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Autonomous Labs: Characterization and Synthesis
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CNMS Is a national user facility with a

mission to advance nanoscience
About CNMS: Research areaqs:

» Unlike many user facilities, you don’t

Synthesis — 2D, precision synthesis, selective

need to have samples to apply for time deuteration
* Two calls per year for continuous « Nanofabrication - direct-write, microfluidics,
access; anytime for short-term projects cleanroom

> SRl 2HEeE e 2zt « Advanced Microscopy - AFM, STM, aberration-

- Free access to laboratories, equipment corrected TEM/STEM, atom-probe tomography

and expertise if you agree to publish
* Functional Characterization - laser

* Proposal deadlines: early May and spectroscopy, tfransport, magnetism,
mid-October electromechanics
 Joint proposals with neutron sources

» Theory and Modelling - including gateway to

(SNS, HFIR) leadership-class high performance computing

CNMS is a Nanoscale Science Research Center supported by the U.S. Department of Energy,
Office of Science, Scientific User Facilities Division
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Why do we need smart microscopy¢

Control over Enabling new
synthesis pathways experiments
Closin.g the theory- Focus on Science.
experiment cycle not Operations

in a reasonable
fimeframe
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“Smart” workflow necessities

Feedback control

Algorithms
Sormm; . State

Knowledge

Microscope

Simulations

Data Drive Physics Driven
ML PINN Hybrids Learned DFT

DL parameters  QMC




Realizing smart microscopy labs at user facilities

Compute Infrastructure Data Infrastructure Software Infrastructure

« Cloud services
 Edge computing - FPGAS
« "Far-edge"” — dedicated

GPUs for experiments

« Leadership class
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Standardized data
models

Data pipelines / access

Federated data stores

Open-source analysis
packages

Data pipelines / access /
control (INTERSECT)

Federated data stores

¢=. Dycroscopy

INTERSECT SDK



Abstractions make the (automated) world go round

“Chemputation” - Digital chemistry PycroManager

pManager Pycro-Manager

1) Call Java or C+#+ # pthon
through Python

2) High-level

programming interface

[A] Reaction Scheme 'E| Markup Language

H-0 ! 2
: e . - S Procedure Data/instruction
o 20°C Add transfer layer
60 i n \ vessel
reagent “butenone water ¢ t
volume "I ~ / >
Natural language Add ' Hardware [ Scientific
Cyclopentadiene r 10 mmol) wa ed t solutior vessel control ' \ computing J
f Methyl vinyl ketone (1 y water (1 reagent “cyclopentadiene . J oy N - —t 2
vl ing wae £ . o, volume 2 ml Hardware External [ ) \
lhour at 20 °C. ot abstraction (@ Core Python ?::(r:nhme I i Da_ta.
=S A ing visualization
HeatChill layer libraries \_ A )
@ Parameter table vessel DR —
» o
’ Time I Temperature | Concentration ‘ Solvent b c,zoom.cn
i 60 i 20 l 1 l H.0 stir b  Pycro-Manager high-level programming interface
Procedure Aoquisitionengine
(D] ReactionSMILES [F| vector representation Hardware-——>  Adjust i I ms;(s)

D=C{C)C=C .C1=CC=CC1>0>0=C(CYCAHRIC@HIICCIC@H)CIIC2

G EIGEIeo 1 [iolio] s i raroware | [ camer
N l Acqweddala

Hammer, Leonov, Bell and Cronin, JACS 1, 1572 (2021) Images Y o
isplay

Graphical t
user interface
A complete programming language for ozt B Data-driven acquisition _| , \"29¢

chemistry that can run on open hardware
Pinkard, et al. Nat. Methods. 18, 226 (2021)

Computation already has abstractions. But most science characterization tools do not.
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Hardware abstraction - FPGA Software absiraction - python

# Pole half the sample

# Locate the position of the wall

# Randomly select a location on the wall, and randomly select a bias pulse magnitude and pulse width
# Move tip to that Location and apply a bias pulse, move the tip back to the start

# Then scan to observe effects

Instrument 1

wall_bias_locs = []

for k in range(num_iters):

if k¥reset_freq==0:
print(‘'on iteration {} of {}, resetting the wall'.format(k, num_iters)) HOrdWO re

.
t
data_output, d, x , y = raster_scan(volt,pix,num_lines, IO_rate,trig,offsetvx,offsetvy, tip_volt=reset_bias,

apply_half=True, left_bias=False) C O n n e C‘I‘io n IOye r

last_x_pos = x[-1]
last_y_pos = y[-1]
first_x_pos = x[0]
first_y pos = y[@]

move_(last_x_pos, first_x_pos,last_y pos, first_y_pos, move_speed) #at beginning of scan, move to starting p

data_output, d, x , y = raster_scan(volt,pix,num_lines, IO rate,trig,offsetvx,offsetvy, tip_volt=-reset_bias

I3 #PGA_DAQ_04 (host)vi - o apply_half=True, left_bias=True)
File Edit Operate Tools Window Help move_(last_x_pos, first_x_pos,last_y pos, first_y pos, move_speed) #at beginning of scan, move to starting p
p”
b2 O #Do a standard scan, without any bias.
data_output, d, x , y = raster_scan(volt,pix,num_lines, IO_rate,trig,offsetvx,offsetvy, tip_volt=0.0,
controls | input and output waveforms | operating parameters apply_half=False)
data_collected.append(data_output)
doDAQ () else:
full bubfered downdoad SRR I plot0 FANG #find the mean wall position

amp_img = data_output[2].reshape(-1, pix*2)[:,:pix]
phase_img = data_output[2].reshape(-1, pix*2)[:,:pix]
bias_amp, bias_pw, wall_x_pos, wall_y pos, xpos_v, ypos_v = get_next_action(amp_img, phase_img, pix=pix)

. . Software layer
Call low-level functions to control tip T e e r—p—

my_results = {'results': data_collected, 'wall locs':wall_bias_locs}

e p OSi'I'i O n , S C O n n i n g (e . g . rO S'I'e rl S p i rO | , 3 pickle.dump(my_results, open("wall_pulsing revised smaller PTO_4odeg.p”, "wb"))

on iteration @ of 501, resetting the wall

Amplitude

of 501, PFM scan after applying -3.35V 285.55ms pulse at wall position
of 501, PFM scan after applying -3.93V 199.25ms pulse at wall position

.
move etc.), specify voltage & i
] 7 on iteration 3 of 501, PFM scan after applying -4.98V 110.52ms pulse at wall position

[ Plot 0
selected download HiEw I oto AN on iteration 4 of 501, PFM scan after applying -2.31V 134.52ms pulse at wall position

]
on iteration 1
2
3
. 4
on iteration 5 of 501, PFM scan after applying -2.58V 330.86ms pulse at wall position
WOVe Orl I ls ’ C O eC O O O In on iteration 6 of 501, PFM scan after applying .16V 138.66ms pulse at wall position
on iteration 7 of 501, PFM scan after applying -8.43V 62.23ms pulse at wall position
8 of 501, PFM scan after applying -5.31V 260.58ms pulse at wall position
9 of 501, PFM scan after applying -9.94V 300.36ms pulse at wall position
1

0 nf 501 recatting the wall

on iteration

Jupyter notebook i

Amplitude

Enables design of complicated
v automated and autonomous
experiments, hardware independent User
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Automating SPM: AEcroscopy

Software Infrastructure

—

AEcrzscogz

Welcome to AEcroscopy

Get Started

Get Started

Experiment

Experiments

&

An ecosystem for microscopy data ingestion, analytics and visualization

Credit: Yongtao Liu

pycroscopy

A general -purpose
package for
microscopy imaging
and spectroscopy data
analytics, including
registration, image
cleaning, unmixing,
etc.

Y/ &b v W K

Step 4. Do a BEPFM at the whole experiment area

dset_pfm, dset_chns, dset_cs = newexp.raster_scan(raster_parms_dict = {"scan_pixel": 32, "s¢
"scan_y_start": -1.0,

“scan_y_stop": 1.0}, Deploy

file_name = "pfm_whole", ploton = False)

f, (ax1, ax2, ax3, ax4, ax5, ax6) = plt.subplots(1l, 6, figsize = (30, 5), dpi =
ax1.imshow(dset_pfm[:,:
ax2.imshow(dset_pfm[:,

plt.show()

# »sidpyhdfhdf utilsget attr  View page source

sidpy.hdf hdf_utils.get_attr

sidpyhdt.hat_utls get_attrihs_object, attr_nome)

Returns the attribute from the hSpy object

Parameters::  hS_object ( nspy.oataset
»5py.Grow OF nspy.File )
object whose attribute is desired
attr_name (str} - Name of the
attribute of interest

Returns:: att_val - value of attribute, in
certain cases (byte strings or list
of byte strings) reformatted to

readily usable forms

Retumn type::  object

o temiio

For ingesting a Python package ~ Python package Python utilities Utilities to Deep learning Python based Python tools for

variety of for reading and for reading and for storing, analyze, fit and toolkit for codes for simulation,

microscopy files  visualizing our visualizing our visualizing and visualize Band - analysis of analysis of 4D- registration,

for output to universal N-dimensional fitting Excitation and G -  atomically STEM and analysis and

sidpy dataset spectral imaging ~ spectral imaging Spectroscopic mode imaging resolved imaging  aberration - visualization of

objects dataset format dataset format Imaging Data data primarily and spectroscopy corrected TEM datasets
for CNMS SPM datasets vanilla STEM

Users datasets

(CNMS/ORNL)

100)

sidpy.Dataset

 Standardized

data model
Vasudevan et al. Advanced e In-built

Theory and Simulations , q
(10.1002/adts.202300247) \FfirZOSTﬁiSﬂS'eﬂsg an
(2023)



Example automated datasets
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Same experiment, different day

Vertical PFM Amplitude Vertical PFM Phase
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Automated experiments and ML can only go so far

We have access to theory: why not use ite
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Ganesh, Rajeev, Shuaifang, CNMS Scalable Multi-Physics Modeling of Field Driven Coupled Phase Transitions

-

Electric potential ¢p: koVZ2p —V -p =

F =
Fuly, Co

Open source
software

- M@@S

/(wlandau(P) + ngrad(vp) + wmech(Pa 6) + welec(Pa E)) d

Upley

=PETSc

Polarization(py, Py, P3)

- (a_l — v (ag;;i))

N~

Mechanical equilibrium equation
V- (Cijki€kt — Gijiaprpr) = 0

\_

1| ) i
Jesimayd WALKT
S o 4 A ﬁ

e —rr | TTTTITT
WEN CADES/

High-Throughput
Phase Field

3D simulations of
polarization
response to a high-
field at a domain-
wall in BaTiO;

H k k
Sym bolic log(tavien) = ~8.777 + 0197 exp(Vj) - o.ooss4<§')], Q)
[ )
Regression . .
20— —0.597 — 7. 676( ) + 12.637(, [~ ’ 2
Lot kn ken
b c
-5 7
+ Training data
o = NiO 6
:ﬁ-ﬁ ® TiO, s
L 3
? HfO, o
TR ge
% " E 2+
& 1}
s N e

LN, t Calculated Log(t,yitc) (S) Calculated I/l ¢

on “off ‘switch

o K. v,

Fig. 5 Machine learning results. a The Pearson correlation plot between the different material-characteristics and the performance metrics.
The SISSO model fits to the data using a 2D-descriptor for b tyitch and ¢ lon/log.



Autonomous theory-experiment workflow requirements

Orchestrating
Agent

Experiment script
— -
AEcrgscoQZ Step 4. Do a BEPFM at the whole exp:

dset_pfm, dset_chns, dset_cs = newexp.raster_scan(t

1

Welcome to AEcroscopy f, (ax1, ax2, ax3, ax4, ax5, ax6) = plt.subplots(1,

Results viz. + analysis

Updated
Parameters

%OAK RIDGE

National Laboratory

Large scale phase-
field simulations

I MOOSE

MLz sess1: Lo b B



R

einforcement Learning

Actions Partial
» Information
W Rewards M
Model-based
Approximations

States

« RLis atype of machine learning
where an agent learns to a policy in
an environment by repeated
interactions, with a goal of
improving that policy’s expected
rewards

%OAK RIDGE

National Laboratory

Policy Objective
n(als) = P(4; = a |S; = s)

J(0) = Ereny [R(7)]

Standard Policy Gradient:
T—1

VoJ(0) = ET[Z Vo log mg(at|s:) Gl

t=0

Actor-Critic Policy Gradient:
T-—1
VoJ(0) ~ > Vologmo(arlse)(resr +Vi(set1) = Vi(se))
=0
-
= Vo logmg(as|s:)A(sy, ar)
t=0

i



Policy gradient methods:

Stein variational policy gradient (SVPG) algorithm

O« 6 + 5,0(0") where L~ ;ﬁ j"ﬁ* .
S Time
1
H(0") = S > (65, 0;)V gt logp(85) + Vg: k(65, 6;)
j=1

Liu, Yang, et al. "Stein variational policy gradient.” arXiv
preprint arXiv:1704.02399 (2017).

« The first term drives the policy particles towards the high probability regions of
p(0) by following a gradient ascent direction.

« The second term pushes particles away from each other diversifying the policies.

« SVPG balances exploitation (driven by policy gradient) and exploration (driven
by repulsion between different policies). Thus, SVPG can learn robust and

diverse policies to improve the training convergence.
%OAKRIDGE
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Asynchronous Load-Balanced RL Algorithm

—

1

7T1 .
Calc. Polic

Env. M

(Env. 1 R MPI Window
%,
Agent2 <mm) _— Weights, Policy
Gradients

2
.M

2
.M

Stein Update

Ty

Calc. Policy J
v - tese — SRR
.
With P. Sao, R. Kannan

%0AK RIDGE Stein Update (CSMD/ORNL)
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Results: Load Balanced Asynchronous SVPG-RL

%

1750 A
1500 -
1250 A
1000 -
750 1
500 -
250 1

OAK RIDGE

8 Nodes WITH load balancing

00 25 50 75 100 125 15.0

8 Nodes NO load balancing

40000 1

35000 1

Number of Total Simulations

10000 1

Load Balancing Comparison

30000 ;

25000

20000 -

15000 -

-&)- Load Balanced

-&- Ifno LB

10 20 30 40 50 60
Number of nodes

Load Balanced: 465 iterations at 3.02s/it

National Laboratory 1_

No Load Balanced: 320 iterations at 5.32s/i




Experimental workflow

Let’s say we want to optimize
a sequence of bias pulses and
create regions of
high curvature at this
ferroelectric domain wall
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Domain
knowledge,
Simulations

Workflow

Write
automation
script

Collect data on
state fransitions
with policy

<

From data, frain
a surrogate
model

Train RL agent,
obtain policy

Update Policy



Wall Manipulation in (110) PTIO; thin flims

Transition_k=306.h5V=7.74 V 0.25ms

0

20
40
60
80
100
| 120

0 50 100 0 50 100 0 50 100
0 0 0

20 20 204

40 40 40
60 60 60
80 80 80
100 100 100
120 120 120

0 50 100

Sample from J. C. Yang (NCKU/Taiwan)




Surrogate Model Training

Example of training data

Input, V = -9.17 283.93ms Next State 10 Input, V = -9.17 283.93ms Difference
> ! !
25 1 :
- : — state
50 1 H —— next_state
0 p
75 g
100 =5 1 :
]
125 - T -10 T T T I T T T T T T T T T
0 50 100 0 25 50 75 100 125 0 25 50 75 100 125
o Input, V = 9.05 215.52ms 0 Input, V = 9.05 215.52ms Difference
- i :
25 y - i
s . : —  state
50 —— next_state
O -
75 o 1
& ]
100 2 : 5 | E
]
125 - x T 2 —10 T T L T T T T
0 50 100 0 25 50 75 100 125
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Reinforcement Learning: Autonomous Wall manipulation

HUMAN SOLUTION RL SOLUTION

Not yet deployed on the instrument: full workflow requires better
connections, more data acquisition speeds, and input from simulations
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Workflow Requirements

» Algorithms, Simulations ~/

* Instruments connected to
compute v/

« Data infrastructure Q

* Experiment-Theory workflow

orchestration Q

%OAK RIDGE
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Domain
knowledge,
Simulations

Workflow

Write
automation
script

Collect data on
state fransitions
with policy

<

From data, frain
a surrogate
model

Train RL agent,
obtain policy

Update Policy



Summary: “Smart” workflow necessities

Feedback control

Algorithms
Jormmm . State

Knowledge

Microscope

Simulations

Data Drive Physics Driven
Expressive_
ML PINN Hybrids Learned DFT

DL parameters QMC
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