Machine Learning
Applications at SLAC

Jan 12, 2024
D. Ratner
SLAC National Accelerator Laboratory

4775, U.S. DEPARTMENT OF
%Y/ ENERGY




Outline

L Yo

ad e

1. Online control of x-ray facilities
2. Anomaly detection

3. ML for inverse problems

(But there are also many other applications across SLAC)



Introduction to SLAC
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SLAC’s mission revolves around major scientific facilities

Research projects across biology, chemistry, geology, physics,
energy sciences, materials science, and more
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Introduction to X-ray Free-Electron Lasers (XFELS)

X-ray free-electron lasers: Accelerator
driven x-ray sources to study ultrafast,
ultrasmall scale phenomena

Single particle imaging (Mimivirus)

Photosystem ||

Shock waves in
extreme conditions

Milathiénaki et al.
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Online optimization

XFEL tuning:

« XFELs are instabilities =» very sensitive to initial conditions
« In total 500 hours/year on single task of quad tuning

Quadrupole _/
magnets :

Automate (e.g. simplex)
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Online optimization: Bayesian optimization
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Model-based optimization

Advantage 1: Balance “exploitation vs. exploration”

=» Find global maximum

Bayesian optimizer
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Online optimization: Bayesian optimization

Model-based optimization

Advantage 2: Existence of model enables use of
physics, archived data

Measured ~ Modeled

e.g. learning correlations in
data improves modeling

« 5x faster than simplex
« Can tune from pure noise

Main Range Asis T
coboooooe 0~ RS
e =

03-12-17 14:10
Main Time Axis

GP LI26 GP LTU

Bayesian Optimization of a FEL, Duris et al., PRL, 2020



Online optimization: Bayesian optimization

Model-based optimization

Advantage 2: Existence of model enables use of
physics, archived data

Measured

- Modeled

e.g. learning correlations in
data improves modeling
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Online optimization: Bayesian optimization
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Model-based optimization
Upshot: =» Faster tuning (factor of 4 vs. simplex)
=>» More robust tuning (e.g. tune from noise)
Example 1: Fast tuneup in Example 2: tuning
high dimensions guadrupoles from pure noise
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Joe Duris, Dylan Kennedy Bayesian Optimization of a FEL, Duris et al., PRL, 2020 9



Online optimization: multi-point optimization

Classic problem from aeronautics design:
how to optimize an airplane wing?

. Upper skin (54 Kenwa \ Martins (2014
1. Choose a design N il R y (2014)
2. Simulate range of conditions A
3. Combine into single metric / S

multiple metrics
4. Looptostep1l

Lower skin (54)

Very slow process!

Very information inefficient! \

DOMESTIC/OCEANIC CRUISE

&< .
S 2 Al
Vgl "y,

FUGHT PLANNING PUSH BACK / TAXI ' < FINAL APPROACH / LANDING

Image courtesy FAA 10



Online optimization: multi-point optimization
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Accelerator example: emittance optimization, i.e. beam quality
Beam size measurement Beam size measurement
) €T
g3 S S
ST S o
2 & 2o
c o S o
=i =<
Measurement parameter Measurement parameter
(e.g. matching quadrupole) Calculate g 4 matching quadrupole)
A emittance
BO has multiple problems: Models beam size efficiently...
« Sampling inefficient
 Information inefficient ...but we want to minimize
+ Difficult to model emittance, not beam size

W. Neiswanger, S. Miskovich, A. Edelen
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Online optimization: multi-point optimization
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Bayesian Algorithmic Execution (BAX)

Standard BO: model and find optimal point in black box function f(m)
BAX: model f(x), and find optimal output of A[f ()], for known algorithm A|-]

Emittance example:

- Model beam size behavior, f ()

- Algorithm, A[-], outputs minimum emittance from f(x)
» Measure new beam size that has the biggest impact on output of A:]

Note: We never actually measure emittance... just calculate from a virtual model!

(For computer scientists, acquisition function calculated from mutual
information of algorithm output and model posterior)

= BAX: https://willieneis.github.io/bax-website/ W. Neiswanger et al., ICML, 2021
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https://willieneis.github.io/bax-website/

Online optimization: multi-point optimization
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Accelerator example: emittance optimization, i.e. beam quality

Simulated optimization, LCLS Injector
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Experimental optimization, LCLS Injector
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Design optimization: dynamic/momentum aperture

o1 AL
F b X
Dynamic aperture optimization for storage rings
Goal: maximize dynamic aperture 4 o -/
(i.e. the blue area): - S
Larger aperture = longer lifetime .
=>» higher luminosity/brightness
0°
x(mm) Image courtesy J. Wan, Y. Jiao

Each calculation of the objective function (blue area) requires 1000s of
simulations

MultipointBAX: choose individual particles to simulate, not full DA scans.
Potentially orders of magnitude faster

...requires NN modeling! (New topic of research.)
15



Outline

1. Online control of x-ray facilities
2. Anomaly detection

3. ML for inverse problems



Anomaly Detection

Failure prediction at accelerators:

» Failures cause downtime, degrade
performance

« 1000s of subsystems - frequent failures

« 200k variables to monitor at LCLS >
impossible to do manually

« Big data, but nearly none of it labeled

y/d/ﬂdear Accelerator

‘and 280 Overpass

\"‘zﬂ"‘ imlﬂliui
, ;"l g =t u:
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Anomaly Detection: RF Station Faults

Case study: RF station faults

* RF stations provide power for acceleration

» Most common fault at LCLS (1000s/year)

* Degrades performance even if no downtime
* Years of data, only dozens labeled

y/d/ﬂdear Accelerator

‘and 280 Overpass

19



Anomaly Detection: RF Station Faults

Existing solution #1: Thresholding on subsystem amplitudes

. RF stati litude for 1 stati
Readbacks of station power condensed to Sration ampritude for & station

“status bit” for each of 80 stations |

RF station diagram

Status bit ‘0’ if healthy, and flips to ‘1’ if RF
amplitude changes more than 2%

ments

Status bit has multiple problems:

» Too simplistic (only looks for sudden drops)
» Too permissive (misses subtle faults)

» Too noisy (lots of false positives)

xample measure

70% of alarms are false 0 Time(min) 2
(i.e. poor precision)

Recall = TP/(TP+FN) Precision = TP/(TP+FP)

TP = true positive, FP = false positive, FN = false negative 20



Anomaly Detection: RF Station Faults

(ad
L=
Existing solution #2: Manual, beam-based anomaly detection
_ After observing a drop, search for
Operators watch for a drop in X-ray power here RF stations with warning/fail status

HOHHEHE M I-I :
£

E R[E] % &

Many missed events
(recall ~ 1%)

|
B

21



Anomaly Detection: RF Station Faults

SLAC
New approach: Beam-based algorithm inspired by operators
(Planned) |
Beam
position
g _ 1 monitors
Question: How do we train \ | J
these algorithms with no :
labels? Algorithm #1 looks for Algorithm #2 looks at
subsystem anomalies final beam quality

Key insight: A ‘good’ pair of \ Y ’

algorithms will be self-consistent

Simultaneous anomalies trigger alarm 9o



Coincident Anomaly Detection (CoAD)

Consider two algorithms making predictions on two streams of data

Unknown

7 Subsystem —— Algorithm 1 — Prediction — Self-

Consistency

machine state ~— Beam quality —— Algorithm 2 — Prediction — metric

w

Anomaly
confidence
w o

Anomaly
confidence

o
]

N
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1

| Subsystem (s)

0 20 40 60

80

100

N
1

—
1

Time

1Quality (q)
0 20 40 60 80 100

* Red stars = consistent
black stars = inconsistent

* More red = higher recall;
less black = higher precision

FP rate = product of black star rates
TP rate = red star rate — FP rate

=>» Unsupervised precision/recall
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Coincident Anomaly Detection (CoAD)

Consider two algorithms making predictions on two streams of data

We estimate unlabeled version of recall/precision from coincidence

Estimates can be differentiable =» can train neural networks!
l.e. a loss function, not just a metric

Formally the loss function is defined for NN outputs fl ] fz ;

~ _ (14 p5%)(J - D) _ (148 (PR)
= e ST T RipP

J = Py = lE(fle) - red star rate d=ef 1~ Fi2 B2~ Fi . estimated FP rate

1= 1-—p

M; - mean of ﬁ (¢ Estimated anomaly rate /8: Weighting factor (recall vs. precision)

24



CoAD for RF Station Faults
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Implementation for RF station task:
_ ’ (Netv‘(?f‘f Unsupervised
RF Station 2 Anomaly loss function
data Z confidence
Estimated
precision/recall
Beam Anomaly
Data confidence
Normal RF Station Normal BPM Anomaly RF Station Anomaly BPM
o \_/ .
\_J
R L
-50 -40 -30 -20 -10 0 -8 6 -4 -2 0 -50 -40 -30 -20 -10 0 -8 -6 —4 -2 0
Time (s) Time (s) Time (s) Time (s)

25




Case Study 1: Performance in the control room

(4]

Summary of predictions on 4 months of data

Precision Recall )
100x more anomalies vs.
(events) / i

manual recording

Manual recording by NA 6
operator 30% more anomalies vs.
Status bit 0.31 385 == ctatus bit
Coincident Detection 0.88 504
\ 6x fewer false positives vs. status bit

Live deployment in LCLS control room!

PYDM (on lcls-srvoa)

Tool 3
% LCLS Klystron States
Home

[ O O A
[ Y O A
NN .
[ N [
[ (Y Y [ O
DDDDDDDE{DDD
- N NN
- NN

RF
BPMs Amplitude

Ryan Humble, Finn O’Shea, Zhe Zhang
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Anomaly detection: other applications

Searching for edge-localized modes in tokomaks

» Lots of data
* Mostly unlabeled
« Multi-modal diagnostics

0.75 - Green lines: existing State-of-art
Interferomet_ers, . . . .
_ 0:501beam emission Yellow bands: DNN trained with coincidence
L 0.25 spectroscopy
E 1.0
O 0.00 A
—0.25 A 0.8
] %—: 0.6
0:2:4 Filterscopes ¥
TCJ 0.1 g 0.4
= =
S 0.0+
6’ 0.2
-0.1
_02 T T T T T T T 0.0 4
-1.5 -1.0 -0.5 0.0 0.5 1.0 15 ’ : : : : :
time (ms) 2460 2480 2500 2520 2540
time (ms)
F. O’'Shea
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Outline

1. Online control of x-ray facilities
2. Anomaly detection

3. ML for inverse problems



Inverse problems

Generic inverse problem:

4=

o * . 2
1. Solve optimization problem: Yy = aIrgIinin |<I>(y) — Cli‘|
Yy

hidden layer 1 hidden layer 2 hidden layer 3

2. Train a neural network:

3. Train a cycle-consistent
neural network:

Caveat: ® must be
differentiable!




Inverse problems: X-ray Pulse Reconstruction

1 AR
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Measure amplitude of power/spectrum: can | recover phase?

Input spectral power points
(80meV FWHM resolution)

Spectrum
Vertical bend o
dipole magnet i

RF Deflecting Cavity Input power points

(XTCAV) </\/, . M (3fs FWHM resolution)

Horizontally Vertically %
‘streaked’ bunch  dispersed bunch

- :

4— z

o, power
Maxwell, Timothy J., et al. International

X Society for Optics and Photonics, 2014.

X-band Transverse

En ergy

30



Inverse problems: X-ray Pulse Reconstruction

>
)

N
5..
(

Approach #1: Iterative optimization

Measure
Power \ Guess Input spectral power points
h Field (80meV FWHM resolution)
Measure / F(t),F(w)
Spectral

power ’ Spectrum
Vertical bend
dipole magnet A-ctyn
X-band Transverse )
RF Deflecting Cavity Input power points
(XTCAV) /\/, . M (3fs FWHM resolution)
Undulator \“\"\\‘\)::;‘\ / / 5
e N \ / N g ‘
‘ S Horizontally Vertically ]}.me .
‘streaked’ bunch  dispersed bunch

-

4’ z

o, power
Maxwell, Timothy J., et al. International

X Society for Optics and Photonics, 2014.
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Inverse problems: X-ray Pulse Reconstruction

o1 AL
o e
Approach #1: Iterative optimization
Mpeasure S — )
ower \ Guess o
&« | o : 105-10° times
Measure / F(t),F(w)
Spectral Pulse #n == — %
power Spec e

32



Inverse problems: X-ray Pulse Reconstruction

ol A
L= T g\
Approach #2: Train a labeled neural network
Simulated Output
: €
Simulated field
Input Labeled loss,Lse
4 R
NN Inverse \
power Field, Real/Imaginary
61 \ — Real-1
,’I —— Imaginary-1
o~ 7 ~= Real-2
2 Predicted § ¢ ; SAL L
ectrum S o
Naiithall) Output 5] ‘f.\‘,
| | o Voo
Problem: absolute phase is meaningless! - N

T T T T
8 10 12 14

D. Ratner et al., Opt. Exp., 2021 Time (fs)
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Inverse problems: X-ray Pulse Reconstruction

Approach #3: Train a neural network with cycle-consistent loss

“Physics-informed neural network” (PINN)
Advantages: No need for labeled data, train directly on experimental data

Power _ Predicted
4 e ) g i Input
NN Inverse power e ~N
power Physics oower
forward
model, ®
Spect Predicted
ectrum
N / Output \Spectrum)

Unlabeled loss, L.

D. Ratner et al., Opt. Exp., 2021 34



Inverse problems: Single-particle imaging

ol AL
o b M\
Single-particle imaging of biomolecules with Cryo-EM:
« Structures for un-crystallizable Gryo:- B Density map

proteins/RNA

» Closer to in-vivo than a crystal

» Access to conformations not just
average structures

(2/9(
A@
» 5 y
pe

-

Kappel et al.

3D Reconstruction

Straight Parallel 4y gy )
Electron Beams 4 ﬂﬂ 0{[ 'y

@ - T\
Randomly Oriented A“g % @  Thin\Vitreous %=5'° % i’"‘g=§

3D Particle Ilce Layer ‘ ,/
- _ fisy

-
e °

2D Projection from
Unknown Orientation

-

35
Images from people.csail.mitedu  Greg Pintilie



Inverse problems: Single-particle imaging

1

Recast as an inverse problem:

Iteratively solve for pose and densities

. . . . 1 ?
(e.g. expectation-maximization) Why use deep learning”

Pose

¢

'

')‘Tiza
¥ >
I

Density map
Y~ ¥
) J// \

A

o
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Inverse problems: Single-particle imaging

1

Recast as an inverse problem:

Iteratively solve for pose and densities

. . . . 1 ?
(e.g. expectation-maximization) Why use deep learning”

Pose

1. Scaling with particle number:
classical methods require pose for

Density map every particle

37



Inverse problems: Single-particle imaging

o1 AL

P Ty o\ N

Recast as an inverse problem:

Iteratively solve for pose and densities

- . . . 1 ?
(e.g. expectation-maximization) Why use deep learning®

Pose Density map

1. Scaling with particle number:
classical methods require pose for
every particle

2. Solving for conformations:
classical methods cannot handle
complex, continuous variation

38



Inverse problems: Single-particle imaging

Recast as an inverse problem:

Iteratively solve for pose and densities
(e.g. expectation-maximization)

ARTICLES IEEE TRANSACTIONS ON COMPUTATIONAL IMAGING, VOL. 7, 2021 759
n methods . .
ature; CryoGAN: A New Reconstruction Paradigm for

® oxstrome Single-Particle Cryo-EM Via Deep Adversarial
CryoDRGN: reconstruction of heterogeneous Learning

cryo-EM structures using neural networks Harshit Gupta ©, Michael T. McCann ©, Member, IEEE, Lauréne Donati ©, and Michael Unser ©, Fellow, IEEE

Why use deep learning?

Ellen D. Zhong "2, Tristan Bepler©'2, Bonnie Berger 27 and Joseph H. Davis 1452

@ DeepMind . 3D Flexible Refinement:
Structure and Motion of Flexible Proteins from Cryo-EM

Inferring a Continuous Distribution of Atom '
Coordinates from Cryo-EM Images using VAEs Ali Punjani"**  David J. Fleet'*

1{Tni ; 2 ; 3 ;
Dan Rosenbaum®', Marta Garnelo™', Michal Zielinski"', Charlie Beattie', Ellen Clancy', Andrea Huber', Pushmeet Kohli', UmverSIty Uf Toronto Vector Institute Structura BlOtCChl’lO]Ugy Inc.

Andrew W. Senior', John Jumper', Carl Doersch', §. M. Ali Eslami’"!, Olaf Ronneberger”' and Jonas Adler”’
"Equal contributions, ' DeepMind Apl’ll 2021

39
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Inverse problems: Single-particle imaging

t"

Ultimate goal is to produce an atomic model...

Data Collection Partic!e 2D Classification
Extraction \
<— a
o ] Initial Model
...but fitting an atomic Generation
model is still a l/
manual process <—
r
Refinement 3D Classification
40

G. Skinkiotis, D. Southworth, Microscopy 2016



Inverse problems: Single-particle imaging

N

Recent work: directly learn atomic model conformations on data

« Parametrize atomic model with normal mode analysis (NMA)

« Train encoder network to map each image to a point in NMA space

 Differentiable simulation maps NMA space to atomic model to
microscope image

Forward model

Encoder Latent NMA
network representation Output
N A -
Conformation e | Microscope e
Space ) Decoder B Digital Twin By J¥e 2
' A
) - L/
Orientation I
Space I
I
I
I

difference between input and output images

Learn network/model parameters by minimizing the }(




Inverse problems: Single-particle imaging

First experimental results on spliceosome:

» Fitting 16 normal modes, 140k particles, 128x128 images
* Uncertainties from cross-validation (2 partitions)

Absolute error NMA latent space Observed motion

PC2 (0.105456)

=20 -10

0 10 20
PC1 (0.813540)

Signal-to-noise Y. Nashed, F. Poitevin, et al. 43



Inverse problems: differentiable simulations

Key requirement for PINNs: differentiable simulator

Example of benefit from cross-domain collaboration: same team working on LArTPC,

MAGIS, and CryoEM!

LArTPC (e.g. DUNE) simulator:

dE
. Track segments (—)
o dx

Birks model: Ag, kg,

.......... > .
electric field Quenching

‘4 Number of ionized
,» electrons per segment

Drift velocity,
lifetime, transverse/ --++---++"

: > Drifting
longitudinal diffusion
1 "4 Electron distribution
at readout
Current
| "4 Gurrent inducad on
18 m each pixel
Electronics

17 kton module
(10 kton active volume)

66 m

4 ADC counts per
pixel/time

S. Gasiorowski, Y. Nashed, Y. Chen, K. Terao et al.

MAGIS-100 simulator

(Reconstruction Domain] ( leferenn;lgls Forward ) ( Sensor Domain )

ODE Solve +

' [ Phase Calculation ] '

Initial State: {'\

Wavefront Aberrations:
Parameters f#

Loss
Currently function
parametrization, could

extend to neural field

—> (D «—

Adapted figure from M. Kagan

[ Measured Data J

Cheong, Sanha, et al (2022)
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Thanks for your attention!
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Introduction to SLAC
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SLAC’s mission revolves around major scientific facilities

Machine Learning Initiative (MLI) structured around 3 connected pillars:

Scientific facilities (SLAC) Tackle grand
Algorithmic development (Stanford) > challenges in Science
Benchmark datasets (SLAC) and Al/ML
Scientific
Scientific facilities Facilities/ New algorithms
Challenges applied to

generate datasets

,MLI ‘
>

Data supports
Al/ML research

facilities/grand
challenges

Benchmark Stanford Al

Datasets Research

0 A~



Example: SLAC Particle Accelerator Data Set

Does simple thresholding on RF station amplitude work?
No! Thresholding on the RF amplitude misses anomalies and triggers false alarms

Nearly 20% false negatives and false positives from a simple threshold

05 4 T
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| anormalous
0.4 - :
1
41._.'1 1
= 1
> 03 !
L
5 |
= 1
E 0.2 4 :
s
0.1 1
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