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QU|C|< Overview of Machine Le(:lmlng ARTIFICIAL INTELLIGENCE
» K-Nearest Neighbors Algorithm (KNN) ¢ R e

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data
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K-Nearest Neighbors Algorithm

KMeans Iteration: Total Within Cluster Sum of Squares: 4 5 p
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Kmeans Iterations

* Minimal or No training!
 More data greater accuracy
* Prediction and storage is computational challenge

%QAK RIDGE

ional Laboratory




Support Vector Machines
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N
f(X) = Sign( Z y,,;ai(I)(Xi) y (I)(X) b) Support vector function
1=1

‘ d . - : Coefficients determine by
{XZ ER%y €1-1, 1}} t=1,..., N, maximizing margin

K(xz,y) = ®(z) - ®(y) Kernel Trick makes

computations fast
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Support Vector Machines

Gaussian Kernel capable of
classitying complicated domains

K(x,y) = e vl
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Gaussian Process Learning

Given thesets S v == {x1,...,an}, Sev = {f(z1),..., f(an)}, and S; g = {71,..., Ty}

F(Se )ISens s, ~ N[ K(S; 50Sen ) |[K(Sen,San) + 00| fs, i,
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Input Cell

Backfed Input Cell

Noisy Input Cell

Hidden Cell

Probabilistic Hidden Cell

Spiking Hidden Cell

Output Cell

Match Input Output Cell

Recurrent Cell

Memory Cell

Different Memory Cell

Kernel

Convolution Or Pool

Feed Forward Radial Basis Network

Perceptron (P) (FF)

Recurrent Neural Network
(RNN)
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Variational AE (VAE)

Boltzmann Machine (BM)
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Main Types of Neural Networks

https://medium.com/towards-artificial-intelligence
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Deep Feed Forward
(RBN) (DOFF)
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Deconvolutional Network (DN)
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Generative Adversarial Network

(GAN)
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Extreme Learning Machine
(ELM)

Deep Residual Network
(DRN)

Support Vector Machines
(SVM)
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Deep Convolutional Inverse Graphics Network
(DCIGN)

Liquid State Machine
(LSM)

(KN)

Neural Turing Machine
(NTM)




Deep Neural Networks

Left: ImageNET Database

B. Chang, L Meng, E. Holtham, E. Haber, LR, D Begert
Reversible Architectures for Arbitrarily Deep ResNNs. in
review, arXiv, 2017.

A. Mahendran, A Vedaldi Understanding deep image
representations by inverting them. CVPR, 2015.

‘ P etk

Google Intel Chinese UHK  Nvidia  Facebook Xiract **
2013 2014 2015 2015 2016 2017
702%  72.8% 73.15% 74.10% 74.33% 85.5%

Stability Requirement: Network is forward stable when it does not amplify perturbations of the input
features due to, for example, noise or adversarial attacks.

% OAK RIDGE > Current record is 88.61% by EfficientNet-L2-475 (in review arxiv.org/pdf/2010.01412v2.pdf)
National Laboratory Google Research on Sharpness Aware Minimization




Random Decision Forest
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Random Decision Forest

Original Function

Tree Predictions
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Bayesian Neural Networks

N

/0'1 —0.25
12 0% 1.25
\\o 4 o B
4—0.1‘ /0.55/% 0 0
11 05— /
\ ‘
0.2

0.05
0.55

e

Unlike deterministic Neural Networks(left) that have a fixed value of their
parameters, Bayesian Neural Networks(right) has a distributions linking nodes.
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Stochastic Neural Network

How to account for uncertainty and confrol machine learning

training.
Stochastic model equation t Activation function + Noise component
X, = X, / F(X,,05)ds / o dW,
0 0
Control process Control terms

dXt — F(Xt, Ht)dt -+ O'tth, 0 S t S fh

Cost function Measured data

J(u) = E[®(Xp, )]

Challenge: Adaptation, robustness, and speed.
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Bayesian vs Stochastic Neural Networks

Deterministic Sample Uncertainty in Data
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Generative Pre-trained Transformer (GPT) - 4

From 'Atftention Is All You Need' by Vaswani et al. doi.org/10.48550/arXiv.1706.037 62

OUtp.lft. Scaled Dot-Product Attention Multi-Head Attention
Probabilities t
} Linear
Linear Mathiul [
» N 1 1 Conca
((Add & Norm J=~ Softhian i ¥
Feed { ct l. |
Foward Mask (opt.) Scaled Dot-Product 3
(Add &N 14_: 1 Attention .
4 1 B orm
~—(Add & Norm ) = Scale 1 T 11 Al
Multi-Head .IL ~ ~
Feed Attention - - } -
Forward T 7 Nx Mathul Linear Linear Linear
L — T 1 T
Nx Add & Norm G K v
f_>| Add & Norm | Niesked
Multi-Head Multi-Head
Attention Attention v K G
AL ) O, Y BLEU Training Cost (FLOPs)
S — & = Model
- = . EN-DE EN-FR EN-DE EN-FR
Positional S Positional English-to- ByteNet [18] 23.75
Encoding > Encoding German and Deep-Att + PosUnk [39] 39.2 . L0-10®
Input Output English-to-French GNMT + RL [38] 24.6 39.92 2.3 1013 1.4 1020
Enbedcing Eribadiing newstest2014 ConvS2S [9] 25.16  40.46 9.6 - 10 1.5-10
MoE [32] 26.03  40.56 2.0-10"¥ 1.2-10%
T T fests Deep-Att + PosUnk Ensemble [39] 40.4 8.0-10%
Inputs Outputs GNMT + RL Ensemble [38] 2630  41.16 1.8-102°  1.1-10%!
(shifted right) ConvS2S Ensemble [9] 26.36 4129 7.7-10  1.2-10%
Transformer (base model) 27.3 38.1 3.3-1018
%QAKIIL{]IDDGE Transformer (big) 28.4 41.8 2.3-10%
ationa al oratory



https://doi.org/10.48550/arXiv.1706.03762

Experimental Science at DOE Facilities

d = F(S,R) = S(5)(Q,w) * R(Q,w)
Why Neutrons, X-Rays or Electrons? ;

Ur;lucleai O

Scatterlng

Neutrons X-Rays D:;mg;gggﬁ/ C
X-rays (100 keV) U
~ - ermal neutrons = Penetrate metals without @
e, absorbing N

107
= Highly sensitive to water and
t« hydrocarbons

= High contrast to light elements
= Sensitivity to magnetism

60 = Measure dynamics and

Atomic number STI’UCTU re

10

-
[=)
[

Mass attenuation coefficient, {cmzfg}

R. Pynn, ‘Neutron Scattering’, LANL
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Small Angle Scattering (SAS)
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e | - e | ' SAS Model for distance distribution function
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Ib : i t‘f‘f - | e | Spheres with uniform scattering length density
3y o piies [ "‘/"A YW -1 =X s e o (oo = Parameter Description Units  Default value
l MR aC i b :)\SJ:) E/J\‘j\\_/y F =—=. s scale Scale factor or Volume fraction  None 1
a \ e - : e N\ o background Source background em’  0.001
| SasViEwy for Szl Anigle fsatterif‘;g Anzlysis i ‘\\\ sid Layer scaftering length density  10°A 1

& sld_solvent Solvent scattering length density 10642 6

\ w 0 NP w ji» <7 g e radius Sphere radius A 50
. 33 : % TG ’ scale sin(gr) — gr cos(gr)) 1?

)
I A
p N Ve ) ﬁ I(q) 7 3V(Ap) @) + background
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mall Angle Electiron Scattering

Incident beam

Scattered
Bright Field transmitted beam
Detector
\ Dark Field
Detector

Scanning Transmission Electron Microscopy
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(a) Fresnel micrograph of Permalloy
squares and (c) disks. Small angle
Lorentz deflection data of the
single square (b) and disk (d).

AIP Advances. doi:10.1063/1.3701703



DOE Landscape Experimental Facility Landscape

X-Ray Light Sources
h NATIONAL

Electron Sources

— ACCELERATOR

QHHT LABORATORY
Pa—

>
Six SAS Instruments

L? Brookhaven

MOLECULAR
FOUNDRY

National Laboratory

National Synchrotron Light Source
Five SAS Instruments

Advanced
Photon
Source

Twelve SAS Instruments
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THE CENTER

FOR NANOSCALE
L MATERIALS
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Center for Nanophase
Materials Sciences

— Neutron Sco’r’rering Facilities

AT

SPA[[ATION NEUTRON SOURCE

Two SAS Instruments One SAS Ins’rrumen’rs



https://neutrons.ornl.gov/instruments
https://neutrons.ornl.gov/instruments
https://lcls.slac.stanford.edu/instruments
https://small-angle.aps.anl.gov/aps-saxs-beamlines
https://www.bnl.gov/nsls2/beamlines/

FedAvg Update

( Location A N

4 N\

K Lgco’rion B N

Embedding Positional
Encoding
Tnpat Cutput
Embedding
Oulput
(shifted right)

Gold Standard Federated
Learning Comparison

Wodel = w, Data Y,
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Accelerated Update
for;=1,....Jdo
L Compute s; + w; —wj—1 and y; + Vi i(w;) — Vi fi—1(w;-1);

Lgco’rion A

S [81,82,...,.5]] ER”XJ and Y « [yl,yg,...,yj] - RnxJ;
BT F-: (8 =¥V
return @ < w — ng H1 V, f(w);

/ Single Location \

K Location B N

€

\_ Model= p  Data /

Gold Standard Federated
Learning Comparison

Wodel = w, Data Y,
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Dynamical Low-Rank Approximation for Neural Networks

f \ - ,. . -
e, - NT
AX’{W&}\?{"\ D : < S 5’ ( t) V[ (t)
] i

0\ LY
A RIS
."\ XX ’o:‘ls: 20 IA.

"“‘ "“ "‘“
AV

low-rank structures

structural CPU/GPU time &
Qroperties memory demancy i S = —U] Vi, LWi () Vi,

A T M / ,,,‘n?f,(to)‘ Uk = —(I — UkU,;r)VWkﬁ(Wk(t))Vksk_l ,

Vi = —(I = ViV Vw, LW, () TULS, " .
robust & efficient integrators

M

dynamical low-rank approximation

) {O’g ocApo---007 oAl}(X)
Ale W
Wi(t) = — Vi L(f(x; W(t)), y) 1

%8&‘,&1&{2&5 *Research and code from Steffen Schotthofer at ORNL




Federated Learning + INTERSECT + Laboratory of the Future

Typical Scientific Workflow Future Scientific Workflow

Scientist prepares samples, Robot prepares samples
designs experiment l
st
B l B Computer designs
(= @ | experimental conditions
2 Scientist installs sample = l
) in characterization tools =
— and supervises E—* Robot installs sample
E data acquisition < in characterization tools
o 2 Computer monitors
N l @ data acquisition
L
Scientist analyzes, l
models data Computer analyzes,
l models data
Scientist visualizes data Computer visualizes data
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Federated Learning + INTERSECT + Laboratory of the Future

REACTANT 1

REACTANT 2

Autonomous Chemis’rry

_,\[\

A

ANALYTICAL
TOOLS

\\\\\W ! ! e
*M TR[[—A TI(JR‘
i PRODUCT

Mlxmgl

Stationary
Robot

Furnace

Synthesis

Inert Atmosphere Enclosure

GC
Mass
Spec
im
S
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Autonomous Spectroscopy

Electron Microscope

Streaming

4D-STEM

data

Microscope
Control
Computer

Decisions about
experimental parameters

Edge Computing ¢
(¥

Ce Ce

(%%

AD-STEM data
Y

Trained NN
N

3D atom positions

N2
Molecular Dynamics/
DFT simulations

v

Materials Properties
U1 I ==



https://app.intersect-fedlearning-

S https://fedml-proxy.ornl.gov

nersc.production.svc.spin.nersc.org
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CLIENT /

ORCHESTRATION

24

24

-
35 2
3.0 o
2.5
DATASITE A -
-

3.0 -15 0.0 -3 -1.5 0.0

e request / reply: train_data_using_parameters
e command: stop_training

2

TERSECT

UB

e command:
e command:
e command:
e command:
o command :

o event:

register_data_site
remove_data_site
start_training
stop_training
reset_data
emit_training_status

2

45 4
BiS 2
3.0 0
DATASITE B -2
0

—
]

-3 -1.5 0.0 -3 -1.5 0.0

e request / reply: train_data_using_parameters
e command: stop_training

=24

v
3.0 0
2.5

DATASITE C B

-3.0  -15 0.0 3.0 -15 0.0

e request / reply: train_data_using_parameters
e command: stop_training




Federated Learning for Experimental Facilities (IBM/ORNL/RedHat/SLAC)

secure
open science science

/s 1 Az

SPAL[ATION NEUIRON SOURCE

SasView

Neutrons X-Ray
sasmodels
X Measurement Predicted Ground
e ,,,,, Sim Input Output Truth
secure

science

AW,
% secure =
-3.0 -1.5 0.0

open science CNMS science

Electrons Federated Learning across different facilities and security domains increase
%OAK RIDGE the accuracy in reconstruction, model classification, and decompression
National Laboratory rate. Using SasView we build-in community based physical knowledge.




ML Opt. Single ML Opt. Fed ML Opt. Uni.
ML Data Fac Learn Server
In:cylinder Predict:cylinder Predict:cylinder Predict:cylinder
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/ Location A \

Database Security

Homomorphic
reduction
&
Synthetic
Data

Dy

kData Mask

Model = py

/ Location B

Database Security

Homomorphic 0’ ' B g
reduction : :
& ) 1
Synthetic A~ _.___0
Data v ="u

\

\Data Mask

Model = py

/

Location C \

Database Security

Homomorphic
reduction
&
Synthetic
Data

0fs

KData Mask

Model = pC/
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Computational Cost in Training and Prediction

PPDSA Method Training Prediction
Synthetic Data 1.2+ 3% -
Homomorphic Computing | 2.8 +0.2% | 226 + 9%

Network Encryption 1.2+ 0.1% -

Left. Visulization of the privacy preservation

methods used in our study




ML Grid Generation Fusion REactor Design and Assessment
(FREDA) and Scrape-Off Layer Plasma Simulation(SOLPS)

Gaussian Process Surrogate Linear Spline Surrogate
2 2

o
I
w




ML Grid Generation Fusion REactor Design and Assessment
(FREDA) and Scrape-Off Layer Plasma Simulation(SOLPS)

Gaussian Process Surrogate Linear Spline Surrogate
‘ '28 B ]
\ 2857 |
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Gaussian Process and Linear Spline Low Resolution

2
GP
e Data
1.8+
LS
1.6+
1.4+
1.2+
1'\
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ML Grid Generation Fusion REactor Design and Assessment
(FREDA) and Scrape-Off Layer Plasma Simulation(SOLPS)

Gaussian Process Surrogate Linear Spline Surrogate
26 2.6¢
3 A 2.65 2.65
/ AN
A “ 2.7t 2.7t
\\ 275} 2.75|
A
l 2.8} 2.8
of l 2.85¢ 2.85¢
|

29 -2.9
2.95 295 [/
) —&— DS1
ey 3L —o—DS2
4 DS3
-3.05 -3.05¢ - = P12
- — P23
-3.1 : -3.1 .

3.6 3.7 3.8 3.9 3.6 3.7 3.8 3.9



ML Grid Generation Fusion REactor Design and Assessmen
FREDA) and Scrape-Off Layer Plasma Simulation(SOLPS

DS1 LS12 DS2 LS23 DS2




ML Grid Generation
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ML Grid Generation
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ML Grid Generation
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ML Grid Generation
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Functional Representation of Grids — Initialize

\\\\\\\\\\ Given Initialize grid structure and
A \ determine ranges for
NN variables {c;, ¢,, ¢t, ¢, Cm, €5},

where c. = (¢,N,a) and ¢, =
(N, ). PDF is f(x) = ==

e®—1

\\ \

W\
\\{\\\\\:\‘ boundary
MM \ geometry,
S psi field,
S and
L diverter
|\ plate

locations




Functional Representation of Grids — ¢,
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Functional Representation of Grids
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Thanksl!
Questions???
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