Li (UniversityfdSouthern California)
ve N. Fleisig (Princeton University)
lakunle AbawonseSUNYBinghamton)

Shape Analysis

Doj an

In fiscal year 2020, advances were maddath

Image Segmentation Image segmentation is the prob-
lem of finding distinct regions and their balaries in
given imageslt is a necessary data analysis step for
many problems in cell biology, forensjand material
science, as well as other fields in sciened angineer-
ing. In FY 2020, G. DoJ an
continued to work on multiple rsttegies for image seg-
mentation.

and hi's

The main goal of this project is to develop efficient and
reliable @mputational tools to detect geometric struc-
tures, such as curves, regions and boundanes diven
direct and indirect measurements, e.g., microscope im-
ages or tomographic measurements, as well as to
Fvaluate and compare these geometric structures or
shges in a quantitative manner. This is important in
many areas of science and engineeringens the prac-
titioners obtain their data as images, and would like to
detect and analyze the objects in the data. Examples
clude microscopy images for cell biologynicro-CT
(computed tomography) images of microstructures in
material scienceandshoepnt images in crime scenes
for footwear forensics.

fronts of this project: image segmentation and shape
analysis. Pyton implementations of solutions for prob-
lems in these areas were released, and docunmmtati
and examples were providel Matlab code for shape
analysiswvas alsoreleasedin the following, we provide
more details on the specific wockrried out.

col

The first of these strategies builds on implicit repre-

previousl g

sentations of image regions by embedding them in phase
field functions, develp e d
collaboratorsH. Antil of George Mason Universitgnd
S. Bartels fromthe University of Freiburg [1]. Initial
guesses of region candidates are placed on the image and
the corresponding phase field function is evolved in a

manner optimizing a data fidgtiand boundary regular-
ity. This algorithm tends to produce welkfined

segmentations without stray pixels. Bug fixes and im-
provements to the numerical algorithm were introduced,

by

D «
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and Dojan started i fthelak medistancen lgetwaen ghem) wasr ssidcessfullyocompleted
gorithm to segment voluetric images. with Bernafs lead 8, 9, 1Q. For details, see the next
Doj an, and f or m$.Li ofgUS@ s tprojectreperabelownh e r
had previouslydeveloped a novel image segmentation Theinvestigation of a related problem is underway,
algorithm using topology optimization. This algorithm that of computing the elastic registratiorttufeedimen-
which is suitable for multiphase image segmentation sional parametrized surfaces, to identifishape space
performs image segmentation beratively assigning  of surfa@s together with a numerical framework for the
region labels to image pixels. It distinguishes regions bycomputation of geodesics in $ua space. Parallel to
assuming distinct parametric distributions of pixelval-t hese devel opment s, Doj an
ues within regions. It incorporates a nordbgeometric  mentation of the elastic shape distance algorithm,
regularization ternin the optimization cost functioto developed in FY2019 withK. Su, a student intern from
achievewelld ef i ned regi ons. D o Btanford aJniwersity. iHe pested faiodr benethanarked the
further experiments and benchmarks to demonstrate theode to release as parttbe scikitshape packag®.
effectiveness of this approach, and wrote a paper de- Using different shape representations or different
scribing the algorithm anitk performance [3]. versions of the algorithms lead to different shape dissim-
Doj an wor ked wi t h g r a dattya medrics, sand nthisebrings the question of which
Olakunle Abawons of SUNY Binghamton to imple- met ri ¢ woul d per dtudentintebie st .
ment an image segmentation algorithm that leverages &leisig of Princeton Universityhad ben developing a
convexified version of a piecewise constant segmentaPython program, VEMOS (Visual Explorer for Metrics
tion energy. They were able to achieve ssstul twe Of Similarity) that can be used to evaluate and compare
phase segmentations with this approach. They are curmultiple competing similarity/dissimilarity metrics, in-
rently working on a multiphase extension of this cluding shape dissimilarity metrics. VEMOS isetiul
al gorithm. Do j afarmes NISToguesto rfde apglications beyondhape distances; it can be used
researcheMarilyn Vazquezf Ohio State University to  in a versatile manner to evaluate multiple alternative dis-
finish a manuscript on application wfanifold learning  similarity metrics for heterogeneous data sets, including
algorithm to image segmentation [2]. images, shapes, point clouds and other data types. In FY
Doj an cont llaboratod with Prasinc 0 2 02 0, Do ] ato decetom VEM@S) matle bug
Athavaleof Clarkson University on preprocessing and fixes, and demonstrated it on example data sets for shoe-
segmentation of orientation images of microstructures.print forensics. They completed a manuscript describing
Orientation images, more specifically electbackscat- VEMOS and submitted to a journal for reviewi]1
ter diffraction (EBSD) images, often come with many 1., anii s BartelsandG. D oA Phase Rld Seg-
m|§or|entat|on pixels, wh|.ch have .thg appearance of. mentation  Model with Improved  Boundary
noise, and may have regions of missing data. To allevi-  ReguiarizationIn preparation.
ate thgse ISSUES, th(.ay.have beep developmgtFHB:Ed [2] M. Vazquez, T. Sauer, T. BerrgndG . D oTexture
denQISIng and lnpalntlng algoritis t.O produce high Segmentatiorirom a Manifold Learning Perspectivén
quality reconstructions of the EBSD images. They com- preparation.
pared heir PDE—based_ algorlthms with other denoising, [3] S.LiandG. D olihager Segmentatioby Topdogy
and data reconstruction algorithms commonly used for' * optimizationof Region Statisticsin review
EBSD images, antdave beerable to produce statsf-

. 4] A. Srivastava, E. Klassen, S. Josimd |. JermynShape
the-art reconstructions. [4] 9 y P

Analysis of Elastic Curvegn Euclidean SpacdEEE
Shape Analysis A natural approach to analyze and Transactions on Pattern Analysis and Machine Intelli-
compare objects in image arthta is through their gence33:7(?011) 14151428. _
shapes, an aspect that is invariant to rotation, translatiof?] G. D o jBermal,andC.R. HagwoodFast algorithms
and scaling. Shapleased analysis can facilitate object for Shape Analysisf Planar Objectsin Proceedings of
recognition and can provide a moreinsic wayv to per- the IEEE Conference on Computer Vision and Pattern
9 P : ytop Recognitip (VPRALS), Bigston, MA, June 2015,
form statistics of geome[tG]rcl;c datan PRI
along wth J. Bernal andC. Hagwood developed an ef- : 0] an, andt.R. biggnoo@nr|-base
ficient optimization algorithm to compute the elastic Alignmentof 2d Cloed Curvesith Applicationto Elas-

; tic Shape Analysis In Proceedings of the 1st
shape distances between 2d closed curves, [@, 7]. International Workshop on Differential Geometry in

This shape distance ibe fundamental building block Computer Vision for Analysis of Shapes, Images and Tra-
for shape analysis. jectories (DiffCV @l5), Swansea, United Kingdom,
Research and development tbe computation of Segember 2015.

the elastic registration of two simple curveslidimen-
sional space (and thus the associated elastic shape

15 hitps://github.com/scikishape/scikishape http://sdkit -
shape.org/

wor ke

Doj an,


https://github.com/scikit-shape/scikit-shape
http://scikit-shape.org/
http://scikit-shape.org/
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[7] J.Berm | , G. and@R. dlagwoad-ast Dynamic  curves ind-dimensional spacéiere he curvesregiven
Programmindor Elastic Registrationf Curves InPro- - on input as discrete sets of nodes indheves, the same
ceedings of the 2nd International Workshop on nymper of nodes in each curve, the two curves discre-
Differential Geometry in Computer Vision and Machine 764 by the same partitioaf the unit intervalandthe
Leaming(DIffCVML d6), Las Vegas, N\july 1, 2016. patition discretizing the curves not necessarily uniform.

6] J.Bernal, J. L aawd@R. tlagwood®n DQdicrtAatcomputing this optimal rotation matrix is an
Computing Elastic Shape Distances Between CUNes ;,qiance of solving the scalled Wahbés problen4,
d-Dimensional Spacén review _ 13], especially if the partition disetizing the curves is

[©] gr al_iivil]rj;ﬁiec’a\ii.oﬁeg?md E;agzg;?nag;:‘mzuﬁgaf:‘#ﬁ' not uniform. Note as well thahe algebraic justification
Journal of Resarch of the National Institute of Standards of thG(!jK.abSCi;Umeﬁ/ amaﬁlgzrlthrr was mfalLeady pre-
and Technologyl 24 (2019) 124028 sented in [9] buwvithout the developmerdf the matrix

[10] J. Bernaland J.Lawrence Characterization and Compu- on which thealgorithm is appliedvhen a nonuniform

tation of Matrices of Maximal Trace Over partition Is |n\_/01/ed. . .
RotationsJournal of Geometry and Symmetry in Phys- Lastly, with the convention that if one of therces

ics 53 (2019) 21-53 is closed, the first curve is closade 0 we have rede-
[11] E. FleisjandG. D o/EMQOS: GUI forEvaluation of fined thedistance that is minimized in Srivastava ejnal.

Distance Metricof Heterogeneous Data Sels review work to allow for the second curve to be reparametrized
while the first one igotated[6]. Here hecurvesare
again given on iput as discrete sets of nodes in the
curves, the same number of nodegach curveand

Computing Elastic Shape Distances both curves now discretized by the same partition of the

; ; unit interval (a unifornpartition if the first curve is
Between Curves in ngher closed). A finite subset of the nodes in the firstveu

Dimensions (possiblyall of them, possibly one if neither curve is
closed) is then selectadhich is interpreted to bthe set
Javier Bernal of so-called starting points of the curve, and the rede-
James Lawrence fined 0 distance is theminimized with an iterative
G¢nay Doj an procedure that alternates computations of optimal dif-
CharlesHagwood(NISTITL) feomorphismga constant number of them per iteration

) _ ) for reparametrizing the second curve) with succes-
A key problem irshage analysis [310]is the computa-  sjve computations of optimal rotation matricesor(f
tion of the elastic registration of two simple curveskin  rotating the first cure) for all starting pointsf the first
dimensional spaceyhered a positive integer, and thus  ¢rve. As noted in [5]carrying out computations this
the associated elastic shape distance between Wem. way is not only more efficierdll by itself, but, if both
recently comfeted work on this problem;manuscript  cyrves are closed, allows applications of the F&F
has been prepared for publication [1] and a softwareqemonstrated in [6] fod = 2, for computing stces-
package, associated with this wéwks been made avail- sjyely in an even more efficient manneptimal
able*®In our work we have enhancétlivastava etas  rotation matrices for all starting points of the first curve.

previous contributionfl0, 11] in various ways. Resultsfrom computations with the implementation of
First a dynamic programming algorithmshbeen  the methods above applied othreedimensional

developed and implemented that is linear for computingcyryesof the hdix and spherical ellipsd kind, are pre-
an optimal diffeomorphism for the elastic registration of sented in [1]
two simple curves id-dimensional space. The compu-
tation of the registration is ased only on [11 J BernaI,J._Lawrenc_e,G. Doganzand C. RHagwood
reparameterization@vith diffeomorphismsof the unit On Computing Elastic Shape Distances between Curves
interval) of one of the curves (no rotations). The curves In d-dimensional Spacén review
are given on input as discrete sets of nodes in the curved?l J- Bernal, J. Lawrence,and C. R.Hagwood Fast Dy-
the numbers of nodes in the curves not necessarily equal, Inam'c Prgramming forElastic Registration of Curves

. o . o n Proceedings of the DIFEVML Workshop 29th
and the partions of the unit interval discretizing the

. . ) . IEEE Conference on Computer Vision and Pattern
curves nonecessarily uniform. Note this algorithm was Recognition (CVPR)Las Vegas, Nevada. (2016)

already presented in [2] for d_: 2_‘_ . [3] J.Bernal Shape Analysis, Lebesgue Integration and Ab-
Next a purely algebraic justification has been de- solute Continuig ConnectionsNISTIR 8217 National

veloped of the wusual algorithm, tHabsch Institute of Standards and Technolog918.
Umeyam_ailgorlthm [7, 8, %B f(?r computing an opt- [4] J.Bernaland JLawrence Characterization and Compu-
mal rotation matrix for the gid alignment of twesimple tation of Matrices of Maximal Trace Over

16 hitps://doi.org/10.18434/mdsZ329
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[5]

[6]

[7]

(8]

[9]

Rotations.Journal of Geometry and Symmetry in Phys- . i
c53(2010) 2153 True Becquerel: A New Paradigm

G. Dogan, J. Bernal,C. R.Hagwood A Fast Algorithm for 21st Century RadioaCtiVity

for Elastic Shape Distances between Closed PlanarMeasurements
Curves In Proceedings of th@g" IEEE Conference on
Computer  Vision  and Pattern Recognition Bradley Alpert

(CVPR),Boston, MA. June 2015. Ryan FitzgeralNIST PML)
G. Dogan,J.Bernal,C. R.Hagwood FFT-Based Align- Denis BergeroNIST PML)

ment of 2d Closed Curvesvith Application to Elastic

Shape Analysidn Proceedings of the 1st DIFEV gve(t:ilanasﬁoucl\ll\lllss'lzrgl\wt)
Workshop  British ~ Machine  Vision  Confer- Orlon aV_( )
ence Swansea, Wales, UK. September 2015. Daniel Schmid{NIST PML)
W. Kabsch A Solutionfor The Best Rotatioto Relate DQ;IGlSVllletZ(NIST PML)

Two Setsof Vectors ActaCrystallographicaSection A: ~ Mike Ver ateren(NIST MML)

Crystal Physic82:5 (1976),922-923. E di licati f radioactivity i dici
W. Kabsch A Discussion of thesolution for theBest xpanding applications of radioactivity In mecicine, en-

Rotation to Relate Two Sets ¥fectors.Acta Crystallo- ergy, and security de_mand quantification of complex
graphica Section A: Cryal Physics34:5 (197§ 827 m|xturgs at uncertalnty Igvels that are currently
828 unachievableThis projectwill enablemeasurement
J. Lawrence, J. Bernagnd C.Witzgall. A Purely Alge- of abSOIUFe_ aCtiVity BBa) of . radionuclid_e mix-
braic Justification of the Kabsddmeyama Algorithm. ~ tures,avoidingchemical separation, @nalysis of the

Journal of Research of the National Institute of Standards dgcgy hgat signgture of gravimetrif: samplg; embedded
and Technolog§24(2019) 124028 within microcalorimetedetectors.This capability con-

[10] A. Srivastavaand E. P Klassen Functional and Shape  Solidates multiple measurements into one, reducing cost

Data AnalysisNew York Springer 2016 and uncertainty. Suess will create a primary realiza-

[11] A. Srivastava,E. P. Klassen,S. H. Joshj and I. H. tion of theBq for direct assay of realiorld samples at

Jermyn Shape Analysis of Elastic Curves in Euclidean NIST and beyond, resulting in faster clinical trials of
SpacedEEE Transactions on Pattern Analysis and Ma- New radiopharmaceuticals andfaster, expanded nu-

chinelntelligence33:7 (2011),14151428. clear forensicsffingerprintingd method for improved
[12] S. Umeyama LeastSquares Estimation of Transfor- decision making.
mation Parameters Between Two Point PatteliBEE NIST Innovations in Measurement Scierfieading
Transactions on Pattern Analysis and Machine Intelli- was awarded this year for this project, which combines
gencel3:4 (1991), 376-380. dispensing, weighing, and placement of-qugantityso-
[13] G. Wahba A LeastSquares Estimate of @dlite Atti- lutions, embedding in &ansitionedge sensor
tude.SIAM Reviewr:3 (1965, 409. (TES)microcalorimeter, characterizatioof high-rate

radioactive decay events to generate an energy spec-
trum, and analysis of the spectrum to quantify
constituents of the sampée the level of 0.26 uncer-
tainty.

The analysis challenges include (1) characterization
of detector ggnamics, to enae determination of decay
energies of eventgith poor temporal separation, avoid-
ing detector dead time, at an accuracy that reflects the

="

NUCLIDES IDENTIFIED

l —

- s = .'.'.. - e —
. % e, .-.-.“-_' Np: 7.127 + 0.004 Bg/g
ol Mlar: 4.332 + 0.002 Ba/g
I¥py: 5.011 + 0.003 Ba/g

Figure 17. Schematic: a) Inkjetlispensing balance deposits mass of radioactive sample into Au absorber. Absorber is folded to“c
geometry and is bonded to chip. b) Decay products or digital heater (orange) pulses are thermaditbed €ES signals. c) Algorithm us
data and model to produce nuclide assay report.
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exquisite precision of the TES detector, (2) characteri-

zation of the partial energy losses due togpamtout of
the absorber materiaf alpha, beta, and gamma rays,
and (3) disambiguation of the spectrinto constitu-

ents, based on a library of radionuclide decays, with full
guantification. Two new tools for detector dynamics

characterization are (&bricatedcapalility for elec-

tronic excitation of the detector with known energy

depositions, and (bhe adjoint sensitivity method, of
much recent attentiofi], to determine an ODE system

from its input/output behavior. This machine learning

(ML) technigue will be corbined with more conven-
tional supervised ML for librarpased disambiguation
of spectra. The uncertainty, and risk, for both tech-
nigues is whether the stringent accureagyuirementf
the projecttan be achieved

[1] R.T.Q. Chen, Y. Rubanoyd. Bettencouy and D. K.
Duvenaud. Neural Ordinary Differential Equations. In
Advances in Neural Information Processing Syst8ins
(2018).

TOMCAT: X -ray Imaging of
Nanoscale IntegratedCircuits for
Tomographic Reconstruction

Bradley Alpert

Dan SwetzZachary Levineet al. (NISTPML)

Kurt Larson, et al. (Sandia National Laboratory)
EdwardGarboczi(NISTMML)
GeorgeBarbastathiset al. (MIT)

Astheleading semiconductor manufacturingec-
niguesprogresghrough 14 nm, 10 nm, and naivnm
technology nodes, the aityl to fabricate these chips
hasoutrunthe ability to image themThis limitation
makes a variety of diagnostieeds much more difficult
to satisfy. TheNIST QuantunSensorssroup (PML), in
collaboration with researchers at Seational Labor-
atory, isleading a project for IARP& RAVEN (Rapid
Analysis of VariousEmerging Nanoelectronics) pro-
gram todevelop a smallaboratory capability to image
integrated circuits by-ray tomography. Distinct
from otherRAVEN projects, TOMCAT exploits a scan-
ning eletron microscope (SEM) rather than a
synchrotron beamline and doeot destroy the chip un-
der test.This is enabled by the exquisite energy
resolution of NISTdevelopedtryogenic microcalorim-
eter spectrometers, compriseidransitioredge sensors
(TES),whichare being extended to larger arrggew

to 3000 detectojsas well awith betterindividual-de-
tectorthroughput(up to 1000 counts/s) and energy
resolution (< 10 eV FWHM)The detectors measure flu-
orescent photons produced when SEM electrorigestri

TES

Figure 18. (Top) layout of SEM chamber and components and |
tom) exampléarget/sample layer stackwuring operation, the
electron beam ofraSEM isfocused onto a target layer (purple
which generates-rays in a localized spot. A spacer layer (yellc
is placed beneath the target layer, which is useset the magnifi
cation and to block excess electrons from penetrating into
sample lagrs (blue red, and green). Xays generated in the targe
layer can be distinguished frobackground xaysdue tothe TES
energy resolution. The intensity of the detectedys depends ol
the attenuation through the sample, which varies as a functic
local sample composition and thickness.

Figure 19. Threedimensional image createdth maximuna pos-
teriori estimation techniqudéyased orprior NISTwork(Z. H.
Levine, T. J. Blattner, A. fPeskin, and A. LRintar. ScatterCor-
rections in XRay Computed Tomography: A PhysBased
Analysis Journal of Research of the National Institute of Stand:
and Technology24, 124013, May 2019), to perform torr
graphic reconstructions including scatter corrections.
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target followingtheir differential attenuation by differ- Agy =104
entmaterials in the chip

A principal analysis challenge of the projeena-
bling tomographic structure recovery in this limited
angle, photorstarved regimdsthedevelopment of
physicsasssted machine learning (PAMIcustomized
for thedetailsof photon fluorescence, absorption, and
scattering in this instrument configuration. George Bar- ..
bastathiswho has had considerable success in PAML
for optics,is leadingthis ML work.

ModelingMagnet i ¢ Fusi on

Geoffrey McFadden.. ommm =y
Eugenia Kim (New York University)

Antoine. Cerfon. (New Yor k Figure 20. A Poincare plot of magnetic field lines indicating t

formation of magnetic islands. The islands are caused by a
metry-breaking, thee-dimensional perturbation applied to a tw

The controll ed nucl ear f U dimensionalintegrable vacuum field with nested $utaces. Heref  hy dr o -
gen isotopes that is confined by a strong magnetic Ouis the a_mplitude of the thredimensional perturbatiothat pro-
field is current Imentaandtaer e ducestheislands.

oretical researchProvided that many technological

Cha”enges can be overcome, this approach may SomeShOWn in Figure 20. This analytical solution is being

day provide a source of c¢thimaepesategstimaien f_@rrtmid“ﬂ o iglandsdhato i d s
many of the drawbacks of conventional nuclear reac-¢an be used as a diagnostic in c assume nested

tors. flux surfaces and potude the occurrence of magnetic

We are currently participatg in the continuingle-  islands.
velopment of a code, NSTAB, that computes three1] m. TaylorA Hi gh Perfor mance Spectral
dimensional equilibria of toroidal plasmas, and deter- linear MHD Stability Jour nal of Comput at i
mines their nonlinear stability [1, 2]. Physics110(1994), 4074 1 8 .

A cruci al ass tnesed fluo surfaces, tohd#t RFf Garabedi an DesighofGe B. McFad
which descri be tagnetic fipld lmese t r YOEMDIFusibnR8actoMFollowing ITERJour nal of 2 Re -
that permeate the plasma. Thkdarcsh ol ths Natopal Insitute qf rStandaldsl edné s  t2h e

possibility of magneti¢island® that would result in un- TechnologyL 14(2009), 2292 3 6 .

desirably rapid particle transport across magnetic[3] E. Ki m, G. B. Mc F aHidieaton and<cA. J
surfaces. A simplified v e rosMHD @QurrentfShedisDModifBatidndtathiePlasmp p | i €5 i n
a rectangular gometry and avoids ¢hcomplication of Wall in a Fixed Boundary Model PI as ma Physi ¢s an

the magnetic axis that occurs in toroidal geometries has ~ Controlled Fusior62 (2020) 044002.
recently been developed [3].
To complement the numerical solutions that are
produced by this code, we have recently developed a S .
analytic solution to the goweing equations for &ac- 'bptlmlzmg Unh_cenS(_ed Band
uum magnetic field that does not assume the existenc&Spectrum Sharing with Subspace
of nested flux surfaces, and which allows the formation ;
of islands. The analytical solution is obtained by starting Based Pareto Tracmg
from a twadimensional harmonic function that is a pe- Zachary J. Grey
riodic Greers function for laplacés equation, with a Andrew Dienstfrey
smooth set of level surfaces. This solution is analogoussusanna MoslenNISTCTL)
to an integrable system such as a-tlumensional pen- Jacob RezadNISTCTL)
dulum problem in dynamical systems theory. If an Yao Ma NISTCTL)
appropriate symmetrgreaking, threelimensional har- Jason CoderNISTCTL)
monic function is dded to the twalimensional base

state, the resulting system is no longer integrable. Theyiativatedby demands for more efficient use of limited
level sets then break up into island structures that can bgy§ip spectrum, nexgeneration wireless communica-
detected numerically by line tracing the magnetic field tipns devices are likely to share spectrum between
(given by the gradient of theotential.) An examig in multiple radio access technologies. While spectrum
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sharing holds promise, balancing operational irequ
ments of new network paradigms against those of
incumbent technologies presents significant technical
barriers. To meet these challengdkST CTL research-
ers in collaboration with ACMD are developing

The nulti-criteria ogimization formalism we pro-
pose is complicated by the high dimensionality of the
input space. Specifically, our model requires 17 MAC
and PHY variables to characterize the coexistence per-
formance. Nevertheless, previous experience suggests

measurement and simulation techniques to verify con-that not all vaiables (or combinations of variables) are

figurations of wireless devices which allow for
coexistence while minimizing degradation.

In one such example of managing spectrum scar-mension

city, providers are beginning to operate Lehgrm

Evolution LicenseAssisted Access (LAA) in unli-
censed bands. Operating LAA ianlicensed bands
improves spectralisage efficiency. However, LAA may
or may not impede Wi operation depending on details

of operational and environmental variables. Understand-
ing and addressing these challenges calls for a deep dive

into the operationand parameter selection of both net-
works in the medium access control (MAC) and
physical layers (PHY).

Mathematically, we formulate spectresharing
analysis as a multiriteria optimization problem in
which both WiFi and LAA keyperformancendicatoss
(KPIs), such a network throughputs on unlicensed
bands, are simultaneously maximized with respect to
their PHY and MAC layer parameters. This set of max-
imizing arguments quantifies the inherent tradie
between LAA and WFi data throughputs. While this
a desirablgyoal, it is complicated by the high dimen-
sionality of the problem. Furthermore, a systematic
parameterization the Pareto front of rdominated so-
lutions is needed. We briefly discuss our solutions to
these problems in the following.

Sy, R? = 0.90
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equally important in determining qualities of KPIs. We
used active subspace analysis to provide a systematic di-
reduction strategy, providing a rigorous
foundation for these observations.

In general, given function™j, O'Y O, active
subspace analysis proceeds by eigendecomposition of
the positive definited &, matrix

™ o™

0 Q-8
Theactivesubspacés defined bythe column span
of 'Y 6 8w N'Y whered are thefirsti ei-
genvectorassociated with the decaying order of
eigenvalues, _ E _ m Fori &,we
utilize approximation®f the form"Y— "O7Y for
"ajy © Y. In this way, an -dimensional model of the
origind function can beound.A benefitof the active
subspace approach is that a rigorous theory exists for
bounding the overall approximation error in terms of the
eigenvalues of the matrix defined above.Se€[1,

2] for details.

Returning to the commurations problem, m@vi-
ous work resulted in analytical models for the LAA and
Wi-Fi throughputs, indicatetly “Y and™Y fwhich are
describedn detailby Moslehet al.[3-5]. Both are func-
tions ofl7MAC and PHY parameters which are

Se, R?= 0.90

ul 0

Figure 21. Pareto trace of quadratic ridge pfiles. The quadratic Pareto trace (red curve and dots) is overlaid on a shddbavpr the

mixed coordinates (colored scatter) with the projected bounds and

vertices of the domain (black dots and lines). Quadrataamns

(colored contours) areamputed as leastquares fits over the mixed subspace coordinates. Also dejgititecprojection of the nedominated
domain values from 1000 random samples (black circles). The trace begins atvith near maximum quadratic ¥Fi throughput and we

move (smoothly) along the red curve#  obtaining near maximum
off over the entire curve restricted to a projection of the origin. Note:
(amona other reasons) thus resultina in the accented (tilgetor.

guadratic LAWdoughput maintaining an approximately best trad
original parameter scales were transformedricahconsiderations
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collected intaa single vector—Furthermore, these func- 20 ¢
tions are conditioned on other physical characteristics of Wi
the communication network which are collected into 15
ascenariovector of fixed valuesienoted bya Thus,
the complete LAA and WFi throughput model iset - :
noted by 5155 ' a D =0

YA 00 Yd—Fb ™ Y —Hphi E . i S A B
\{ d’yﬂ w © ‘Yd° o m \4 Fr)8 5 15‘0 15 20
W
f‘A‘Ctlve SUbS_pace analysis applied to the mOdélan.d Figure 22. Approximation of the Pareto front resulting from t
Y respectivelysuggests that both may tapproxi- quadratic trace. The approximate Pareto front (red curve) is sh
mated sufficiently well by functions s#ictedto two- with the nordominated throughout values (black circles) and s

; ; ; ; i ter of 1000 random rg@®nses colored acconj to the averages
dimensional SUbSpacé C) in the ambient 1-dli throughputs. The red curve is the image of the continuous

mensional space. The issue is that these SUDSPEEEES  hrough parameter space (visualized as the red curfégare 21
determined by independesigendecomposi-  representing a near Pareto optimal set ofusions.

tionsof 6  “¥¥sy and 6, "% v, "y, whose _ _ _ _ _
eigenspacearenot the samé general Fortunately, the smoot.h trajectory, first d_eﬂned in the agtlve subspace
space of -dimensional subspacesadimensional Eu- ~ coordinates, and then lifted to a cu— ¢ through
clidean space forms a Riemannian manifold known asMAC and PHY parameter space. The convex combina-
the Grassmann manifold. Considering each ofstite  tion of throughputs is maximized over this trg6g
spacess a point in this space ewtilized thegeodesic ObservingFigure 21, the continuous Pareto trace
(ie., shortest) path connecting these two points, ancOVer the subspace coordinates (red curve) moves ap-
monitored the errors from constructing reduceder ~ Proximately throug the collection of projected nen

approximations with respect to a common subspace, dominated designs_ (black circles). The ytmminated
designsare determined frorhOOOrandom samplesf

YRy Q VYi Lh thefull 17-dimensional space; sorted according{tmg

Y R G TYi -8 et al.[7]. However, it is not immediately clear through
., . . . thisvisualization that the nedominated designs consti-
Here'Yi ,i ™ Tip,isapointonthe geodesic pathbe- ;10 glements of an alternative continuous
tween'Y and 'Yy, approximationsAs residual errors approximation of the Pareto framperhaps represented
were monotonic along this path, each improving as thepy an alternative lovdimensional manifolddommonly
path approached the subspace defined by its independesought in artificial intelligence and machine learning
analysis, the optimal joirdubspace was defideas the  gppjication3. Instead, we have supplemented a contin-
point along this path where the residual error cuives  ;oys parametrization of the Pareto fromhich is
tersected. In this way, a common tamensional  implicitly regularized as a solution ovardimensional
active subspace was defined for reduoeder approxi- - gypspace coordinates. However, there are inf=ite
mation ~of both LAA and WiFi through  the original parameter space which cepend to points

puts In thistreatment, the orttgpnal complemerdf  g19ng the trace depicted Figure 21, i.e., infinitely
the common active subspagefines thenactivesub-  manyg | inactive coordinate values which may

space. . change throughputs albeit significantly less than the two
The next problem was to generate a systematic analyixed active coordinates 6 —and¢ 6 — To

ysis for identifying solutions to the multibjective  yoconcile the choice ahfinitely many inactive coordi-
optimization problem. We solved this using Pareto trac-aes, we visualize subsets of 25 inactive coordinate

ing techniqueslescibed in detairecently byBolten, et g3mples drawconditionallyoverthe inactive subspace

al.[6]. Under this formalism, one defines tRareto (15 grthogonal directiongpr each active coordinate oc-
traceas the image over the set of solutions to the follow- curring overthediscretizedrace depicted ifigure21.

ing optimization problem: Figure 22 depicts the corresponding throughput

i Agey - p &Y - h evaluations along the trace in addition to the conditional
"o inactive samples as red dots along the approximated Pa-
forallon mip wher€ isthe domin definedby well- retofrontd the red line connects conditialnaverages of

establishedntervals for each parameter. It turns out that throughputs over inactive samples along corresponding
this trace can be solved as an initialue problem for ~ points over the trace, constituting an approximation of
an ordinary differential equation (ODE). The existence the Pareto front. The visualization emphasizes that
of a 15dimensional subspace over which the objec- throughputs change significantly less owee inactive
tives"Y and"Y do not vary entails that this ODE system coordinates in contrasb the range of values observed
is unstable. However, the active subspace dimension reover the active coordinate trace.

ductioneliminatesthis degeneracy. The result is a
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Our work has facilitated an approach for simultane- work. We anticipatehat the corresponding measu
ously optimizing network KPIs sharing limited ment requirements for estimating RWC will be orders
unlicensed spectrum resources. An exploratory analysisof-magnitude fewer thawith a technique which does
utilizing an example of LAAcoexistence with WFi not use adaptive sampling in conjunction with dimen-
network identified a common subspauased dimen-  sion reduction.

'SI'If?'n redutc):ltlc&n c.)f al_bas!c modeclj cl)fllnetwo.rk b(lahawor. [1] Z.J. Grey and P. G. Constantirfctive Subspacesf

IS enable Vlgualzatlons and ensional ap- Airfoil Shape ParameterizationsAIAA Journal 56:5
proximations which led to a continuous approximation (2018) 2003 2017.
of the Pareto frontier for #h multi-criteria problem of [2] P.G. ConstantineéActive Subspaces: Emerging Ideas in

maximizing all convex combinations of network Dimension Reduction for Parameter StudiesSIAM,
throughputs over MAC and PHY parameters. Such are-  ppjladelphia2015.

sult simplifies the search for parameters which enable[3] S. Mosleh. Y. Ma. J. B. Coder. E. Perrins. and L.. Liu

high quality performance of both networks, partily

compared to approachkevhich do not operate on a re-

duced parameter space. Analysis of the EWAFI

example revealed an explainable and interpretable solu[4]

tion to an otherwise challenging probledevoid of any
known convexity until subsequent exmton. A full
paper on thidopic hasbeen accepted to tt#921 Pro-

Enhaning LAA Co-existence using MIMO Under Im-
perfect Sensing In IEEE Globecom Workshops
Waikoloa, H| 2019 1-7.

S. Mosleh, Y. Ma, J. D. Rezac, and J. B. CobBgnamic
Spectrum Access with Reinforcement LearnfiogUnli-
censed Access 5Gand BeyondIn IEEE 91stVehicular
Technology ConferencéVTC2020Spring) Antwerp,

ceedings of the IEEE International Conference on Belgium,202Q 1-7.
CommunicationglCC). [5] S.Mosleh, Y. Ma, J. D. Rezac, and J. B. CoéeNovel
An extended description of the work will be submit- Machine Learning Approach to Estimating Kdpid PaC
ted to IEEE Transactions on Signal Processirithe for LTE-LAA-Based Spectrum SharintEEE Interna-
extended manusgt will incorporate alternate low-di- tional Confeencg on Communications Workshops (ICC
mensional approximations including both alternatives of ~ WWorkshops)Dublin, Ireland, 2020, pp--&.
Grassmannian interpolation or subspace unions to im{6] M. Bolten, O. T. Doganay, H. Gottschalk, and K.
prove the trace. We will also summarize a sensitivity ~ Klamroth Tracing Locally Pareto Optimal Poiritg Nu-
analysis, active subspace approximation diagnostics, merical IntegrationPreprintarXiv:2004.10820202Q
andan explicit parametrizationf a predominantly flat  [7]1 H.-T. Kung, F.Luccio, and F. P. Preparatan Finding
manifold of near Pareto optimal solutions. the Maxime_t of a Set of Vectordournal of the ACM2:4
Future approaches will enable spectrum sharing in (1975) 469 476.
unlicensed bands by simplifying the design of wireless
network operation and architectutdtimately quantif-
ing MAC and PHY parameter ombinations with
reduced intrinsic dimension giving negptimal KPI
tradeoffs. In recent workdurrently inreview) CTL re-
searchers studied how changing-KVitransmit power
impacted KPIs of the networks such as percentage err Anthony Kearsley
rate and transmission thughput. They introduced a Amanda Pertzborn (NIST MML)
new concept, the region of wireless coexistence (RWC),Aaron Chen (Drexel Unkrsity)
representing a set of transmit powers which lead to acJin Wen (Drexel University)
ceptable values of KPls. This technique reduces o )
required measurements by around’4@ompaed to a The bundlng_sector represents Fhe largest primary en-
baseline uniform mearrement. However, scaling to €rgy-consuming sector m_the United States, respo_n5|ble
larger problems requires identification the RWC in for 41% of the counyG primary energy, in comparison
higher dimension wireless coexistence scenarios. Thes!0 28 % for the transportation sector and 32 % for indus-
scenarios will have tens or hundreds of independent varry- Moreover, buildings consume 74 % of the electricity
iables, leading to a dramatic increas the volume of  in the United States, which makes the building sector
the candiate space of RWC sets. Existing RWC surro- S|gn|f|c§mt to the overall smart grldfrastructureleen .
gate models (Gaussian process) are unlikely to pethe ra}plq development of the smart grid gr_ld the potential
effective for such high dimension problems. As such, we©f buildings to store and generate electricity through de-
aim to use the dimensionalitgduction techniques de- mand shifting and transactive control, there is an urgent
scribed here to combat issi of computational ne_ed_ to improve the dynamlc interactions between
complexty in larger problems. We hope to accelerate buildings andhe smart ngdWhICh _fU(ther calls for ro-
the RWC algorithm by experimenting with how to effi- Pust and accurate dynamic building energy system
ciently take measurements over a manifold of reducedmModeling and simulation.
intrinsic dimensionsimilar to the one identified in this

Large Scale Dynamic Building
System Simulation
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Figure 23. A floor and window view of a typical zone.

Figure 24. A simple fan/coil unit schematic.

Traditional dynamic building simulations typically
focus on a single building. Howevehose used for
smart grid applicationsmustsimulate large andomplex

building energy systems and their interactions amongy;

building clusters that are composed of npiéibuild-
ings. These result in large systems of coupled,
potentially il-conditioned nonlinear systems (easily in-
cluding thousands of equations), thail wmeed to be
solved rapidlyThus, dficient, robust and accurate solu-
tion of large sparse nonlinealgabraic and differential

equation systems is becoming more and more essential
to meet the demands to simulate large scale multiple

building heating vetilation and air conditioning
(HVAC) scenarios that are coupled to various complex
energy sources eithénrough the smart grid or other
means, such as district heating/cooling.

In practice, these simulations are decomposed into

geometric zones (sdggure23) where one expects air
flow and thermal conductivity to be similar. Typically,

these zones are comprised of rooms or collections of

closely connected rooms. HVAC systems control tem-
perature and air flow in theszones through coupled

boundary conditions #t are matched in what is called a
fisuperblock O It is interesting that something as simple
as a fan/coil unit (sefeigure24) can result in an approx-
imation whose digetized system is quite hard to solve.
More detailed mathematical models which would more
accurately predict the physics of a simple fan coil unit
would result in simulations that would be prohibitively
expensive. Less detailed mathematicabdels yield
more wellconditioned systems that can be solved
quickly but do not provide the flexibility of, for exam-
ple, more complicated scenarios through various
degrees of occupancy, seasons or other factors that must
be considered.

In [1], Chen develops a classlafgescale Krylov
methods for solving these nonlinear systems using auto-
matically built preconditioners. A numerical survey of
the performance of theseethods was written this year,
[5] and submitted for publication. Comprised of smaller
models, like theone used to predict fan/coil dynamics,
the resulting largescale systems are assembled at the
same time as a preconditioner, both of which would be
mack available to a building engineer seeking to simu-
late and evaluate a building HVAC system. Not
surprishgly, poor variable scaling [2] can also lead to a
deterioration in numerical performance but results pre-
sented in [1] suggest that peenditioning ofinexact
Krylov methods can outperform more traditional dense
solution techniques [3] as problem sizesvgrFigure25
demonstrates that tmeimerical method proposed in [1],
here called INBPSGMRES(m), outperforms Powésll
hybrid method (PH) [4] irrespective of seasonal
changes. Heren denotes the dimension of the Koy
subspace, traditionally a parameter that is tuned. Of
course, the compaon of CPU time is not exactly a
straightforward one. The PH method was not designed
for problems of this size. However, it provides strong
evidence that methods like those pragbén [1,5] are
very much appropriate for these simulations.

Z. Chen.Advaned Solver Development for Lar§eale
Dynamic Building System Simulatio®’hD. Thesis,
Drexel University, Philadelphia RA2019.

Z.Chen, J. Wen, A. J. Kearsley, and A. J. PentalScal-
ing Methods for Dynamic Building System Simulation in
an HVACSIM+ Environmentln Proceedings of the 15th
International Building Performance Simulation Associa-
tion (IBPSA) Conferengesan Francisco, CA, US, 2017,
20592065.

S. Pourarian, AJ. Keasley, J. Wen, and A. Pertzbarn
Efficient and Robust Optimizatiofor Building Energy
Simulation Energy and Building422(2016)53-62.

M. J. Powell A Hybrid Methodfor Nonlinear Equations
Numerical Methods for Nonlinear Algebraic Equatiaghs
(1970) 87-114.

Z. Chen, A. Pertzborn, A. J. KearslandJ. Wen Inex-
act Newton Method for Solving Nonlinear Algebraic
Equations in Larg&cale Dynamic Building System Sim-
ulation In review.

(2]

(3]

(4]

(5]
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Figure 25. A comparison ofequired CPUtime forbothPwe | | 6 s Hybrid Method (PH) and the
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Mathematics of Biotechnology

As proobfconcept academicnwin engineering biology meets the market realities of bringing lab science to product
initiation, there are questions in how to compare bidlodicas pmeasure whether desired outcomes are realized,
and optimize biological systems for desirediziST is working to deliver tools and standards to measure such
biological technologies, outputs, and processes from healthcare to mandfaetywoird) &Ve support this effort

with the development and deployment of innovative mathematicahnbdelimgnalysis techniques and tools.

Metrology for Microfluidics

Paul Patrone

Anthony Kearsley

AmyQ. H.Li (University of Texas aiustin)
Gregory A. Cooksey (NIST PML)

Jalal Sadeghi (NIST PML)
MatthewDiSalvo(NIST PML)

Advances in microfluidicgpromise to fundamentally
change the way many scientific disciplines operate by -
enabling precise control over the motion of fluids and ~T
soluies in microrscale systems. For example, microflu-

idic fabrication techniques allow chemical reaction
vessels to be triced to the size of a human hair, paral- !
lelized, and subsequently interconnected. This facilitates
high-throughput experimentation and comdtorial

testing; sed-igure 26. Moreover, the medical commu-

mt.y _has reCOinzed. that rel.dteapproaCheS Can’. In Figure 26. Example of a microfluidic device used to establisi-c
principle, ena.ble rapid .and simultaneous screening of centration gradients. Fluid of different colors flows through
hundreds of diseases with only a few drops of blood. In- input channels top) and enters the experimental chamb
deed, the lure of disrupting this $75 billion medical (squares). Because the flow is laminar, diffusion is the only i

testing industry has led to significant venture capital in- anism responsible for mixing (which occurs in the upper brae
network and middle mixing regions). In this way it is possibl

vestments in igh-profile startups that specialize in  precisely contrbconcentrations of reactants in combinatorial te
microfluidics for labon-a-chip applcations. Despite the  ing assays

promise, few commercial implementations have . . o
emerged, leading the community to reflect on the funda-relationships to extrapolate below the lower limit of a
mental measurement challenges that have stalledpreviously calibrated flow meter, typically to the nL/min

progress. range. In pastears, this work has led to a pafrpatent
To address these shortcomings, ITL and PML staff applications and several publications4L N
have adopted an approach ttightly integrates mathe- Recent work has focused on improving the sensitiv-

matical analysis, modeling, physics, and bioengineeringity and accuracy of our devices by redesigning the
to tackle all aspects of the measurement problem simulunderlying optics. In previous designs, rectangular
taneously. Furthering work from FY 2019, seal of us ~ Waveguides perned on the microfluidic chipsrided
continued the development of a pair of flowmeters thatto yield conical laser profiles with diffuse, long tails par-
can continously measure volumetric flow ratesdown allel to the direction of the flow. This diffuse light has
to scales that were previously unattainable. These dethe potential to degrade fluorophores before they reach
vices expose a fluorescent dye to laser light in thethe detection region, effectively redngithe measura-
microfluidic channel. After sufficient dosage, the dye ble signal. To addreghis problem, we have redesigned
photobleaches or degrades; thus, penetratiorhdefpt  the waveguides to have parabble geometries that fo-
the dye into the laser regigminversely proportional to ~ cus light rays parallel to one another, similar to the
the fluid velocity. AsFigure 27, Figure 28, andFigure ~ operation of a parabolic antenna. This yields wefh-
29illustrate, these devices can be operated in one of twdined, stepfunction laser profiles; seBigure28. Initial
modes by using: (i) symmetry breagiarguments to de-  experiments with the flowmeters operating in both
tect departure fronzero flow with a characteristic modes suggest that at least a decade improvement can
uncertainty of 0.1 nL/min; and (i) physitmsed scaling  be obtained with such modifications. Simuwatiand
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Figure 27. Determination of uncertainty in height around zero flow. Microscopy images show fluorescence intensity (green) at difete
near zero flow in wid (A) and narrow (B) channel interrogation regions. The white curve shows a line scan of fluoresesrsity across th
illumination region (along the bottom line of the red box). When flow is near zero, all fluorescein in the channel isl bés@epdor fresh
fluorescein diffusing into the edges of the laser path. Brighter intensity on the kdtlisouindicate positive flow, brighter intensity on the ri
indicates negative flow. Zero flow is a point somewhere between. (C)-Statalfluoresence values from waveguides upstream (equivale
being positioned on the left in the images) andrkiveam (right in the images) of the excitation beam are shown for the two microcl
widths at different heights of the fluid reservoir(e.g., the flowntroller). The equivalent flow rate was determined from the conductance
system (2.5 nL mitt mm1). Inset shows magnification of the critical region and application of threshaldsafid Tarow (Gray dotted lines)
to isolate the minimum ofi¢ signal and determine the height , and corresponding flow, uncertainty (blue dotted lines shoehabnet) red
dotted lines show 100 um channel).

optimization are oigoing to deternrie the waveguide [1] P. N. Patrone, G. Cooksey, andJKearsley.Dynamic
shapes that yield laser profiles closest to the ideal step  Measurement of Nanoflows: Analysis and Theory of an
function Optofluidic Flowmeter. Physical Review Applied1

We have also developed a new, more advanced the-  (2019), 03402.
ory for data analysis of the flowmeteperation. When [2] G. A. Cooksey, P. N. Patrone, J. R. Hands, S. E. Meek,

operating at noszero flow, the concentration of fluoro- and A. J. KearsleyDynamic Measurement of Nanoflows:

phores (whib is proportional to the measurement Realization of an Optofluidic Flow Meter to the Nano-

signal) is accurately modeled by a system of intafifo Iitgr-p;r—(l)vliggte Scale Analytical Chemistry1 (2019),
1071310722.

ferential equations of the form

0 0§ b

® Q6 damm
wherec is the fluorophore concentratiohjs the fluo-
rescence efficiency (fluorescence per input laser power)
, N L isthe dosageis the power'Q, character-
izes the dependence gfhotobleaching on dosage,
6 G & o characterizes the rate of photobleaching on

concentration and the laserprofile shape,

andC ¢ & My is the fluorescence ratePast results

demonstrated thi@is a monotonalecreasing function

of , , which provides the scaling relationship used to per-

form measuremenf{4]. As a calibration step, however,

it is necessary to constr.t),  for a known flowrate by ‘ .
varyingp and fitting a monotone function to thesult-

ing data. To improve the accuracy @luch fitting, we I Excitation

recently proved that under general and physically rea- LR
sonable conditions, the fluorescence efficiet), is

Figure 28. Comparison of laser profiled.eft: an unoptimized

also a convex function of dosage; $égure 29. The waveguide leds to a coneshaped laser profile. Note also that the
main idea behind this proof is to recast the défdial is significant diffuse light away from the main cone as indicate
equation forc as into asecond ordepartial differential the greyscaleRight: A laser profile that uses a focusing strate

akin to a parabolic reflector to achieva neasrectangular prdile.

equation (PDEjn terms of dosageBy extending the Note the sharp edges in comparison to the conical profile

technigue of Piccard iteratioto this PDE setting, we
prove existence and regularity of the solution and deter-
mine the conditions undevhich it is convex. Results

are provided in a recently published manusdBpt
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Figure 29. Process by which the flowmeter is calibrated and usedt: one first fixes a known flow rate and varies the laser power to detel
the bijection EK, . Then, the flow rate can be changed, and the laser power fixed. Mapping the fluorescence efficiency to a dosa
previously determined bijection determinthe flow rateRight: Schematic illustrating how uncertainty can be decreased by kgaat =K
is also a convex function of dosage.

-~

-~ Dosage

—

-~
-

~

[3] G.A. Cooksey, P. NPatrone, J. R. Hands, S. E. Meek, See Figure 30. Fluorescent mecules are advected
and A. J. KearsleyDynamic Measurement of Nanoliter across a channel until reaching a laser, which is suffi-
per Minute Flow by Scaled Dosage of Fluorescent Solu- ciently strong to destroy (or bleach) them on conta
tions. In Proceedings of the 22nd International From a modeling standpoint, the quantity of interest is
Conference on Miniaturized Systems for Chemistry andthe concentration of unbleached fluorophcu iR at
Life SciencegMicroTas 2018), Kaohisung, Taiwan, No-  +ime ¢ at somelocationi (*mm insidethe channel

vember 1115, 2018. ) mBTheevolutionof ¢ i it sgivenby theadvectiondif-
G. A. Cooksey, P. N. Patrone, andJAKearsleyOptical fusionequation

Flow Meter for Determininga Flow Rateof a Liquid. o ~ . o
Tailt odahw? ikt

U.S. Patent Application Number 15/967966, 2017.
P. N. Patrone, A. Q.H. Li, G. A. Cooksegnd A. J. Here O is the diffusivity of unbleachedluorophores,
and 0 is the volumetric flow rate. The normalized

Kearsley. Measuring Microfluidic Flow Rates: Mono-
Poiseuillevelocity profile satisfies 0 ( ¢ QG 'C D

tonicity, Convexity, and Uncertainty Applied Math
Letters112(2021), 106694.
p, andvariesdependingnthecrosssectionageometry
0 of the channel.To simplify the analysiswe consider
steadystatesolutionssatisfying
06wt wifd Csni h
Instantaneoubleachingof fluorophoresproducesa Di-
richlet condition at the laserinterrogationregion, and
channelwalls supply a Neumanncondition forbidding
fluid to leave.Adjacentto the laser,one can derive a
boundarylayer solutionfor the concentratiorthatis ac-
curateup to approximatelya distanceof U oru,
As microfluidic devices become increasingly useful Where U is the nondimensionaPecletnumbermeasur-

tools for metrology, there is need to develop methods tcing the ratio betweendrift and diffusion. As of 6 ©
better characteriztheir properties, e.g. crosectional
shapes and the corresponding impacts of flow dynamics.
From a practical standpoint, $utasks are challenging
due to the small scales involved. Thidimensional mi-
croscopy provides some information but is limited i
resolution, while destructive inspection methods cannot
be used to characterize devices in use. Thus, there is i
need for noel techniques that leverage modeling to ex-
tract information about microfluidic devices in nron
traditional ways.

[4]

Oz ifchivNng
[5]

A Novel Measurement Methodin
Microfluidics Via Boundary Layer
Theory

inns

Joe Klobusicky
Paul Patrone
AnthonyKearsley
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Figure 30. Schematic of device geometry for flowmeter experin

ACMD staff have ontinued work on a project
whose main goal is to use boundary layer theory for
Poiseuille flow to directly visualize the flowrgfile,
thereby indirectly characterizing the system geometry;

Left: Fluid beginning at a source with an initial concentration
fluorophores is advected across a channgil reaching a laser in-
terrogation region, where fluorophoreseaimmediately bleachec
Right: The cross section of the channel, which in general is a 1
ezoid with unknown angles.
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nih the boundarylayer becomesmaller,but the bound- Thermodynamics of DNA Origami
ary layersolutionbecomesnoreaccuratewhichtypical

errorsof 6 U 8 Paul Patrone

Surprisingly, it & possible to show that the bound- Anthony Kearsley
ary layer solution has level sets whose profiles are thergbert DeJaco
magnitude of the Poisetgllflow velocity as a function  Alex Liddle NISTPML)
of position. The general theory for developing such so- 3acob MajikesNISTPML)
lutions for elliptic equations is given in [2]The
appoximation method works equally well for flow in  Understanding the fundamental physical properties of
threedimensional channels with twdimensional  DNA is a critical problem inieengineering. Beyond be-
crosssectional veloities, even if the crossection ge-  ing a basic building block of life, DNA is increasingly
ometry is unknown. This is especially important when finding applications as a material that can be used to
considering that device construction often producespuild bio-compatible microstructuresndeed, the study
channels having trapezoidal cresections of unknown  of DNA origamj the nanoscale folding of DNA to create
dimensions. Sekigure31or a compariso of estimated  arbitrary two- and threedimensional shapes at the na-
velocities and the Poiseuille velocity profile in two di- noscale has the potential to revolutionize
mensions. biomanufacturing by leading to new paradigms that lev-

A critical part of relating the asymptotic theory to erage powerful and robust phenema such as self
reatworld application is the determination of appropri- assembly [1]. Despite this, measurement techniques to
ate parameter regimes in which the boundary layercharacterie the thermodynamic properties of DNA are
estimates are fa#le, and for which device construction hampered by the challenges associated thighstudy
is also within the capabilities of laboratories. With new such small systems: variation in sample preparation, the
capabilities developed at NIST for medsgr slow  need for indirect merements, and large background
flows [1], the boundary layer method for measuring ve- effects that decrease sigiatnoise ratios.
locity is possible under a reasonable collection of To adiress these problesmnACMD and PML staff
fluorophore concentrations and channel length dimen-re collaborating on a project whose main goal is to de-
sions. For future research, we hope to verify this theoryyelop analysis and uncertainty quantification (UQ) tools
and simulations with lab experimis, and also to de-  for widely used measement techniques in the study of
velop estimates from uncertainty quantification which DNA origami. Initial work has focused on measmnent
address potential points of error suchmsge resolu-  of meltcurves, which characterize the degree to which
tion and diffusion of laser light near the interrogation doublestranded DNA separates into two individual
region. strands as a function of temperature. Such measure-

[1] G.A. Cooksey, P. N. Patrone, J. R. Hands, S. E. Meek,Ments are wful for extracting thermodynamic
and A.J. KearsleyDynamic Measurement of Nanoflows:  information and can also be used to detect nurtati

Realizationof an Optofluidic Flow Meterto the Nano- A typical measurement uses a polymerase erein
liter-PerMinute ScaleAnalytical Chemistr1 (2019), action (PCR) machinéo generate data. The protocol
1071310722. uses fluorophores that predominantly emit light when

[2] J.Kevorkian Partial Differential Equations: Analytida ~ the DNA is ina doublestranded state. Thus, ramping
Solution TechniquesTexts in Applied Mathematics the temperature changes the relative fractbsingle
89871 Springey 1990 456-7. and doublestranded DNA, which subsequently affects

the fluorescence signal. In typical systems, however,
small sample sizes and pipetting errors make it vigtual
impossible to repeat experimental conditions, so that ap-
ot | preciable differences inmeasurement signals are
common. Background effects, especially when they are
temperature dependent, add further complications.
To overcome this lack of reproducibility, vdevel-

Velocity
Error

A\ oped a data analysis and UQ strategy that can determine
; j when and to what extetth er e is a HAuni
o0} connecting a collection of similarly prepared samples.
Y camehegt TR et The underlying intuition behind this approach is the
recognition that differences imsple sizes (e.g., due to
Figure 31 Left: Comparison of paraolic onedimensional pipetting errors) should only affect the magnitude of sig-

Poi'sseuillevelocity p_rofile (dotted line) and variation of veloci nal, but not the physics that generated it. Thus, we
estimates a§  ranging from .005 to .3. Al decreases, ve-

locity estimates better approximate the Poisseuille velor pOStUIate that all S|gnaI¥ Y can be related by an equa-

profile. Right: Percent error between estimated velocity al tion of the form
Poisseuille velocity profile.

vV e
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4 forming a doublestranded state. However, bindi of
2.5 210 ‘ ‘ ‘ multiple staples to the DNA can inhibit rirgosing,
which thus has an appreciable effen the fluorescence
2 signal. By varying the relative fractions of staples to
- DNA, it is then theoretically possible to quantify their
§ 1.5 binding kinetics throughhe lowtemperature signals.
8 | However, low signato-noise ratios and baseline offsets
make it dfficult to identify the zero signal, which is nec-
0.5 essary for quantifying the fraction of rings that cannot
close because of competitive staple binding. To addres
0 this problem, we modified the procedure described
280 300 320 340 above to provide Monte Carlo estimates efe based
Temperature (K) on a statistical analysis of samples without DNA. Re-
1r - ) sults of this analysis are described in a recently accepted
- manuscript [4]. Current work is focuden extending
§ 0.8 our results to and widely used class of intercalating dyes,
S 0.6 0.02 which have additiodabackground effects in the pres-
?[\,] ) E ence of singlestranded DNA.
=04 3 [1] J. M. MajikesandJ. A. Liddle.DNA Origami Design: A
% 0.2 How-To Tutorial.Journal of Research of the Nanal In-
= 0.2 ;gl(fmcmun_c (K?SU stitute of Standards and Technold®6 (2020, 001.
0 , [2] P. N. Patrone, A. J. Kearsley, NI. Majikes, and J. A.
300 320 340 Liddle. Analysis and Uncertainty Quantification of DNA
Temperature (K) Fluorescence Melt Data: Applications of Affine Transfor-

mations.Analytical Biochemistr$07(2020), 113773.

Fi 32.Raw FCR data (t d transformed data (bottom). | n .
19ure a ata (top) and transfortmed data (bottor) [3] J. M. Majikes, P. N. Patrone, D. Schiffels, M. Zwolak, A.

spite the fact that the raw data exhibits O(1) relative variation,

transformed signals all agree to within a few percennpwise in J. Kearsley S. Forry, and J. A. Liddle. Revealing Ther-
temperature after data collapse. modynamics of DNA Origami Foldingvia Affine
Transformations.Nucleic Acids Researcd8 (2020),
5268 5280.
N M TEv ™ Tt M p [4] J. Majikes, P. N. Patrone, A. J. Kearsley, M. Zwokakd

J. A. Liddle. FailureMechanisms in DN/Self-asembly:
. ) . Barriers to Single Fold YieldACS Nand.5(2021) 3284
where’(s measurement indeXy “Y is the universal (or 3294

scaled) form of the signal, tté Y are bakground
corrections, and tht  are affine parameters that de-
pend on the measurement signals anaigatiiem all into

agreement with the universal signal. To determine theMetrology for Cytometry
T 1, we minimize an objective function of the form

Paul Patrone
) YN T Anthony Kearsley
R R Geoffrey McFadden

- . o - Danielle Middlebrooks
SN N
whereY ™ is the realization oY ™ generated from Matthew Roberts

V'™ viaan affine transformation in the spirit of Eq. 1. Gregory CookseyNISTPML)
Note that this objective considers all combinations patthew DiSalvoISTPML)
of transformed signals, although it requires tagaa- Jalal SadeghiNIST PML)
tion and the addition of constraints to ensure a-well g;mona SarkaNISTMML)
posed problem. Additional constraintsg eformulated | jji \wang (NISTMML)
in terms of relative errors, can be used to test the feasi-
bility of achieving collapse with a given uncertainty in For morethan 30 years, flow cytometrya technique

the universal signal. THeottomsutplot of Figure32il- used to measure characteristics of chtks, been a main-
lustrates theesult asipplied tathecollection of datasets  stay for cancer detection, drug development, and
in the top sukplot; see also [1] and [2]. biomedical research. It has remained a prity quali-

Recent work has focused on extending these techtative metrology platform however, because
niques to characterize the kinetics of competifDNA  measuremat uncertainties associated with this tech-

interactions. In one such example, a DNA loop can benique are so large. While exact economic figures are
induced by an oligomefistapl® to close, effectively
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difficult to estimate, this has Signal Laser
clearly had a significant impact or out \ ¢ in

the roughly $200 billion ofvaste |1 .

in the healthcare industry and cor 3 _v Regliom 21'

tributed to the broader H ; -

reproducibility crisis in biomedical - 2 -

research [1]. The challenge of | & Ir Regliom Al /A ;
making cytometry an accurate an _ _ _ . '

precise metrological tool arises Figure 33. Microscope image of a cytometer under development. Particles flow from left tc

£ h . . in the central channel. At eachtérrogation regions, an excitation laser causes objects to -
rom. the competlng rEqu'remen resce. The signdillight collected as a function of tinidas furthe analyzed to deduce propertit
that it have high throughpuTypi-  of the objects. The use of separate measurement regions allows for repeat measureimamnt

cal biological samplesanhaveup acterize uncertainty.
to hundreds of millions of cells,
which must be analyzed over a few hours.

To achieve this throughput, cytometers direct cells
through a microfluidic channel at higipeed, past an
optical interrogation region thaollects fluorescence

In addition to this, we have initiated a series of re-
search projecten uncertainty quantification (UQ) for
cytometry. The firsof these aims to identify the relative
contributions to the total uncertainty budget arising from

light from antibodies attached to surface proteins. The preparation of samples, \'/ariations.due to instrument Op-
total fluorescence collected from each cell should then,eratorsand randomness in properties of reagents (which

in principle, be proportional to the total number of mark- are cohm_plc?[x.blpn;arkerls){ The mt:?:n |det<_':1 b|dmu2|a|p_th i
ers on its surface. But in practice, this idealized picture(‘;ro""c.b IS t?w. (|)hor_mu|a_1&f[ a Ima be&e;'ga moffe ¢ a
is complicated by the cumulative effls of the physical escribés the physical Interpiay be ese etlects

phenomena involved: fluidynamic forces cause cells ﬂurlgg th? meatsuremen_t pro::?s(js,;tarld ('R apptly .I'kelt'r']
to move across streamlines and/or have unpredictable ood analyses 1o experimental data 1o characterize the

trajectories; optical geometric collection efficiencies de- relative dc_ontnbu;ll_onst_ of eaah‘fecg T hl?l wo_rtla IIS:S:m_ d
pending on position in the interrogat region; and marized in a publication preparec Jointly wi an

signal acquisitiorand processing tools introduce Aon Fluidigm [2] and has wtivated additional UQ work as-

linear effects and measurement uncertainties throughSOCIated with SAR'S:OV'.Z ant!body testing [3].' .
The second UQ project aims to characterize the his-

discrete sampling. These challenges, in addition to the

complexity of exactly replicating the necessary meas_tory—dependent _pehavpr dbackground effects in-a
urement infrastructure #e micron scale, have made it cytometer. Empirical evidence suggests that debris from

virtually impossible to reproduce measurements on gPrevious measurements can pollute a measurement at

single cell, a necessary first step towards fully assessin
and controlling uncertainties in cytometry. 2
ACMD, PML, and MML staff were awarded a
NIST Innovations in Measuresnt Scienc€élMS) award
to developa microfluidicbased cytometer whose design
explicitly allows control and study of repeat measure-
ments of cells; se€igure 33. Following work in FY ‘ ‘ ‘ ‘
2019, we began testij a new hydrodynamic focing .5 6.6 6.7 6.8 6.9 7
strategy that deposits particles on-ofinter inertial Time
nodes, which are equilibrium streamlines for objects in
flow. Concurrently, we have been developing a classifi-
cation strategy that leverages optimal decision theory t
match objects in differentegions; sedigure 34. Inter-
estingly, this method uses reproducibility (eig. the
velocity of an object) to define the probability of a meas- ‘ ¥ ‘
urement outcome at a downstream interrogation region 5 66 6.7 68 6.9 7
conditioned on an event upstreadmazingly, we find Time
that particle |_dent|f|ca_t|on between two regions can be Figure 34. Schematic of the classification strategy used to m
performed with a typical@uracy of roughly 99.9, events in rgion 2 with those in region 1; see aBigure 33. Given
with more advanced classification methods yielding up the probability density of the tire-flight, we construct a partitior
to an additional decade. These resultstlagesubject of (_shaded intervals) of t_imes in regipn 2. 'Each interval in the p.
a pair of manuipts to be submitted in FR02L More- {20 Seehel et Snde wve B eain L e e b
over, we anticipate having the wolidmost accurate cell  jight-blue domain of the region 2 tirseries is identified with th

coungr by this time next year. first event in region 1; the event in the ligetd domain correspond
to the second event in region 1, etc.

Region 1

Fluorescence
k.

oae

Region 2

0

Fluorescence
.

5
0
6.
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later times, &, if debris is trapped in the system for NMathematical Models for
some time. This crossontamination leads to false sig-

nals that cofounddata analysisTo address this, we are Cryoblology
developing a modeling framework wherein a measure-

ment signal can be modeled via an equation ofdhmf ~ Daniel Anderson

Anthony Kearsley
iRt & &0 & ¢o i James Benson (University of Saskatchewan, Canada)

Cryobiology, the study of biological specimens at cryo-
genic temperatures, plays an enormous role in a wide
range of fields. In the field of medicine, cryobiology is
the basis for cryopreservation in assisteproduction,
organ transplantation, biobanking and personalized
medicine. Cryebanking is used in thagriculture indus-
try as well as for initiatives aimed at preserving rare and
endangered plant and animal species and in the develop-
ment of more produive agricultural vyields.
Applications in forensics arise in the processing and
preservation of frozen blogical samples that are often
important and fragile evidence in criminal investiga-
tions. The breadth and depth of these applications reflect
the conplexity of the biological, chemical, and physical
aspects required to describe and model these problems.
Mathematical and computational models can be used to
probe these complex systems and, in conjunction with
sophisticated control and optimization sclesmcan es-
tablish more effective protocols for cryopreservation.
Cryopreservation of a human cell isarh of bio-
mimicry that attempts to do in the laboratory, or in silica,
what some frog and amphibian species can do naturally.
A cryoprotectant, effaosely an antifreeze, aims to play
the role that substances like glucose play in the winter
preservation b frozen frogs. These cryoprotectants,
which are added to the extcallular environment, help
[1] W.H. Shrank, T. L. Rogstad, and N. Paréltaste inthe ~ to remove water from a cell before cooling, thus reduc-
US Health Care System: Estimated Castsl Potential  ing the likelihood of intracellular ice formation. This,
for SavingsJAMA32215 (2019), 15041509. however, comes at a prideeto the celfs limited ability
[2] L. wang, R. Bhardwaj, H. MostowskP. N. Patrone, A.  to withstand the elevated levels of chemicals, including
J. Kearsley, J. Watson, L. Lim, J. Pichaandi, O. Ornatsky, the naturally occurring salts in the cell, possibly damag-

D. Majonis, S. Bauer, and H. Degheidgstablishing B jng the cell or causing déh by chemical toxicity. Thus,
cell Reference Control Materg@lfor Comparable and

Quantitative Cytometric Expression AnalystéoS ONE
16:3 (2021) 1-18.

[3] L. Tian, E. Elsheikh, P. N. Patrone, A. J. Kearsley, A.
Gaigalas S. Inwood, S. LifGibson, D. Esposito, and L.
Wang. Towards Quantitative and Standardized Sgrolo
cal and Neutralization Assays for COWD
19. International Journal of Molecular Scienc@®:5
(2021), 2723

[4] G. A. Cooksey, A. J. Kearsley, and P. N. Patravelti-
plexed Amplitude Modulation Photometer and
Performing Multiplexed Amplitude Modulation Ptoon-
etry. NIST Docket No. 2837CIP]1 U.S. Non
Provisional Patent Application.

where™ i [t is the probability of a measurement out-
come r as a function of tince 0 i hand6 1 arethe
probabilities of measurementsconditioned on the
sourceseingthe targetmeaswand(0 ) or oneof many
possible backgroundsource 6 , and the € ¢ are
time-dependenhormalizatiorfactorscharacterizinghe
rateof eventsassociateavith anygivenpopulation.The
mainideais to characterizeéhe time-dependencef the
backgroundeffectsby sequentiallymeasuringincreas-
ingly complicatedsamples,e.g, water, followed by
beads,singlecell samples,doublecell samples,etc.
Havingcharacterizethetime-dependencef thefirst &
effects, it shouldbe possibleto subtracttheir relative
contributionsfrom a signalgeneratedvhencharacteriz-
ingthe & p Meffect Work to validate the usefulness
and accuracy of this framewoik on-going.

In addition to this, the IMS project is pursuing sev-
eral related technologies. Wdskin progress to develop
an amplitudemodulation cytometer that can use a single
detector to collect all measurement signals, which can
be demuiplexed via signal processing. This has led to
a provisional patent application [4]. We have also been
pursung related projects on signals filtering and device
optimization. Future work aims to introduce live cells
and perform repeat measurements ofrthepperties.

Figure 35. Spherical cell inside &quid-solid structure.
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the maintenance of a viable cell during cryopreservationobjedive functions in [4] with provide a measure of

is complicated bywo primary factors. Cooling the cell
too quickly increases the likelihood of intracellular ice
formation and cell damage or death while cooling the
cell too slowly can overexpose the cell to high solution
concentrations and lead to chemical toxicity.
Mathematical modeling in cryobiology thus re-

both intracellular undercooling and chemical toxicity.
These control functions appear more suited to deriving
cooling protocols than previously employed toxicity
functions [5].

The mathematical models andmputational algo-
rithms established in this foundational series of papers

quires a detailed understanding of thermal and chemica|1-4] will be the launching point for a control and opti-

transport in bulk phases as well as across apsFmee-
able cell membrane. Additionally, phase transformation
of these multicomponent solutiorisphenomenahat
link cryobiology to a wide range of other fields from ge-
ophysics to industrial materials processingust also

be included. Cryopreserving a ketquires a delicate

mization study to develop improved cryopreservation
cooling strategies. The central role played by phase
transformation of mlticomponent systemsaig with

the underlying mathematical descriptions links these
cryobiological processes to related ones that occur under
vastly different conditions in geophysics and industrial

balance between two competing damage mechanismanaterials processing [6]. Further cryobiological model-

and thus a delicate optimizatioroptem. In this project
we are exploring foundational aspects of biochemical
and physical modeling in cryobiology, computational
methods for the soludn of these models, and applica-
tions of these ideas to cryopreservation of cells.

The focus of [1] wasat establish the foundations of

ing efforts will build o this knowledge to address

warming and/or melting phenomena along with the as-

sociated optimal protocols.

[1] D. M. Anderson, J. D. Benson, and A. J. Kearskyun-
dations of Modeling in Cryobiology I: Concentration,
Gibbs Energy, and l@&mical Potential Relainships

the chemical thermodynamics necessary to describe
transport processes during cryopreservation. This work
formulated chmical potentials and related thermody- [2]

Cryobiology 69 (2014) 349360. DOI: 10.1016/j.cryo-
biol.2014.09.004

D. M. Anderson, J. D. Benson, and A. J. Kearskaun-

namics quantities for nedilute and nofideal
multicomponent solutias of experimental and theoreti-
cal interest to cryobiologists. Next, the multiphase,

multi-species transport equations were developed alongfs]

with a corsistent characterization of cell membrane dy-
namics and soliiquid phase transitions [2]. A critical
aspet of our work was to obtain, from first principles,

mathematical models that address both spatial and temr4]

poral dynamics of chemical species and hesatsport.
Various aspects of the freezing of a spherical biological
cell (seeFigure 35 were addressed in [3] and [4].
Based on a numerical algorithm outlined 4}, jwe ex-
plored in [3] the evolution of the thermal fields in the
solid, liquid and intracellular regions along with the con-
centration of cryoprotectant and the intand extra
cellular salts (seBigure36). These studies incorporated
the effects of confinement and partial solute rejection,

which had not previously been examined in cryobiol- 6
ogy. These observations led to the development of

1.0 p—

dations of Modeling in Cryobiologyl:l Heat and Mass
Transport in Bulk and at Cell Membrane and-ligeid
Interfaces. Cryobiology 91 (2019), 317. DOI:
10.1016/j.cryobiol.2019.09.014

D. M. Anderson, J. D. Benson, and A. J. KéaysFoun-
dations of Modeling in Cryobiology Ill: Heat and Mass
Transport in a Ternary Syste@ryobiology92 (2020),
34-46.DOI: 10.1016/j.cryobiol.20189.013

D. M. Anderson, J. D. Benson, ad J. KearsleyNu-
merical Solution of Inward Solidification of a Dilute
Ternary Solution Towards a Seqérmeable Spherical
Cell. Mathematical Bioscience816 (2019) 108240.
DOI: 10.1016/j.mbs.201908240

J. D. Benson, A. J. Kearsley, and A. Z. Higgikkathe-
matical Optimization of Procedures for Cryoprotectant
Equilibration using a Toxicity Cost Functio@ryobiol-
ogy 64 (2012) 144-151. DOI:
10.1016/j.cryobiol.2012.01.001

D. M. Anderson, P. Guba, and A. J. Wells. Mushy Layer
Convection. In review.

(5]
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, and C) and cell radius tawmol(bold solid curve, plots D, E, and F

along with the solid and liquid phase temperature, liquid CPA concentration and salt concentration (plots A, B, and @efgsped the
intracellular temperature, CPA concentration and salt concentratiortf E and F, respectively).
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Model Performance Predicting Pure 8 8
Triglyceride Thermodynamic /\)LAI/\M
Properties N

Anthony J. Kearsley

Arun S. Moorthy (NIST MML)

Julia Seilert (Bchnische Universitat Berlizermany
Eckhard Floter (Technischd. Berlin, Germany

Consisting of a glycerol backbone with three fatty acids Figure 37. An example structure drawing of a triglyceride mc
attachedseeFigure37), triglyceridesprovide structure ~ cule; the most common constituents in dietary fats (guger,
and function to vegetable aadimal fats which playra ~ Mar9afines. oils)
important role in food science and engineering. Melting
and solidification of fats in muktomponent systems di-
rectly impacts product characteristics such as melting o .
range and solipphase composition. These compounds Mass Spectral Similarity Mapping
are also @rimary element of stoseof adipose. Triacyl- Applied to Fentanyl Analogs
glycerols form an important part of the human diet
serving as an energy source when stored in fat tissue%\nthony J. Kearsley
They provide thermal and mechanical protective layersyy, Gary Mallard (NIST MML)
surrounding important organs. Their primary source  aryn s. Moorthy (N\ST MML)
the human diet ardmt oils. , -, William E. Wallace (NIST MML)

There is a significant interest in predicting how
these fats melt, as this has a tremendous effect on stotzompound identification is a fundamental task in foren-
age/transportation and commercial viability of food sics chemistry. A common tool of this process is mass
products that contain fats (i.e., almost all food products).spectral library searching. That is, given a database of
Thus, building mathematal models that accurate pre- mas spectra of knownompounds and a mass spectrum
dict fat melting on the product development cycle can of an unidentified compound (analyte), mass spectral li-

have a significant economic impact on the food. brary searching seeks to identify the analyte by
Together with Technische Universitat Berlin, we calculating similarities/dissimilarities [6]. Typically,
have begun investigating mathematical model fits, per-mass spectr al i braiptoearchisg

formance, and predictivepower when imposing  of likely compound matches. Ideally, top hits will pro-
thermodynamic constraints on the predictions. Two ap-vide an analyst adequate information to correctly infer
proaches to ensure thermodynamic consistency werghe identity of an analyte.
evaluated. Firstly, a parameter set obtained by using a |t is important to note that the eventual classifica-
constrained optimization procedure enforcing physi- tion of the analyte is still a human téiskhe buren of
caly reasonable predictisnwas evaluated. Secondly, identification resides with the analyst. This is of partic-
model parameters were derived by optimization to aylar interest in forensic chemistry applications. For
subdataset containing exclusively thermodynamically example, incidents of opioid abuse continue to grow,
sound data, that is, data that already satisfied thel’mOdyreading to a rise of fentanyl and related analogsKape
namic constraints. The dataset we employedtained  yre 38) with fast onst and high therapeutic indexes [1].
data spanningearly three decades of food science re- Forensic practitioners struggle to provide confident
search, originating from various references. This led tojdentifications when encountering novel designer fenta-
a dataset of variable quality. An interesting subset weny| analogs.
also examined, the wedtudied subset of morarid sat- To aid in thisactivity, a natural extension to tradi-
urated TAGs, offered anaghthermodynamic constrsa  tional mass spectral library searching ismgedeveloped
that predictions should possibly satisfy. This constraintthat, in addition to returning a hit list of database entries
arises from the evolution of incremental enthalpy of fu- with similar spectra to the analyte spectrum, generates a
sion and entropy of fusion per carbon. The effect thismap of spectral similarity between thiellst mass spec-
constraint has on the model performance is currently betra themselves. The map can then be scrutinized using a
ing evaluated. variety d numerical techniques. The objective of this
Regrettablyour study was cut short, in part due to extension is to provide analysts with additional infor-
the pandemic. We plan to continue this research in 2021mation which can improve confidence in identifying



Summary oActivities for Fiscal Year 2020 57

along with the spectrum for the molecule fentanyl, con-
tained in the Scientific Working Group for the Analysis
of Seized Drugs (SWGDRUG) Mass Spectral Library
version 3.3[3] can be used to form a reference g

comparisons.
/G Preliminary results suggest the notion of using a
map rather than just a hit lishe be very useful in anal-
o ysis. Using Type | fentanyl as an example, a reference
I set can be generated. In an attempt to classify com-
d pounds, the hybrid similarity match factof3] are
exclusively used to approximate spectral similarity
when generating magsgether with multidimensional
Figure 38. Molecular structure offentanyl with potential sitefer scaling (MDS) [4], which is a procedure for representing
modification(as interpreted bYDEA guidelines [2]) labeled. d|ss|m||ar|ty among pairs Of Objects as distances be-
tween points in a lowdimensional space while
analytes, and, may eventually lead to automated classipreserving correlations from the original data as best as
fication with quantifiable uncertainty. possible. Umg MDS to project the Type | fentanyl an-
Fentany analogs can be classified by the type and g4 dissimilarity matrices down to two dimensions, one
location of the structural modifications by which they ~an visualize more easily as seenFigure 39, which

differ from a fentanyl molecule. The defined modifica- jjjystrates the spectral similarity space of the Type | fen-
tion sites and structural scaffold are an |nterpretat|ontany| analog referercset using nemetric MDS.

derived from the definitions provided in [2].n®@ inter- _ _

esting notion is that of fentanyl analog type indicating [l J- B. Morrow, J. D. Roperdliller, M. L. Catlin, A. D.
the number of structural locations (modification sites) ~ Winokur, A. B. Cadwalladed. L. Staymates, S. R. Wil-

. liams, J. G. McGrath, B. K. Logan, M. M. McCormick,
thatan analog differs from thenolecule fentanyl. For K .B. Nolte, T. P. Gilson, M. J. Menendez, and B. A.

example, Umethyl fe_:ntgnyl is considered a Type I Goldberger. Th Opioid Epidemic: Moving Toward an
fentanyl analog, as it differsom fentanyl at a single Integrated, Holistic Analytical Responskurnal of An-
modification siteType Il analogs have modifications in alytical Toxicology43:1 (2019), 19.

two locations, and so forth for Typ#s-V. The spectra 5 pederal Registe83:25, February 6, 2018, 5188192.
and structee information for all Type | fentanyl analogs,

,,,,,, Group 3
FENTANYL e 7 9‘.“-. Group 1
o~ 37 e~ - p .
= 72 @& 1 7 ; )
MODSITE A m_,«" - Group 2 ) i --.,_“
18" 1F " . 3 25,:"}#1_:
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Figure 39. Spectral similarity space of the Type | fentanyl analog reference set visualizedmetrammultidimensonal scaling of dissimi-

larity matrices generated by hybrid match factors. Epoimt in the spectral similarity space represents a spectrum of a molecule ar
coloring indicates at which modification site it differs from fentanyl (labeled 13, in redupS 13 were discovered throughrkeans clus-
tering of the spectral similaritgpace data, with bold black dots indicating cluster centers and dotted outlines indicating the 50 % (inn«
95 % (outer) confidence ellipse around each center
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[3] SWGDRUG Mass Spectral Library version 3.3. URL ion abunénce. One piece of information often sought

https://swgdrug.org from mass spectra is an estimate of molecular mass.
[4] A. S. Moorthy, W. E. Wallace, A. J. Kearsley, D. V. Recently we developed and compared three differ-

Tchekhovskoi, and S. E. Stef@ombining Fragmerfon ent conputational methods for predicting the nominal
and Neutral.oss Matching during Mass Spectral Library - molecular weight of a compound from a mass spectrum.
Eleamhllrllg ANeW(?e”?Fa“rpose Allgorltlhmr;é\ppllca- The first of the three methods compared was the so
e to lllicit Drug Identification. Analytical Chemistry PP 5 .
- called ASimple Methodoto which fo
89:24 (November 20, 2017), 13268268, interpret spectral peaks. It requires only a sp@ctin

[5] A.J.Kearsley, R. A. Tapiand M. W. Trosset. The So- ; :
lution of The Metric STRESS and SSTRESS Problems in order to produce an approximate nominal molecular
g ht sec&ethorgethod refer

Mul tidi mensi onal Scaling Ml?slnogd Newt%n | f
Computational Stattics 13:3 (1998), 36D396. NS te s |t | er e 3 ‘i ts o a
[6] A. S. Moorthy and A. JKearsley. Pattern Similarity search [2] to generate a molecular weighediction

Measures Applied to Mass Spectn Progress in Indus- with an assigned probability. This methwhuwes a

trial Mathematics: Success Stories: The Industry and the SPECtrum and a reference spectral library to estimate a

Academia Points of VieyM. Cruz, C. Parés,and P.  hominal molecular weight. A final method, known as

Quintela,eds) ICIAM 2019, Valencia Spain. 434. the fAlterative Hybrid Searcth Me
hybrid librarysearches [34] of a given mass spectrum,

before it generates a nealular weight prediction and an

assigned probability.

Predicting Molecular Information In our study we observed that the hitlist method
(86 % success rate) outperformed the simple¥@and
from Mass Spectra iterative hybrid (68%) for correct idenfications in a
Anthony JKearsley global assessment. Of course, eachhoetequires dif-
Arun S. Moorthy (NIST MML) feren_t amounts of mformatlon to be emplqyed and.there
Gary Mallard (NIST MML) are important applications, like foren5|c_ chemistry,
William E. Wallace (NIST MML) where one method may be more approprlate than an-
Stephen E. Stein (NISTML) other. Some results are sumimad inFigure40where

the keft portion reports results from the hitlist method
Measuring the characteristics of individual molecules or @nd the right on the iterative hybrid search method for a
compounds is fundamental to modern indasaind ap-  collection of 10410 test spiea from [5].

plied chemistry. One of the most commonly employed 1] J. T. watson and O. D. Sparkmantroduction to Mass
measurement techniques is mass spectrometry, where Spectrometry: Instrumentatipipplications and Bate-

molecules or compounds are converted iots that are gies for Data Interpretation. John Wiley & Sons, 2007.
controlled with external electric and magnetic fields [1]. [2] s. E. Stein and D. R. Sco®ptimization and Testing of
Typically, these ions are theletected electronically, re- Mass Spectral Librargearch Algorithms for Compound
sulting in the output of a mass spectrum, most Identification.Journal of the American Society for Mass
commonly visualized as a bar graph, in which each bar ~ Spectrometry5:9 (1994), 85%866. DOI: 10.1016/1044
represents an ion hagjra specific mast-charge ratio 0305(94)87008

(m/z) and the height of the bar or peak indicating relative
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Figure 40. Summary of performance results for molecular weight prediction algoritHitisst Method(left) and Iterative Hybrid Search Methoc
(right). The Hitlist Method predicted molecular weights with computed probability greater tB4B8628 examples) were correct more thar¥®9
of the time The Iterative Hybrid Search predicted molecular weight with agetp probability greater than 0.8 (113 examples) were accur
~99%.
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[38] A. S. Moorthy, W. E. Wallace, A. J. Kearsley, D. V. concentrations. Also, by leveraging semiconductor pro-
Tchekhovskoi, and S. E. Steil@dombining Fragment lon  cessing techniques, measurements with FETs can be
and Neutral.oss Matching during/lass Speca Library  made massively parallel, cesffective, and portable.
Searching: A New Generllurpose Algorithm Applica- A Bio-FET is a thre¢erminal device as represented
ble to lllicit Drug ldentification.Analytical Chemistry in Figure 41. A semiconductor channel between the

894 (2017), 1326413268. DOI: 10.1021/acs.anal- . . .
chem.7b03320 source and drain terminals conducts a current that is

[4] M. C.Burke, Y. A. Mirokhin, D. V. Tchekhovskoi, S. p.  Strongly modulated by an electrostatic potential applied
Markey, J. L. Heidbrink Thompson, C. Larkin, and S. E. 0 the gate. Biomarksrin aqueous solution exhibit a
Stein. The Hybrid Search: A Mass Spectral Library Well-defined electrostatic surfagmtential [10] arising
Search Mthod for Discovery of Modifications in Prote- from charged hydrophilic residues that interact with wa-
omics.Journal of Proteome Researth:5 (2017),1924 ter. When these molecules adsorb to receptor sites
1935.DOI: 10.1021/acs.jproteome.6b00988 confinedtotheBiF ETO6s fl oor , they st

[5] S.E. SteinNIST/EPA/NIH Mass Spectral Library (NIST  the channel current proportionally to the magnitude of
17) and NIST Mass Spectral Search Program (Versiontheir surface pential. This phenomenon allows Bio
2.3) User Manual2017. FETs to be used to detect and quantify adsorbed bi-

[6] A.S.Moorthy, AJ. Kearsley, W. G. Mallard, W. E. Wal- omarkers in solution. Furthermore, functionalizing the
lace and S. E. Steirnferring the Nominal Molecular  Bio-FET, by attaching molecules to the gate acefthat
Massof an Analyte from Its Electron lonization Mass have a high inherent affinity for biomarkers of interest,
Spectrum n preparation allows measurements with high specificity.

An accurate timalependent model that couples
transport dynamics to kinetic processes at the surface is
needed to identify key parameters assedatith Bio
FET experiments, such as kinetic coefficients and diffu-

Modeling for Biological Field-Effect

Transistor Measurements sion constants. Although BIBETs measure the time
dependent change in current, and are thus dynamic ex-
Ryan M. Evans periments in nature, most previous modeling efforts
Anthony Karsley assume a steady distribution obfriolecules immobi-
Arvind Balijepalli (NIST PML) lizedtotheBieFETO6s fl oor anriingf ocus
The ability to tailor therapies to individuals or specific
subsets of a population to deliver personalized care ha 0~0.000C0 _ 0.0
: ; ; -~ 0 o Q

the potential to fundamentally improve healthcare deliv- oo.0 .0 00 o0
ery. The most promising therapeutic caradéfor such 0 0% 00p@p0 o
targeted care are new classes of biologic drugs based ¢ OE“ 0p0oQo _00p© .;~.":'
naturally occurring molecules, made possible due to . f-_; GD 0% 00qg Q cflo C}O O
rapid advances in genomics and proteomics [1]. Im- O "o © o0 90 %%p0 i:'ﬂéJ
portantly, such therapies can be safer and yield bette |"“"™** o © 0 @ o '?_}'*‘r o
outcomes at lower doses whieeating debilitating con- : - Ak Y

. . . Hoiipoe = os ] == [lyaii
ditions such as diabetes, or cer

cancers [2]. Unfortunately, widespread use of personal- Semlconductor channel
ized care is currently limited by our ability to routinely
measure pathology in individuals, including biomarkers,
mefabolites, tissue histology, and gene expression.
Moreover, existing clinical diagnostics are cumbersome,
require specialized facilities, can take days to weeks tc
perform, and are in many cases prohibitively expensive.
To overcome such problems researcherge de-
veloped new portable detection tools, including
antibodybased lateral flow assays [3], microelectrome-
chanical sensor (MEMS) based resonators that car g
detect binding of biomarkers to the sensor surface [4],
surface plasmon resonance [5], ring caviéonators
[6], and electronic measurements with biological field
effect transistors (BI-ETs) [4 9]. The latter are partic-
ularly well-suited for biomarker measurements due their
high charge sensitivity and direct signal transduction, al-
lowing labelfree meaurements at physiological

Figure 41. Schematic of a B{&ET experiment

Figure 42. Schematic of a B{&ET experiment
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Bound Streptavidin Concentration
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Figure 43. Spacetime curve of reacting species concentrati
Here x representthe dimensionlesspaial variable and «repre-
sentsthe dimensionalemporal variable

equation that describes the evolution of thetiag spe-
cies concentratianThrough a Laplace transform and
tools from complex analysis, this coupled set of equa-
tions has been reduced to a single nonlinear integro
differential equation (IDE) in terms of the reacting spe-
cies concentration. Though this equation exhibits a
singular onvolution kernel that approaches nify at a
rate proportional tpj Moasoapproaches 0, a numerical
solution to this equation has been developed which
achieves greater than firstder accuracySeeFigure43
for a spacdime curve that depicts the numeri¢dBIE
solution, andrigure 44 for strongevidence of conver-
gence ataratef ) Y08 intime, despite the singular
convolution kernel.

To compare the numerical solution of the IDE with
experimental data, stochastic regressicas employed
to separate signal from noise in Bf&T measurements

[16]. This involved modeling th8io-FET signal as a
Temporal Convergence stochastic differential equation that has a deterministic
-9 term and a stochastic term:
#* error . .
y = —1.4612z + 3.9281 A o0 Oow Qo woQwh
O T8

The coefficientsédy 6 héd o fand & & were deter-
mined using a local weighted regression anaximum
likelihood estimation as described in [1&jigure 45
shows an overlay of the easured signal and the iest
mated deterministic component of the sigral

M ®W O o 0w QoParameters were estimated using
-7 a trust region method implemented as Isgnonlin() in
MATLAB. The results are shown iRigure 46, which
demonstrates that our IDE model exhibits excellent
agreement with experimental data.

Current work centers on optimal design. The signals
shown inFigure45 and Figure 46 are functionof de-
charge transport through the semiconductor [11, 12].sign variables, such as the biochemical gate radius,
Such models are useful for elucidating semiconductorsolutionwell radius, height of the solutienell, and re-
physics but cannot utilize tirrdependent measurements Cceptor concentration. To maximize diffusive flux into
to estimate parametenssociated with Bi6ET experi-  the surface it is desirable to make the receptor concen-
ments. One could ostensibly useastgstate data to tration and hchemical gate rads as large as possible,
estimate binding affinities as Edwards discusses in [13]but this comes at the cost of increasing a signal distor-
in the context of surface plasmon resonance biosensofion effect discovered in [15]. The presence of other
experiments, but this requires multiple experiments todesign variables such as the solutiegll radius and
obtain accurate estimates and yields only the ratio of theheight further complicate this highly nonlingaoblem.
association iad dissociation rate constants. A dynamic To reconde these two competing objectives, we are in-
model can utilize measured tirseries data from a sin-  vestigating formulating the problem using the Van
gle experiment to estimate not only kinetic coefficients, Stakelberg approach described by Lions [E8)lowing
but also other important parametsush as diffusion co-  the ideas of [18], our future work will study competitive
efficients. binding kinetics at the surfathrough a PDE

We presented a time dependent middeBio-FET constrained optimization approach.

experiments in [14], which quantified the evolution of [1] K. Fosgerau and T. Hoffmann. Peptide Therapeutics:

the reacting species concentration in presence of a con-" cyrrent Status and Future Directiomug Discovery
tinuous and uniform injection of ligand at the top Today20 (2015), 122128.

boundary. Recadly, we have developed a mathematical [2] B. K. Binukumar, Y-L. Zheng, V. Shukla, N. D. Amin,
model for a sealed experintén which a drop of ligand P. Grant, and H. C. Pant. TFP5, a Pepfrived from
is injected at an instant of time [15]. This model takes
the form of a diffusion equation coupled to a nonlinear

log(M)

Figure 44. Error in infinity norm as a furion of the number o
points in time M.
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[8] P. Mohanty, Y. Chen, X. Wangyl. K. Hong, C. L. Ros-
enberg, D. T.Weaver, and S. Erramilli. Field Effect
Transistor Nanosensofer Breast Cancer Diagnostics.
arXiv:1401.1169q-bio.QM], 2014.

—— True Signal [9] F. Pouthas, C. Gentil, D. Cote and U. Bockatm. DNA
—— Estimated Signal Detection on Transistor fays Following Mutatiorspe-

True Signal vs. Estimated Signal
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01 cific Enzymatic Amplification.Applied Physics Letters
84:9 (2004), 15941596.
0.05 [10] A. Cardone, H. Pant, and S. A. Hassan. Specific and Non
Specific Protein Association in Solution: Computation of
0 Sdvent Effects and Prediction of FirBincounter Modes
for Efficient Configurational Bias Monte Carlo Simula-
tions. The Journal of Physical Chastry B 117:41
-0.05 (2013), 1236612374.
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¢ [11] S. Baumgartner, M. Vasicek, A. Bulyha, N. Tassotti, and
C. Heitzinger. Analyis of FieldEffect Biosensors &ing
Figure 45. An overlay of theneasured signal (labeled true), ai Self-Consistent 3D DrifDiffusion and MonteCarlo
the estimated deterministic component of the signal found thr SimulationsProcedia Engineerin@5(2011), 40700410.
stochastic regression (estimated signal) [12] C. Heitzinger, N. J. Mauser, and C. Ringhofer. Multiscale

Figure 46. An overlay of thepatially averaged solution to our ID

(3]

_ o Modeling of Planar and Nanowire Fieddfect Biosen-
§ B Versus Y sors.SIAM Journal on Applied Matheatics70:4 (2010),
1635 1654

[13] D. A. Edwards. Estimating Rate Constants in a Convec-
tion-Diffusion System with a Boundary ReactidMA
Journal on Applied Mathemati@&3:1 (1999),89-112

[14] R. M. Evans, A. Balijepalli, and A. J.d&rsley.Diffu-
sionLimited Reaction in Nanoscale Electronics.
Methods and Applications of Analy$6:2 (2019), 149
166.

[15] R. M. Evans, A. Balijepalli, and A. J. Kearsley. Transport
Phenomena in Field Effect Transisto®&AM Journal on
0,05 Applied Mathematis 80 (2020), 2586 2607.

0 2000 400 600 [16] A. J. Kearsley, Y. Gadhyan, and W. E. Wallace. Stochas-
¢ tic Regression Modeling of Chemical Spectra.
Chemometrics and Intelligent Laboratory Systet9

model together with the deterministic componethefsignal. (2014), 2632.

[17] J. L. Lions. Hierarchi€ontrol. Proceedings Mathemati-
P35, a CDK5 Neuronal Activator, Rescues Cortical Neu- cal Science104:1 (1994), 295304.
rons from Glucose ToxicityJournal of Alzheimés  [18] A. J. Kearsley, J. W. Tolle and P. T. Boggs. Hierarchical
Disease39:4 (2014), 899909. Control of a Linear Diffusion Equation. Ibarge-Scale
P. K. Drain, L.Gounder, F. Sahid, and M. Moosa. PDE-Constrained Optimizatian_ecture Notes in Com-
Rapid Urine LAM Testing Improves Diagnosis of Expec- putational Science and Engineeri®@(2003).Springer,
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ture 421(2003), 925928. Precision medicine is an innovative approach to
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all model which can fail to account for significant dif- L (1a)
ferences between patients. The former offers superiol f;(’.l-.u)—u. (1)
treatment at lower doses eih treating onditions such

as Alzheimefs disease and certain cancers [1]. Alt- ,
hough precision medicine shows great promise, ac(s,0.t)=cix,0,¢) - M{ /l" /j(f;,tr""“"’F”")%(M{—,—)ri,—rlr/
persistent hurdle to widespread adoption has beenalac .. .. . iy

of low-cost and accurate biomarker measurements. A +3.2[ [ ot o) ar
class of novel meditaliagnosticinstruments known as e _

biological field effect transistors (BiBETs) are being el A b L l"@"”}'
developed by engineers at NIST, and promise to over-

come these difficulties by offering lomost, accurate, andg ¢irfo satisfies the Neumann problem on a rec-
and portable measurements on a rapid time scale. Thitangle subject to appropriate initial data. All of the
tecmology couldextend accessibility of personalized constants appearing in (1) are dimensionless and posi-
care domestically, as well as to the challenging medicakjye, and their descriptions aras follows: O is a
treatment landscape in developing countries where low gimensionless diffusion coefficient, representing the ra-
cost and portable poiutf-care diagnostics are desper- g of the diffusive time scale to the reaction time scale;
ately needed to accurately diagnose dlelting diseaes s the aspect ratio, representing the solutie

where

(1c)

like tuberculosis. o height to diametei® is the ratio of the biochemical gate
These instruments posses cylindrical geometry  giameter to the soluin well diameter; anG the equi-
that exhibits azimuthal symmetry, and a ®imen-  |iprym dissociation rate constant, which represents the

sional crosssectional schematic of the instrument has i of the time scale for dissociation to the time scale
been depicted iRigure41. During a typical experiment ¢4 association. The parameter Da is the Déinfir
chemical reactants are injected at the top of a solution n,mper, and this key parameter that represents the reac-
well. The reactants then diffuse throughout the well, o velocity to diffusion velocity. The magnitude of the

onto the surface to bind with other chemical reactantspsmishler number determines whether kinetic dynam-
immobilizedto a region known as the biochemical gate, j.s on the surface are reactitimited or diffusion

which physically connects the ®gators to a semicon- i nitad. The_ ¢ ‘o are eigemalues associated

ductor channel. Kinetic interactions on the b?ochemical with an eigenvalue problem Laplace transform space.
gate modulate current flow through the semiconductor,\ye invite the reader to consult [3] for a more detailed
resulting in a timedependent signal such as theeon jiscussion and numerical values.

shown inFigure46. A significant challenge to finding a numerical ap-

An accurate tim@lependent ntaematical modelis  ooyimation to (1) is posed by the singutamvolution
necessary to make critical diagnostic decisions on 3kernel

guantitative basis, and until recently such models were

such models were unavailable. This problem was ad- .
dressed when Ryan Evans and Anthony Kearslelyeof t —Q 7 P ¢ Q 7 h ¢
ACMD teamed up with ArvindBalijepalli to develop

the first class of dynamic mathematical models con-which may be identified as a thiatder Jacobi theta
sistent with device physics. The researchers firstfynction [2, Eq. 20.2.3]. An examination of the behavior
developed a mathematical model for an experiment inat the origin shows that this series divergeso ag-
which chemical reactants are injected continuoaslky proaches zero from the righhlthough this does not
uniformly along the tojpoundary, and it was shown that pose a problem analytically, a form recamenable to

this model affords insight into count@ntuitive instru-  nymerical discretization is found by applying Poisson
ment dynamics that are extremely difficult to observe symmation formula [2, Eq. 1.8.14] to show

experimentally [4]. Evans, Balijepalli, anHearsley o

then decided to model an expeeint in which chemical Gt | - [6{A o 7
reactats are injected during an instant in time, rather § o

than in a continuous and uniform fashion. The latter sce- i ) )

nario is far more complex, because asymptotic analysi<Since the righhandside of (3) diverges at a rate pro-

used in the former scenario can no longer be used to simPortional top71o & idapproaches zero from the right, it
plify the problem. Mathematically, thimeans finding ~ May be shown that by substituting (3) into (1c) that this
the solution to a dynamic nonlinear partial differential €quation may be regularized and athodof lines ap-
equation (PDE) that contains a discontinuous boundaryProximation may be developed that enjoys outstanding
condition. Evans, Kearsley, and Balijepalli were able convergence rates § Y67 ) in time andl Y0) in

to solve this problem by reformulating the govieg space. Thio ¥¢ 7 )reduction from the usu Yo ) di-
equations in terms ofnaintegrodifferential system: rectly results from the inverse square root behavior of

the convolution kernke

(0]
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While (3) shows that the leftandside behaves like Quantifying Flows in Time-

pj M0 aso approaches zero from the right, this may not . .
obviousa priori. We can elucidate this matter by using Irreversible Markov Chains:

the Mellin transform [2, Eq. 1.14.32] to develop an as- Application to Budding Yeast Gene

ymptotic eypansion of the lefhard-side of (3). Indeed, Regulatory Network
taking a Mellin transform of the singular component of

the lefthandside of (3) yields Danielle Middldorooks
30 -ci Geoffrey McFadden
! C & 00 T Maria Cameron University of Marylan)l

., i . Gene Regulatory Networks (GRNs) are a powerful mod-
for2 i p7c, where the gamma function and Rie-  g|ing tool for celiular processes that can reduce the need
mann zeta function are defined as in [2, EqQ. 5.2.1] andyg egtimate the large number of parameters required for
[2, Eq. 25.2.1] respectively. An asymptotic expansion is 4 general kinetic modeBRNs consist of (i) nodes, each
found by integrating along a large rectangular co.ntour iNof which may be in one of two séa, active or passive,
the complex plane that enclogeépoles of (4), aplying  (iiy two types of directed edges representing activation
Cauchys residue theorem, and substituting the resulting ;- deactivation, and (iii) a set of transition rules. Any
expression into the leftandside of (3) to obtain GRN with N nodes has a orte-one mapping to a dis-

cretetime Markov chain with2V states, which is
C ¢ o 0 typically timeirreversible. In order to quantify the dy-
0 namical evolution of the system, we develop a
methodology within the framework of Transition Path
asoapproaches zero from the right. It is interesting to Theory (TPT) for the efficient description of the trans
note that this expansion is asymptotic only, which posestion process from a startirsgate to a target state. TPT is
no problem analytically [5]. Since the righandside of 3 powerful tool for the analysis of transitions in Markov
(3) possess an asymptotic expansion identical to (3) as chains between two disjoint subsets of states and can be
approaches zero from the hig these two expressions ysed to analyze efficiently both discréime and con-
exhibit the same asymptotic behavior at the origin. tinuoustime Markov chais originating from GRNS.
These findings are currently being prepared for We have applied the proposed methodology to a
publication There are still many teresting questions  pudding yeast cell cycle GRN with two types of transi-
associated with Bid-ETs to address, and among them tion rules, deterministic or stochastic, and have
include optimal desig and using stochastic regression demonstrated that the stochastic model is notably more
to find optimal window sizes. robust with respect to edgemovals. Our analysis sug-
[1] B.K.Binukumar, Y-L. Zheng, V. Shukla, N. D. Amin, 9€sts that random factors provide compensatory
P. Grant, and H. C. Pant. Tfp5PaptideDerived from mechanisms for the cell cycle to proceed even if one of
p35, a cdk5 Neuronal Activator, Rescues Cortical Neu- the essential proteins/protein complexes is dysfunc-
rons from Glucose ToxicityJournal of Alzheimés tional. A Markov chain originating from a GRN is
Disease39:4 (2014, 899 909. typically irreversible, ad the graph it induces is dic
[2] F.W. J. Olver, A. B. Olde Daalhuis, D. W. Lozier, B. I. We replaced the effective current along each edge by an
Schneider, R. F. Boisvert, C. W. Clark, B. R. Millér, acyclic current and offered an algorithm for calculating
V. Saunders, H. S. Cohl, and M. A. McClain, édtST  jt. The acyclic current induces an acyclic graph whose

Digital Library of Mathematical Fu_nctions Release trajectories start in one subset, A, of the networkram
1.0.28 of 202609-15. URL: https://dimf.nist.gov/ until reaching a sinkhat necessarily belongs to a dis-

[38] R.M.Evans, A. Balijepalli, and A. J. Kearsley. Transport joint subset, B.

Phenorrllena in Bilglogical Eield Effect Transistof1AM Recenefforts have focused on improving the com-
Journal on Applied Mathematic80:6 (2020, 2586 putational efficiency of the original algorithm. The
2607.DOI: 10.1137/19M1255495 C !
N - ] applicability of TPT to the full Markov chain corre-
[4] R. N:: E;’%”S’RA' Bt".*“JePa.”" ?\rl‘d A. Jll Keél‘r3|tey' Diffu-  sponding to a GRN withl nodes is typically memory
sionfimited  keactios In Nanoscaie HIeconics. imjtad to N © 20 as the Markov chain had! tates.
Methods and Appl& of Analysis26:2 (2019, 149 166. .
_ Through our analysis, we have observed that even
[5] P. Flajolet, X. Gourdon, and P. Dumas. Melinans- ;41 the dynamical network for some GRNs become
forms and Asymptotics: Harmonic Sums. Theoretical huge, there are numerous states which have extremel
Computer Scienck44:1 (1995, 3i 58. ge, . . ; y
61 A J. Kearslev. Y. Gadhvan. and %. Wallace. Stochas- low probabilities of beig reached by the biologicatq
[61 A.J. Y, 1. yan, ) e cess being modeled. Most recently, we incorporated in
tic Regression Modeling of Chemical Spectra. : .
our algorithm a way to extract the most meaningful

Chemometrics and Intelligent Laboratory Systei9 . .
(2014),26i 32. states, by using Monte Carlo sampling to apply our

—C 7 °
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methodology without the need to store the entire net-of OS as &irth and death process. We are investigating
work in computememory. RP once it has already started to degenerate the rods.

A future goal is to se our methodology to answer Thus, we separate the rod population according to phe-
guestions arising in more complicated GRNs. One net-notype, normal or mutated. We assume that there is a
work of interest is the GRN model representing so shared nutrient source for all photoreceptorscivhis
called segment polarity genes. This group of genes is inmediated by the neighboring retinal pigment epithelium
volved in embryonic pattern formation the fruit fly (RPE) and call this nutrient source the trophic pool. We
Drosophila Melaogaster. Homologs of the segment po- used the mathematical model and subsequent analysis to
larity genes have also been identified in vertebrates.examine the underlying processes and mechanisms (de-
including humans, which suggests strong evolutionaryfined by the model parametergadding to blindness in
conservation. This GRN is more computationally chal- RP patients.

lenging in that these genes refi and maintain their The analysis of this model included a local stability
expres®n through a complex network of intracellular analysis, bifurcation analysis, and a global sensitivity
and intercellular regulatory interactions. analysis. In all our analyses, both analytical and numer-

ical, a set of key parameters involved in OS sheagldin
OS renewal, and nutrient supply were shown to govern
the dynamics of the system. The members of this set of

Mathematically Investigating parameters formed five ratios that explicitly appeared in
Retinitis Pigmentosa coordinates of the model equilibrium points as well as
conditions necessary for the p#iglogical relevance,
Danielle Brager stability, and coalescence of equilibrium points. The five
Erika T. Camacho (Arizona State University) key ratios are: QS shedding to OS renewal of normal
Thierry Léveillard (Instut de la Vision, France) rods, OS shedding to OS renewal of mutated rods, OS
Stephen Wirkus (Arizona State University) shedding to OS renewal of cones with RDCVF, OS

shedding to OS renewaf oones without RACVF, and

Retinitis Pigmentosa (RP), the most common inheritedthe nutrient carrying capacity

retinal degeneration, is a collection of clinically and ge- ~ The mathematical model has nine equilibrium
netically heterogeneous degenerative retinal diseaseq0ints with only seven of them being physiologically
There is no cure foRP. Patients with RP experience relevant. We interpreted the seven physiologically rele-
progressive irreversible vision loss due to the sequentiavant equilibrium points as different stages retinal
degeneration of rod and cone photoreceptors, the lightdegenerationn which some combination of normal
sensing cells in the retina that play an essential role infods, mutated rods, cones, or nutrients are gone. We de-
the vision process. While known genetic mutatians  termined conditions necessary for the local asymptotic
saciated with RP  affect the rodsriggering their  stability of the equilibrium points. Mathematically,
dysfunction and death, the loss of cones inevitably fol-these conditions present as inelifues composed of
lows in a manner independent of those geneticmodel parameters. Therefore, we used the results as cri-
mutations. Photoreceptor degeneration is the hallmarkeria needed to remain in a stage in the progression of
of RP and is characterized by the shorteninthepho- retinal degeneration. We found that our mathematical
toreceptor® outer segments (OS) which is the sub model captures various stages of RP, but also captures
cellular structure that carries the photorecejstéight ~ the progression s& n conerod dystrophy (CRD).
sensitive molecules. Still, the secondary wave of coneCRD is a group of inherited retinal diseases where the
photoreceptor death is an anomaly, and investigation ofoss of cones precedes the loss of rods. Following the
this phenomenon resulted inetldiscovery of the rod stability analysis, a bifurcation analysis was performed
derived cone viability factor (RACVF). RACVF is a pro- t0 explore pathways to blindness. The bifurcation anal-
tein secreted by the rods that preserves the cones bysis revealed five pathways to blindness where two of
accelerating the flow of glucose into the cone cells stim-those paths illustrate progressions of RP and the other
ulating aerobic glycolysis. Cones are responsible forthree show progressions of CRD. Both the stability and
color vision aswvell as visual acuity and rely on aerobic bifurcation analysis results reveal that the ratio of OS
glycolysis to supply the metabolites necessary for OSshedding to renewal and the availapibf nutrients may
renewal and maintenance. play a key role in haltin@P progression.

We haveformulated a predatgorey style system Numerical analyses including a global sensitivity
of nonlinear ordinary differential equations (ODEs) to analysis and a numerical bifurcation analysis were per-
mathematically investigatehptareceptor interactions in ~ formed after experimental data was used for parameter
the presence of RP while accounting for the new under-estimation and model validatiorizour of the model
standing of RACVE role in enhancing cone survival equilibrium points were present in the two RP pathways
[1]. We model photoreceptor population dynamics in the to blindness found during the bifurcation analysis previ-
context of OS lengths treating the renewal and sheddin@usly discussed. Therefore, we focused on those four
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equilibrium points when conducting our numerical anal- Thus, we take the presence of a stable limit cycle to be
yses. The numericaésuts are framed in terms of stages an indication of a phase where therapy and prevention
in the progression of RP. Using Latin Hypercube Sam-of the progression of RP may occur.

pling coupled with partial correlation coefficients, we Our findings illustrate the benefit of using the-
performed a sensitivity analysis to determine mecha-matical models to uncover mechanisms driving the
nisms that have a significant effect on the cones atprogression of RP and opens the possibility to use in sil-
different siages of RP. Once again, these results high-ico experiments to test treatment options in the absence
light the importance of the delicate balance between OSof rods. Future work on this problem could include an
shedding and renewal. Finally, we derived a-danen- analytical Hopf bifurcation analysisptimal control of
sional form of the mathematical model and performed athe model, and analysis of an extended model that incor-
numerical bifurcation analysis via MATCONT tx-e  porates molecular level interactions involved in the
plore the existence of stable limit cycles. Using biochemical cascade triggered by glucose uptake.
MATCONT, we sgarched for Hopf bifurcations and [1] D.C.Brager. Model i ng and Analyzing
found that stable limit cycles are born from two of the Retinitis Pi g me mMoctwrsla dissertation, Arizona
equilibrium points involved in the RP blindness path- State University, 2020.

way. A stable limit cycle is a stable mode, ottieman

equilibrium point, where the rods and cones coexist.
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Materials Modeling

Mathematical modeling, computational simulation, and data analytics are key enablers of emerging manufacturing
technologies. The Materials Genome Initiative (MGI), an infm@agencyith the goal of significantly reducing

the time from discovery to commercial deployment of new materials using modeling, simulation, and informatics, is a
case in point. To suppbe NIST role in the MGI, we develop and assesses modetintptiod techniques and

tools, with emphasis on uncertainty quantification, and collaborate with other NIST Laboratories in their efforts to

develop the measurement science infrastnextdesl by the materials science and engineering community.

are removed.Crystal plasticity describes the defor-

OOF: Finite Element AnalyS|S of mation of crystalline materials, in which the behavior is
Material Microstructures affected by the conformation of thepatic lattice. Com-
putational models of plastic deformation are complex,
Stephen A. Langer nonlinear, and (sometimes) controversial. Reid and
G¢hay DG an S. Keshavarz have been working to implement crystal
Andrew C.E. Reid (NIST MML) plasticity in OOF3D for both single cryssaand poly-
Shanriyar Keshavarz (Theiss Reseaych crystals (assemblies ofifférently oriented grains).

Although the current implementation is specialized to
http://www.ctcms.nist.gov/oof/  FCC crystal structures and a poviaw constitutive rule
(the relationship between stress and strain or strain rate),
The OOF Project, a collaboration between ACMD and care has been tak to ensure that the software infra-
MML, is developing software tools for analygirreal structure is sufficiently generic that different crystal
material microstructure. Thaicrostructure of a mate- structures and different constitutive rules can be imple-
rial is the (usually) complex ensemble of polycrystalline mented without architectural changes, preserving the
grains, second phases, cracks, pores, and other featurgenerality and extensibility that is the hallmark bé t
occurring on length scales large compared to atomicOOF approach.
sizes. The goal of OOF is tse data from a micrograph Future work will irclude largestrain elasticity, ad-
of a realor simulated material to compute its macro- ditional types of plasticity, and investigating the use of
scopic behavior via finite element analysis. machine learning to shecircuit the computationally
The OOF user loads images into the program, as-expensive parts of the nonlinear computation.
signs material properties to the features of the image, G.D o | has been develoginalgorithms to auto-
generates a finite element rhethat matches the geom- mate segmentation and meshing of microstructure
etry of the eatures, chooses which physical propertiesimages. Segmentation identifies distinct regions in a mi-
to solve for, and performs virtual experiments to deter- crostructure, and a mesh properly aligned with the
mine the effect of the microstructural geometry on the segmented regions and their boundaries leads to accu-
material. OOF is intended to be a general tool, applica-rate finite element simulatis of the microstructure
ble to a wia variety of microstructures in adé variety  physics. In FY2020,D o | wanked on two different
of physical situations. OOF2 and OOF3D are used bymethods for image segmentatiofhe first method
educators and researchers in industry, academia, anbuilds on intrinsic representations of image regions em-
government labs worldwide. bedded into phase field functions. Initial guesses of such
There are two versions of OOF, OOF2 and OOF3D, phase field functions are evolved iterativto detect the
each freely available on the GQvebsite. OOF2 starts comect regions of microstructures, and to delineate them
with two dimensional images of microstructures and with well-defined boundaries. A 2d implementation of
solves associated twdimensional differential equa- this method is currently available, and the extension to
tions, assuming that the material being simulated is3d is underway. The second algorithm, based on topol-
either a thin freely suspended film or a slice from a ogy optimizationassigns region labets image pixels
larger volume that is warying in the third dimension in an iterative manner. This works well for multiphase
(genealizations of plane stress and plane strain, respecsegmentation. It can also handle more general statistics
tively). OOF3D starts with three dimensional images of the pixels within the regions, in contrast with piece-
and solves equations in three dimensions. Developmenwise constancy assumption of the first algorithm.
this year continued on multiple fronts. D o ] hasbeenworkingwith PrashanAthavaleof
A plastic deformatin, as opposed to an elastic de- Clarkson University on algorithms for restoration of
formaion, is one in which a deformed material does not electron backscattering diffraction (EBSD) images.
return to its original conformation after applied stressesEBSD is an important imaging modality amalyze and
understand microstructure images by measuring the
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crystal orientations at individuldcationsandgenerat- Micromagnetic I\/Iodeling
ing a map of the orientations. However, EBSD maps are

often noisy and incomplete; orientation measurementsyjichael Donahue
are missing in some locations, and some measuremeniSonald Porter
contain errorsD o | and Athavaleimplemented a re-  Ropert McMichael (NIST PML)
construction algorithm using a weighted total variation cingj Dennis (NIST MML)
equation, a nonlinear partial differential equation that
applies regularizing diffusion selectively to pixels. In http://math.nist.qov/ommf/
this way, they were able to obtain stafethe-art resto-
rations of BSD images. More details abotttis work Advances in magnetic devices such as recording heads,
on image segmentation and restoration can be found idield sensors, spin torque oscillators, and magnetic non-
the sectiorof this reporon Computational Tools for Im-  volatile memory (MRAM) are dependent on an
age and Shape Analygisee pag87). understanding of magnetizatigmmocesses in magnetic
S. Langer andA. Reid have been working Wit  materials at the nanometer level. Micrometics, a
A. Creuzigerf MML who is using OOF2 to study the mathematical model used to simulate magnetic behav-
effects of texture (crystal orientation distribution) on the ior, is needed to interpret measurements at this scale.
properties of rolled steeThis has involved solving new ACMD is working with industrial and academic part-
types of equations, modifying the program to produceners, as well as with celhgues in MML and PML to
new outputs, adding EBSD basendage segmentian improve the statef-the-art in micromagetic modeling.
methods (primitive versions of the ones being developed  We have developed a public domain computer code
by D o ] )a debugging, and optimizatio@OF2 was  for performing computational micromagnetics, the Ob-
able to reproduce an unexpected dip in experimentallyject-Oriented Micromagnetic Modeling Framework
measured stressirves angbrovided insight into the un-  (OOMMF). OOMMF serves as anpen, weltdocu-
derlying physical mechanism. mented environment in which algorithms can be
OOF2 an OOF3D still rely on some old thilarty evaluated on benchmark problems. OOMMF has a mod-
softwarethat will soon become obsoleteanger has ular structure that allows independent developers to
continued to work on the switch to the new versions of contribute extensions that add to its basic functionality.
the aging software. Upgrading from gtk+2 to gtk3 (used OOMMF also serves as a fully funatial micromag-
for the graphical user interface) needs to be d@iere netic modeling system, handling thréienensional
the switch from Python 2 to Python 3 (used for high problems, with extensible input and output mechanisms.
level programming and scripting) because there is noln FY 2020 alone, the software was downloaded more
support for gtk+2 in Python 3. than 5700 times by more than 3700 distinct client ma-
Converting OOF2 to gtk3 is nearly completde chines. The use of OOMMF was ackredged in more
bulk of the code has been converted, and a new graphicthan 210 peereviewed journal articles. OOMMF has
canvas hs been written, because there is no gtk3 versiorbecome an invaluable tool for the magnetics research
of the externkecanvas library that was used with gtk+2. community.
OOF2 uses a testing tool developed for the gtk+2 ver- Developmentin the last year includie following.
sion that allows the developers to record a session, ¢ presented a fosession (eighbour total) tutorial
annotate the rgsultmg Iog_ﬂle with testsd rt_aplay the series, Micromagnis and OOMMF, in May and
annotated log fileThe log _flles forrr_l a test i that en- June 2020 as part of the Online Spintos Seminar
sures that the GUI is working correctlyThis sponsored by the IEEE Magnetics Socitty.

tool, gtklogger has been rewritten for gtk3, and the test . . .
suite for OOF2 is being assembldtie new canvas |1 Answered approximately 125 questions in tbetp
tutorial Q&A forums

code andytkloggerwill both be useful outside of OOF

and will be released separately. 1 Increagdsupport for periodic boundary conditions
OOR2 and OOF3D continue to be used outside of in OOMMF.

NIST. OOF2 was downloaded about 700 times this past 1 Released version 1.2b4 of OOMMF, incorporating

year, and OOF3D was downloaded about 200 updates to an exteios supporting GPU¥

times. OOF2 can be run on the

NSFnanoHUBfacility,*” where it was used in approxi-

mately 4000 sessions in 2020. IsHzeen used byore

than3000 people onanoHUBsince it was installed in

late 2007.

OOMMEF is part of a larger activity, the Micromag-
netic Modeling Activity Group (MuMAG), formed to
address fundamental issues in micromagnetic modeling
through two activities: the development of public do-
main reference software, anthe definition and

17 https:/inanohub.org/tools/oof2

18 hitps://vwwspintdks.org/tutorials 19 https://math.nist.gov/oommf/softwae.html
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dissenmnation of standard problems for testing modeling [6] M. J. Donahue and D. G. PortéQuantitative Evalation
software. ACMD staff members are involved in devel- and Reduction of Error in Computation of the Demagnet-
opment of the standard problem suite as well. The ization Tensgr 64th Annual Conference on Magnetism
history of mMuMAG standard problems is the subject of ggigMagnetuc Materials, Las Vegas, NV, November 7,
a book chapter published shyearf1]. ) o

In addition to the continuing development of [/] M. J. Donahue and D. G. PortdiHigh Order Methods
OOMMF, the project also does collaborative research fgr Ccémpu“ngsff(é Defmag”et'zis;amnst(.’r for Péer,'\;l)d'c
using OOMMF. One such collaboration, with research- ngtliJSMa;eria|$On“gg ﬂgcg;&r ggggzlgm and Mag-
ers at the University of Akron,involves using ' '
micromagnetic simul&ns to improve performance in
electric motorg2][3]. M. Donahue is a team member on

the NIST Innovations in Measurement Science ”a”-ResoIving the Shock Layer in
othermometry project Thermal MagR,and he also

provides techmal guidance on micromagnetic model- AdSOI’ptIOI’l Breakthroth
ing for the DARPA M3IC (Magnetic, Miniaturized, and Measurements
Monolithically Integrated Components) projéétyhich

aims to integrate magnetic components into the semi-Robert DeJaco

conductor materials fabrication process to improve Anthony Kearsley

electromagetic systems for communications, radar, and Paul Patrone

related applications.

In total, during this péod the ACMD micromag-  Separation processes are esséfior many of our basic
netic project produced a book chapi}, two journal needs like the air we breathe, the water we drink, and the
articles [2][3], and four conference presentations medications we take. In an adsorption process, a cylin-
[4][5][6][7]. Notably, M. Donahue received the 2020 drical column ispacked with a solid material and
Award for Excellence in Research in Appliedatie- mixture is fed into one end of the column. As the fluid
matics fron the Washington Academy of Sciences in flows, the slute adsorbs preferentially over the solvent
recognition of #f. .. excel bndtakesalanger timepqexit the dolumnahamteersal-t i
leading to new tools for modeling and simulation which vent, yielding a separation that can be capturedeat th
have transformed research into nanoscale magnetioutlet. Adsorption processes are typically more energet-
films, struct?2ures and d e vigal eficiens than conventional technicuthat rely on

. differences in boiling, as they instead rely on differences
g I\D/I'i C%rzggﬁ;tig?n'\éfé ngg{?iﬂeﬁ;ﬁn&g&%;irggﬁ;nnsom_ in affinities for a solid. Such processes have t.he potential
ena(M. J. Donahue, ed.)World Scientific, 2020, 2a5 (0 P& more advantagus as the pool of candidate solid
324.DOI: 10.1142/9789813270268 0009 materials increases at an Increasing rate.
[2] F. Ahmali, Y. SozerM. J. Donahue, and I. Tsukerman. When a new adsorbentaterial with superior sepa-

A Low-loss and Lightweight Magnetic Material for Elec- 'ation potential of ~a given mixture is first
trical Machinery IET Electric Power Applicationd4  conceptualized, a column is packed with the solid and

(2020), 282290.DOI: 10.1049/ietepa.2019.043 the mixture to be separatediésl into the inletA meas-
[3] F. Ahmadi, M. J. Donahue, Y. Sozer, and I. Tsukerman, Urément of theconcentration exiting, or breaking

Micromagnetic Study of Magnetic NanowireslP Ad- through, the columrgsa function of time igeferred to

vances9 (2019), 125047D0I: 10.1063/1.5130157 as the breakhrough curve. Since the portion of the mix-

[4] A.J. Biacchi, E. De Lima Correa, F. Zhang, T. Mgffa  ture that adsorbs preferentially takes longer to exit the
W. Tew, M. J. Donahue, S. Woods, C. Dennis, and A. R. column,the extent of separation can be quantified by the
Hight Walker fiTuning the Properties of Colloidal Mag- breakthrough curve measurement. As the extersepf
netic Particles for Thermometry on the Nanoscadth aration observed in the measurement determines
Annual Conérence on Magnetism and Magnetic Materi- \whether time and money should be invested in the as-
als (MMM 2019), Las Vegas, NV, Novembr2019. sessment of the process in larger industrial scales,

[5] F. Ahmadi, M. J. Donahue, Y. Sozer, and I. Tsukerman understanding the dynamic measurement is therefore es-

fiMicromagnetic Study of Soft Magnetic Nanowireé  sential to efficient industrial implementation of
64th Annual Conference on Magnetism and Magnetic adsorption processes.

Materials, Las/egas, NV, November 7, 2019.

20 https://www.nist.gov/programgrojects/thermaimagicsi-tracea-
ble-method3d-thermatmagnetieimagingand-control

22 hitps:/iwww.washacadsci.org/awardsremony2020/

21 hitps://www.darpa.mil/programiagnetieminiaturizedandmono-
lithically-integratedcomponents
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Figure 47. Our perturbation theoryapproachprovides a holistic
understanding of two classical limiting interpretations of the pt
ical phenomena arising in adsorption dynamics. It demonstt
how such phenomerae connected and can lmbserved in rea
experiments where mass transfer and column length cannot |
finite, and that they really occur in the limit of slow convect
relative to adsorption, = ku/L L 1.

Mixture to
separate

Measurement
of Performance

Figure 48. Comparism betweemumerical simulations (blue) an
perturbation theory (orange) in the prediction of fixeed adsorp-
tion dynamics, overlaid upon a sketch of solid adsorbent part
(yellow) packed in an adsorption column (grey). These calcula
are performedor Langmui r adsor pt i om0.04s
The progression of time is depicted with decreasing transpare

As illustrated inFigure47, the understanding of the
dynamics of fixeebed adsorption [1] is primarily con-
fined to two limiting scenarios: the first being the case
r e fndhe fiell of matleemadical materials science, rigorous

a rreatmenh o thec@arsemingdof faare due tg waktunes

of infinitely-fast adsorptn kY D, of ten
Afequilibrium theoryo),

A typical comparison between perturbation theory

and numerical simulation is depictedrigure48, over-
laid upon a cartoon of a fixed bed adsorption column. At
short times, bondary layers are present at the column
inlet moving with the carrier fluid. These boundary lay-

ers ard) |
solution (orange) of the leading order problems inside

in space and timeThe longtime composite

and outside of the boundary layer is constati wWime
with respect to a Galilean coordinate transformation. It
agrees well with the numerical simulations afteiniy
shifted to account for the sheitne boundary layer.
Conveniently, the theoretical predictions are accurate
for large times before whicthe solute exits the column.
As aresult, the theoretical predictions can be considered
a good approximation ohe shape of the bredakrough
curve measurement.

Our work provides a unifying framework for under-

standing the measurement in more detailnc8i
equilibrium theory is often used in the initial design of
complex cyclic adsorption processes involving mudtipl
interacting bed$2], we anticipate that using perturba-
tion theory to resolve the associated boundary layers
will also result in more accate designs. We are cur-
rently writing up these result®r publication In the
future, we plan to extend our andl/so cases where
thermal variations and axial dispersion are significant.

(1]
(2]

R. T. Yang. Gas Separation by Adsorption Processes
Butterworth, B87, 141200.

M. Mazzotti andA. Rajendran Equilibrium Theory
Based Analysis of Nonlinear Waves in Separation Pro-
cesses Annual Review of Chemical and Biomolecular
Engineeringd (2013),119-141.

A Kinetic Model of Foam Wall
Ruptures

Joe Klobusicky

pres

ence of aconstardpattern wave for very long columns are much less studied than coarsening through gas dif-
fusiore ©his is likelynduettchseveral aompglicatingy factorsn g | e
solute adsorption with plug flow in the limit of a fast rate involving the coarsening processsE, unlike gas diffu-

(LYDP) . Using

of adsorpion relative to rate of convection,

1, we have found that these two phenomare related.

problem when f¢YO.

perturbatien

Shock

= / Lk u Lsion in which cells continuously shrink to zero area,

edge rupture is a relagly violent and discontinuous
Equilibrium theory corresponds to the leading order event, and can create intricate configurations of cells

sociated with equilibrium theory correspond to a model. Another isue concerns the stabilization of net-
boundary layer. Inside this boundary layer is the con- works immediately following a wall rupture, in which
cell edgesreconfigure to minimize surface tension,
to exist for columns of infinite length. Our asymptotic while maintaining the netwotk topology. Calculating
approach connects these concepts and demonstratdBis quasistationary state of the network boundary is
complcated and is dependent on the netW®iireome-

stant pattern wave that has previgusnly been shown

when the phenomena can occur for finite, sugable

systems wheré L 1 (i.e.,” need not be 0).

try. On the other hand, foam rupture has a much simple

wvhich eare qyitd idiffianilb to tpriopenlyi catdlogue )anda s -
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a Markov process on the space of trivalent graplus.
ure 50 showssnapshots of a sample path.

Since face merging is a second order colligioro
particles merge into onej,suggests that the fundamen-
tal dynamics érfoam coarseningraybe related to
coagulation processds. fact, the collisiorratefor
these equations is similar to that theSmolu-
chowskicoagulation equations with multiplicative

Figure 49. Side numbers of cells neighboring a wall (shown in k kernel, whichmodelscluster size$or a system of sticky
red) before and after rupture. particles Such equations are known to have gelation ef-
fects, in which a single particle of infinitezei occurs
[2]. Under an appropriate mean field assumption for
how neighbors are selected when a wall ruptures, we

finatural clock which is simply the total number of rup-
tures. In gas diffusion, topological transitions occur

when cells shink to zero area, which casponds to the mav writelimiting kinetic equationsor the bIaor-
occurrence of singularities in curvature flow, and thus tiony() e of‘e-s%ded cells a?t timo. These f%rcr% an
are not known a priori. '

In this project, we are interested in constructing INfinite system obirth death equations, with
a minimal model for foam breaking. As such we do not — O & 0 £
consider geometric quatiés such as curvature andll 6 e b itk O &b
areas, but rather only keep track of eachteédipology,
or its number of sides. In most instances, when a wall isThe four term< ; ¢ft on the righthand sidegener-
ruptured, topology rearrangement can be viewed as twc
simultaneous merging events ($égure49):

he o8

ally involve products and quotientso e for various
‘Q ohwhich makeghis systemnonlinear We cansim-

1 Face meging: Cells which share a face with the ulatesolutionsto this systemby an easyto implement
ruptured wall join together. If the two cells hate particlesystemnethodsimilarthatusedin [1] for grain

and Csides before rupture, afterward the new cell coarseningy curvatureflow. We hopeto providein fu-
has'Q "0 T sides. tureworksawide collectionof experimentsn thefuture

which comparesolutionsto kinetic solutionsto statistics

91 Edge merging:Cells which share a single vertex of the Markov procesn networks.

with the ruptured wall will each lose a side.
[1] J.Klobusicky, G. Menon,and R. L.Pego.Two-Dimen-

Fora celld containingé.sides, a standard wall rupture sional Grain Boundary Neorks: Stochastic Particle
consists obne face rarging event, and two edge merg- Models and Kinetic Limits. arXiv preprint
ing events. The reaction can t@presented as arXiv:1810.07828.

[2] F.Leyvrazand H. RTschudi.Singularitiesn the Kinet-
ics of Coagulation Processedournal of Physics A:

By imposing probabilities on which cell walls rupture, Mathematical and Generdl4:12 (1981), 3389.

we can iterate the foam braking process,ailis in fact  [3] J.Klobusicky. MarkovModelsof Coarseningn Two-Di-
mensional Foamsvith Edge Rupture arXiv preprint
arXiv:2101.0096

B, 6,0 B.ofi 8,0 6, h 608

Figure 50. Snapshots of the wall rupturing process. Top row: Network of 2000 initial cells after no ruptttje8& ruptures (middle), and
600 ruptures (right). Bottom row: The network after 900 ruptures, 1200 ruptures, and 1500 ruptures.











































































































































































































































































