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What is Xopt?

- Flexible framework for
optimization of arbitrary problems
using python

- Independent of problem type
(simulation or experiment)

- Independent of optimization
algorithm + easy to incorporate
custom algorithms

- Easy to use text interface and/or
advanced customized use for
professionals




Xopt structure

Xopt

VOCS

 Defines variables,

objectives and
constraints

Xopt.step()

Pass sample(s) to be evaluated

Generator Evaluator
* Generates sample « Evaluates
points objective function

Retrieve result(s), handle errors, add data to generator, store results etc.




Xopt usage

Xopt

VOCS

objectives and
constraints

Defines variables,

Xopt.step()

Pass sample(s) to be evaluated

Generator
* Generates sample
points

Retrieve result(s), handle errors, add d # take 1@ Steps and v-i_ew data
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# create Xopt object.
X = Xopt(YAML)

for _ in range(10):
X.step()

X.data



Xopt input

Via YAML file (validated by pydantic):

xopt:
max_evaluations: 6408

generator:
name: cnsga
population_size: 64
population file: test.csv
output_path: .

evaluator:
function: xopt.resources.test_functions.tnk.evaluate THK
function_kwargs:
raise probability: .1

VOCS:

variables:

x1: [@, 3.14159]

x2: [@8, 3.14159]
objectives: {yl: MINIMIZE,
constraints:

c1l: [GREATER_THAN, @]

£2: [LESS_THAN, 8.5]
linked variables: {x9: x1}
constants: {a: dummy_constant}

y2: MINIMIZE}

()
P

Via python code:

evaluator = Evaluator(...)
generator = CNSGAGenerator(...)
vocs = MyVOCS(...)

X = Xopt(
evaluator=evaluator,
generator=generator,
VOCS=VOCS
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Evaluator specification
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Python function must accept/return dicts

Input dict must have at least the keys
specified in vocs variables/constants (see
next slide)
*  You can include extra keyword args if
needed!
Output dict must have at least the keys
specified in objectives/constraints (see
next slide)
*  The function can output extra keys to
be tracked!
Evaluators inherit directly from python
concurrent.futures so you can use this for
parallel evaluation (see
/xopt/docs/examples/basic/xopt_parallel)

xopt:
max_evaluations: 6488

generator:
namr s e

evaluator:
function: xopt.resources.test functions.tnk.evaluate THK
function_kwargs:
raise probability: e.1
" —
VOCS:
variables:
x1: [8, 3.14159]
x2: [@, 3.14159]
objectives: {yl: MINIMIZE, y2: MINIMIZE}
constraints:
c1: [GREATER TH&N, @]
c2: [LESS_THAN, ©.5]
linked wvariables: {x9: x1}
constants: {a: dummy_constant}



Evaluator specification

Python function must accept/return dicts

Input dict must have at least the keys
specified in vocs variables/constants (see
next slide)
*  You can include extra keyword args if
needed!
Output dict must have at least the keys
specified in objectives/constraints (see
next slide)
*  The function can output extra keys to
be tracked!
Evaluators inherit directly from python
concurrent.futures so you can use this for
parallel evaluation (see
/xopt/docs/examples/basic/xopt_parallel)
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evaluate(inputs: dict) -» dict

from epics import caget, caput, cainfo
import time

outputs = ["XRMS","YRMS"]
def make_epics_measurement (input_dict):
# set inputs
for name, val in input_dict.items ():
caput (name, wval)

# wait for inputs to settle
time.sleep (1)

# get output values, current time
output _dict = caget_many (outputs)
output _dict["time"] = time.time ()

# compute geometeric avg of beamsizes
output _dict ["RMS"] = (
output_dict ["XRMS"]=*\
output_dict["YRMS"]
)#%0.5

return output_dict



VOCS Specification

« Variables: input domain
limits and names

* Objectives: objective names
and goals
(minimize/maximize)

« Constraints: constraint
names and conditions
(greater than/less than)

e Constants: constant values

xopt:
max_evaluations: 6488

generator:
name: cnsga
population size: 64
population_file: test.csw
output path: .

evaluator:
function: xopt.resources.test functions.tnk.evaluate THK
function_kwargs:
raise probability: .1

VOCs:
variables:
x1: [@, 3.14159]
x2: [@, 3.14159]
objectives: {yl: MINIMIZE, y2: MINIMIZE}
constraints:
cl: [GREATER THAM, @]
c2: [LESS_THAN, 8.5]
linked wvariables: {x9: x1}
constants: {a: dummy_constant}



Generator specification

Use built-in generators by name

s optimization algorithms:

o cnsga Continuous NSGA-II with constraints.

© bayesian_optimization Single objective Bayesian optimization (w/ or w/o constraints, serial or parallel).

o mobo Multi-objective Bayesian optimization (w/ or w/o constraints, serial or parallel).

o bayesian_exploration Bayesian exploration.

e sampling algorithms:

© random sampler

Each generator has its own specific options
Locate the default options in the docs or via

from xopt.utils import get_generator_and_defaults
gen, options = get_generator_and_defaults({"upper_confidence_bound™)

print(yaml.dump(options.dict({}))

acq:
beta: 2.0
monte_carlo_samples: 512
proximal_lengthscales: null
model:

use_conservative_prior_lengthscale:

use_conservative_prior_mean: false
use_low_noise_prior: false
n_initial: 3
optim:
num_restarts: 5
raw_samples: 28
sequential: true

false

generator:
name: cnsga
population_size: 64
population_file: test.csw
output_path:




Data storage
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- Data Is stored by xopt In
the "data attribute s

2 0750000 1.000000 0.750000 1.000000 0.312500 [.23] False NaN

n n 3 0796389 0.796389 0.807321 0.182292 [.23] False dummy_constant

. S et d u m p f I I e I n XO pt 4 0571085 0.871085 0943368 0568348 0.334279 .23 False dummy_constant
i 5 1.067732 0843056 0410974 [1.23] False dummy_constant

- d d d 6 0995019 0707805 0.388707 1,23 False dummy_constant

O ptl O n S to u m p ata an 7 0.803822 0365142 1.2 3] False dummy_constant

8 0.656282 0952071 0434474 0.228792 [1.23] False dummy_constant

t f. t I f.I 9 0566763 0935263 0. . 2 0.271920 0.193911 [1,23] False dummy_constant
XOp Con Ig O ya-m I e 10 0547152 1.008562 0547152 1.008562 (.326474 0260859 .23 False dummy_canstant
. 11 0617813 1081140 0617813 1.081140 0.504283 0351603 1,23 False dummy_constant
after every evaluatlon 12 0491363 1.027666 0491363 1027666 0231751 0278506 23] False dummy_constant
step
.
* Dump file can be used to

restart xopt
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Example Application: LCLS FEL Power Characterization

()
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« Proximal biasing to reduce exploration step size and constraints to prevent charge
loss.

 Custom evaluate function captures 80th percentile FEL power over 100 shots.

« Data stored in Pandas DataFrame objects, exported to text file with Xopt configuration

» FEL sensitivity is captured in the GP model lengthscales inside the generator object.

« Entirely executed from an interactive Jupyter notebook.
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Badger: Missing Optimizer in the
Accelerator Control Room
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What is Badger?

« Optimization interface between
users and machine, the
spiritual successor to Ocelot-
optimizer, powered by Xopt

« Easy to use one click/cmd to re-run
an optimization task

« Fast to extend plugin-based, create
your own custom environment in
minutes

 Multiplemodes use Badger as a
python library, a command line tool, or
a GUI application

> badger run
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https://github.com/ocelot-collab/optimizer
https://github.com/ChristopherMayes/Xopt

What can Badger do?

« General features

* Control the optimization flow
(pause/resumel/terminate)
* Monitor/browse the runs
* Archive/explore the data
* Accelerator control room (ACR) oriented

features

* Send run summary to the logbook

* Jump/setto optimal solution

* Recovermachine state after run

* Supportsoft/hard constraints & tracked states
* Preserve all raw data

* *Continue/rollback a run (planned)

(g
7

rl-
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Badger architecture

Badger GUI/CLI

generator

class

Xopt(generator, evaluator)

configs/‘/(x' Y)

= evaluate(X)

Machine

15



Badger architecture

________________________________________

« Generator algorithms provided by Xopt | Routine

« Environment defines the observations and
the variables

Xopt Generator

* Interface layer between the environment |
and the machine, all data in a run would : Environment

_ S Ao |

flow through the interface |
* Routine contains complete information !

o Interface
about one optimization task ,
4

Machine
Simulation

16



GUI mode (browse/run a routine)

Search bar

Routine filters

Routine list

 Filters

simplex-vanilla-test
09/23/2022,11:13:58

satisfied-silkworm
0313/20:

intf-log-re

07/28/2022,15:30:40

plex-acr-low-gain-exact
2022,14:58:11

simplex-sara-no-adaptive-exact
07/28/2022,14:54:56

simplex-vanilla-exact
07/28/2022,14:51:19

simplex-acr-high-gain-exact
07/28/2022,14:50:22

simplex-acr-exact
07/28/2022,14:43:07

cimnlov.-cara.avart

Badger v0.9.1

Run Monitor Routine Editor

Evaluation Hi E Iteration

norm_emit SOL1:selenoid_field_scale CQOT:b1_gradient

15

5Q0%:b1_gradient

()
.
&

Historical run
navigator

Run monitor

Control bar

Data browser
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GUI mode (create/edit/view a routine)

()

v Filters Routine Editor

Metadata

N

Routine configs

simplex-vanilla-test
09/23/2022,11:1;

satisfied-silkworm » Algorithm

S—— Algorithm configs

Environment/VOCS
configs

simplex-acr-low-gain-exact
07, 22,14:58:11

Unchec

MINIMIZE

cimnloy-cara-avart
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CLI mode
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routine intf-log -r

* badger to get general information

* badger algo/env/intf to list all the
algorithms/environments/interfaces

* badger algo/env/intf NAME to investigate a specific plugin
* badger routine to list all saved routines

* badger routine NAME to review the routine

* badger routine NAME -r to run the routine

* badger run to create and run a routine

0.04432

* badger install env/intf to list/install the Bl A

0.5512
0.1888

environment/interface plugins




APl mode

gLr\i:o
. Use get_algo to get an algorithm e
* Unified user interface/consistent user i
experience R S
« Use get_env to load an environment {(){H
* Set variables to the environment and get
observations from it .
* Embed the env in the workflow )
* No need to setup the simulation/experiment
configs again and again os

»
)
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Create a custom environment
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class Environment(ABC):

- Think about a list of variables/observations that property

ctmethod
lef name(self) —> str:

could beinvolved in your optimization problem

d Varlables are the tunlng knObS dl‘ 1n11:.|::lf, interface: Interface, params=None):
self.interface = interface

[ ] Observatlons are the measurements — Includlng ObJeCtiVeS’ self.params = merge_params(self.get_default_params(), params)
constraints, or system states to be tracked

* Inherit the base Environment class and
implements:

* name name of the environment

* list vars return alist of all the variables

* list obses return a list of all the observations

* get var getthe current value of the variable

* set var setthe variable to the given value

* get obs getthe current value of the observation

@abstractmethod
lef _set_var(self, var: str, x):
pass




Get started

pip install badger-opt
or
conda install badger-opt
then
badger -ga

for more information, please check out
https://slac-ml.github.io/Badger/docs/getting-started/installation
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https://slac-ml.github.io/Badger/docs/getting-started/installation

Tutorial

Run and save an optimization

Create a yaml file under your pwd (where you would run an optimization with Badger) with the following content:

config.yaml

variables:
- x2

objectives:
-cl

To run and save an optimization, run:

badger run -a silly -e TNK —-c config.yaml -s helloworld

Badger will ask you to review the optimization routine:

output

Please review the routine to be run:

=== Optimization Routine

name: mottled-sloth
algo: silly
env: TNK
algo_params:
dimension: 1
max_iter:
env_params: null
config:
variables:
= x2: 0 => 3.14159
objectives:
- cl: MINIMIZE
constraints: null

Proceed ([yl/n)?

output

Hit return to confirm. Badger will print out a table of all the evaluated solutions along the run:

0
> B

> Finers

10ay20z2,

SO R P NRPPLPOONWSESNONGRLNNNGNNWRNWNS

NN NN NN

@ aoWn s WRN P

for more information, please check out

hellawarld

https://slac-ml.github.io/Badger/docs/getting-started/tutorial
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Badger resources

»
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« Badger homepage
https://slac-ml.qgithub.io/Badger/

 Badger core
https://github.com/SLAC-ML/Badger

« Badger plugins
https://qgithub.com/SLAC-ML/Badger-Plugins

« Badger hands-on
https://github.com/SLAC-ML/Badger-Handson

« Badger on PyPI
https://pypi.org/project/badger-opt/

 Badger on conda
https://anaconda.org/conda-forge/badger-opt

« Badger on Slack

#badger
#badger-handsome

@ Badger Docs Blog

{l J! > badger run

Easy to Use

Badger was specifically designed for
operators. You could re-run an
optimization routine with just one
command/click.

Badger

The Missing Optimizer in ACR

%I

Fast to Extend

Badger can be extended through its
plugin system. Shape your
algorithm/problem into a plugin in 5
minutes.

Community

Stack Overflow

(ad | O
o e VN
Gittub iz (ED

.@.
o

Multiple Mode

Badger can be used as a library, a
command line tool, or a GUI
application. Use Badger the way you
want.



https://slac-ml.github.io/Badger/
https://github.com/SLAC-ML/Badger
https://github.com/SLAC-ML/Badger-Plugins
https://github.com/SLAC-ML/Badger-Handson
https://pypi.org/project/badger-opt/
https://anaconda.org/conda-forge/badger-opt
https://slac.slack.com/archives/C02AQS1EGB0
https://slac.slack.com/archives/C033CRE28LD

