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Quick XRR —
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Resolving mass transport in spin coating with XRR
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Quick XRR - into the pys range
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Quick XRR 1 ms:
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The limits of synchrotron and detector technology

Limited by Eiger 2 photon Limited by Petra lll
counting detector: synchrotron:

- XRR=1000 pixels long "
- beam on pixel for 263 2 - 10"? photons per
ns

a second
Eiger limit: 1 photon 10 ~ XRR: /10°
per 100 ns l | 4 - 263ns: /4*108
—> max 2-3 photons per 2 = 2-3 photons left
pixel ’

—> we want better
synchrotrons

= we want better
(integrating) detectors




Large datasets

* 1 ms reflectivity for 1 Minute => 60000 XRR curves

(see https://github.com/DavidMarecek2/Millisecond-XRR for many curves)

* The natural way for any techniques is to produce more and more data!

e Thomas Saerbeck @ D17 ILL:
60 ms NR curves atILL
1995: 8h
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* Synchrotrons among the largest producers
of scientific data!
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https://github.com/DavidMarecek2/Millisecond-XRR

Fast analysis of quick XRR - the new standard?
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— Higher accuracy for NN + least
mean square fit

—> NN + LMS new state of the art?!

A. Greco ..., F. Schreiber, S. Kowarik, J. Appl. Cryst. (2019). 52, 1342
https://github.com/schreiber-lab/mlreflect



Any way to make interoperable modules /
python libraries for XRR fitting?

refnx - Andrew Nelson
genx - Artur Glavic

reflid - Brian
Maranville

RasCal - Arwel Hughes
mireflect — V. Starostin

anaklasis - Alexandros
Koutsioumpas

BornAgain - Joachim
Wuttke

easyReflectivity -
Andrew McCluskey
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—> user facing standardisation
—> under the hood standardisation
— ORSO file formats, model language & python
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Co-Refinement of large(ish) data
In situ XRR data of thin film growth

Dense neural network fit Time-dependent X-ray reflectivity data
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A growth model fit can be implemented with

a QNN and refgx

Thickness [A]

250

0.01 0.05

alA-1]

240 » 10 growth
parameter model

parameters

Crystalline lattice planes:

dt Rn>1(§n—1 - Sn)’ n>1

Feeding zones for island growth:
_ 0, 6,< 9,‘,“,

5= 11— exp(—{[—In(1 — 6,1 — [~ In(1 — 6, )I"2})

Critical island size for nucleation:

[ , 05 tanh[—0.5(t + b)] +0.5

) on cr =c
0.5 tanh(—0.5b) 4 0.5 ’

(c—Pexpl—dt — )] +f,  bou<c

0, =

n,cr

46, _ {R1(1 —0)+ R, (6, — &), n=1

Reflectivity [normalised]

Max pool
Max pool
Max pool

Growth model
parameters
(growth rate,

Max pool

ST

Fully
Depth 64 Depth 128 Depth 256 Fully Conn. laye rcovera ge S)
Conv3_1 Convd_1 Conn. 16 . :

Depth 32 gz:g—; Conv3 2 Convé 2 Fully 5, Dens3_1 pre diction

Convl_1 —, Conv3_3 Conn. Dens2 1 Dens3_2

Convi_2 023 64 pens2 2

- Densl_1 ense_
iy Growth
refnx/refnx
Neutron and X-ray reflectometry analysis in Python m O d e l'
&7 ©o w25 ¥ 15 e parameters
Contributors Issues Stars Forks

. fitting

14



Fitting / prediction with physics model works!
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We can measure less: sparse sampling

Random sparse sampling [ ) :
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We can measure at lower X-ray flux
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Can we regularise less strictly for higher accuracy?
Physics informed neural networks

Dense neural network fit

10

Reflectivity norm. (log)

No regularisation

d(t,),d(tz), d(t3),d(ts), ...

Q
\v'vl/

Strict regularisation

d(t) = growthrate x t

Training a physics-informed
neural network

uantities

du d*u
dx’dx?’"™

Compute derivatives and
minimise underlying
|

equation residua

Approximate regularisation
add term to MSE loss function:
ad(t)

BT growthrate = 0



2014 Playing Atari with Deep Reinforcement
Learning — Google DeepMind

Playing Atari with Deep Reinforcement Learning
Volodymyr Mnih, et al. https://arxiv.org/abs/1312.5602.



https://arxiv.org/search/cs?searchtype=author&query=Mnih,+V
https://arxiv.org/abs/1312.5602
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Why Reinforcement
Learning?

* Measure fast & get best
data possible results.

* Hard to formulate as
classical optimization
problem

—Treat it as unknown
environment and let an
agent learn to measure at
points which lead to good
predictions

—>see also Jos Cooper:
HOGBEN code / Fisher
information



Reinforcement Learning for XRR Measurements

REINFORCEMENT LEARNING MODEL

State (St)
>

—

Agent

Reward (Rt)

R(t+1)

S(t+)

Environment

First, we discretize the whole problem:

 Action: diffractometer measures for one
second atg=...

'(L:‘Acs'on « State: An Array with
* values for each g position
* the measured counts per second
* the overall measurement time for g

q 0.01 0.02 {0.03 |...|0.24 [0.27 {0.30

CPS (2300 |O 450 |...|6 0 4

time | 1 0 2 e | 2 0 1




Reinforcement Learning for XRR Measurements

REINFORCEMENT LEARNING MODEL
State (St)

N The Reward Function
Agent
— . —
Acti .
Reward (R a  * Lead to stable learning
* Encourage exploration
R * Later: punish long moving times
e — .
< St Environment - |¢=———

# pts. meas. 1  for new gpoint
256 (—1) for same gpoint



Predictions with partial reflectometry data:
ResNet 18 for RMSE
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Oil 0?2 0j3 0j4 0?5
X-ray momentum transfer q [1/A]

Output:
thickness,
roughness,
density



The Predictor-Agent Interaction & Agent Training

Counts per Second > Measurements: g, CPS>

XRR Machine RL A Predictor
(Environment) q Position to Measure gent (ResNet-18)
true thickness, predicted thickness,
For Training roughness, SLD roughness, SLD
simulate
XRR machine Final

Predicti
Agent: rediction

* Actor Network: Input State vector, returns probability for each
discrete action, then sample from this distribution

e Critic Network: Evaluates the actions taken by actor

Actor / Critic optimized with gradient based method + clipping

Proximal Policy Optimization (PPO) arXiv:1707.06347 (OpenAl)



https://arxiv.org/abs/1707.06347

] Al agent learns
ReS LI lt: . to measure
4 => error drops
Agent learns to choose
g points better than an _
1A = 01 -
equidistant scan AN | P
* Predictions with < 2% error &’
* Parameter ranges:
Thickness d 50 -400 A
SLD 5-1210° 1/A? 001 -
Roughness 3-12A 0 ] 100000 ' 200000

Training epochs of Al agent
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How does it work for a real PMMA sample?

"""‘"\. eqidistant

* Adaptive scanning implemented
via BLISS (python)

* Prediction of thickness
« 256 pts equidistant: d =80 A
e 64 pts equidistant: d = 66 A
* 64 pts agent: d=79 A



Quick XRR
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How can we analyse large XRR datasets












Outline

* quick XRR: into the ps range
* galvo speed record
* spin coating example

* Al XRR analysis
* new state of the art

* live analysis (ML reflect)

* “big data” in XRR: analysis challenges and co-refinement
* closed loop
* adaptive reflectometry — self driving diffractometer



* “Quick XRR down to 300 ys and fast, accurate Al analysis”

» Abstract: We show that we can accurately measure XRR curves in (sub)-
millisecond timeframes using fast scanning galvo mirrors / rotating
samples, and going to the limits of detectors and photon flux at _
synchrotrons. Leveraging the speed of quick XRR, this method permits
the real-time monitoring of rapid thin film deEosmon processes such as
spin coating. The resultant high volume of XRR data, often reaching tens
of thousands of curves, benefits from the integration of a rapid machine
learning algorithms. These Al / machine learning algorithms not only
expedite the analysis but also surpass traditional ditfferential evolution
methods with fewer outliers. Additionally, Al-controlled adaptive in XRR
measurements can contribute to a fourfold reduction in the number of
measurement points required for comparable results. These methods
together pave the way for XRR to study ever faster processes in fields
such as electrochemistry or thin film growth.



“big data” in XRR: analysing and co-refinement

* databases, reproducibility
* One goto database for the community, standard data formats?



