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ABOUT ME

» John Cilli

Workplace

 Picatinny Arsenal —  Decisions Branch -
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AGENDA DEVCOM

Current Workflow

* |ssues

Prospective Workflow

 Why?

 How?
» Historical Data
* Design of Experiments
- Bayesian Optimization

* Progress
* Future Development
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WHAT WE HAVE NOW? - OVERVIEW ODEVCOM
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Current lterative
Desigh Optimization
Loop

............. _ Gather Run
f |/ 1pj) Outputs Surrogate
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WHAT WE HAVE NOW? - ISSUES DEVCOM

Findings gleaned from interviews with system
analysts and from assessing past case studies

Challenges in parametrization and space
exploration during early phase of system

study
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7A WHY? - PURPOSE, PRODUCTS, & PAYOFFS [pEvcam
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_ HOW? — ML OPTIMIZATION LOOP
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HOW? — HISTORICAL DATA DEvVCOM
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HOW? — HISTORICAL DATA DEVCOM

« Data-lake (raw data)
« Data-warehouse (processed data)

Enhance database search
capabilities

.
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Historical Data
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HOW? - DESIGN OF EXPERIMENTS
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HOW? - DESIGN OF EXPERIMENTS DEvVCOM

CENTER

Systematic method to explore
relationship between inputs and
outputs

Historical Data

Design Iteration and
Objective Function

Decreased time to explore trade

Bayesian
Optimization &
Execute Lethality an Machine Learnin
effectiveness Models
IIIIIIII

Increased understanding of trade

space
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HOW? — BAYESIAN OPTIMIZATION DEVCOM
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?§ HOW? — BAYESIAN OPTIMIZATION

Online metric

Expected Improvement

— GPestimate

Parameter

UNCLASSIFIED//DISTRIBUTION A

GP uncertainty

¢ & Data

DEVCOM

CENTER

Two components:

 Surrogate model (usually Gaussian
process)

* Acquisition function

Effective for optimizing
functions that are:

* “black box” (no analytical form, no
gradients)

* NOisy
* expensive to compute

Surrogate model estimates the
objective function

Acquisition function tells you

where to probe next

Trades off exploitation and

exploration
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. HOW? — BAYESIAN OPTIMIZATION

Expected Improvement

— GPestimate

GP uncertainty

UNCLASSIFIED//DISTRIBUTION A

« Acquisition function is
heuristically designed (can be
anything)

L s * Function parameters_leverages:
: — Historical data from previous iteration
; runs

3% [ — A priori information from domain
knowledge or runs from disjoint instances
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VAR
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. HOW? — BAYESIAN OPTIMIZATION

DEVCOM
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' HOW? — BAYESIAN OPTIMIZATION DEvVCOM
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. HOW? — BAYESIAN OPTIMIZATION

DEVCOM
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. HOW? — BAYESIAN OPTIMIZATION
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. HOW? — BAYESIAN OPTIMIZATION
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. HOW? — BAYESIAN OPTIMIZATION
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. HOW? — BAYESIAN OPTIMIZATION
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. HOW? — BAYESIAN OPTIMIZATION
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. HOW? — BAYESIAN OPTIMIZATION
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HOW? — DESIGN ITERATION PROCESS

DeEvCcoOM
Historical Data
e — |
Generatea priori
Design
Inform DOE erformance
DOE -
U actor ssignment | Design Iteration and
. e TR 2, Objective Function
(S P P P S InitializefRRuns W Bayesian
(AP \ Iptimization &
e e e T Execute Lethality an hine Learning
N I P Y P effectiveness Models tased Design
Iteration

New Design

UNCLASSIFIED//DISTRIBUTION A

25



Scikit-optimize
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High-level general purpose programming language

Open source web app, used to create and share documents

Open source library for distributed computing

Simple and efficient library to minimize (very) expensive and

noisy black-box functions
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AN WHAT HAVE WE DONE? [pEvcam

=m

Prototype framework for Command Line
Interface model optimization

Improved data science capabilities In
System Analysis Computer Lab

Characterized deficiencies of warhead
design loop & conceptualized potential
solutions
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WHAT IS PLANNED FOR THE FUTURE?

Use case for leveraging DOE and a priori knowledge

from historical data

Use case incorporating space-filling design into

optimization framework

xploring complex surrogate modeling

address phase change issues in physics simulations
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Questions?
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