AIRC s BEFORE WE START

We will have an opportunity for hands-on tool usel

To prepare:
1. Download RStudio: https://posit.co/downloads/

2. Download Shiny apps: https://github.com /krometis /dataworks2026

3. Install dependencies
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AIRC cmenmmamor OUTLINE
Background: What and Why

Methods
Case Study 1: Bayesian Reliability

Case Study 2: Changing Factors
. Case Study 3: Test Planning

Tool Development

N o oA W N -

. Future Outlook
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BACKGROUND
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AIRC i RESEARCH CONTEXT

ARTIFICIAL INTELLIGENCE

INTEGRATED TESTING

DIGITAL ENGINEERING

KILL WEBS
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AIRC e INTEGRATED TESTING

Using iterative sequential-progressive design of experiments coupled with evaluations that

combine information from across the acquisition lifecycle.

Historical Data Model Data DT Data OT Data Operational
SME Knowledge Performance

Leveraging all data enables better understanding of systems earlier...

...allowing for fewer or more optimal tests later
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AIRC GESEARCHCENTER ALTERNATIVE T&E PATHWAY (2026 NDAA)

Alternative T&E Pathway (805(b)): Role of DOT&E (805(c)):
TI‘(I.ICI)T(': Igﬁ;'%n-rqan?deé-erc;’ofe qb%r:'l‘:'lef Iﬁ;lfns"megy "(1) provide independent evaluation of test
understanding throughout the test program” data across all phases of the program
(1 )éB)(v) automated analytics tools to assess lifecycle
performance trends, reliability, and maintenance " )
needs" (1)(B) evaluating whether the program
“(1 )(Ce(iv) integration of supporting or collects and analyzes sufficient raw datq,
complementary data from digital twins or other learns from test results at a pace relevant to
model-based systems engineering tools” operational needs, and converges on military
"(1)(D) define general test and evaluation effectiveness based on data trends”
objectives and data needs while allowing | ] )
detailed execution plans to evolve based on test (1)(D) providing continuous oversight

results and emerging requirements” through ongoing analysis of test data"
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

Maximize Acquisition Flexibility:

ACQUISITION TRANSFORMATION STRATEGY

Develop High-Performing Systems:

"It is critical that teams leverage existing authoritative data
sources, including contractor data and automated
reporting mechanisms to assess program performance."

"scaling tools, policies, and practices to maximize the use
of moglelmg and simulation and automated testing will
allow the Department to accelerate and continually
validate software."

“It is important that the Department invest in test and
evaluation (T&E) resources for validating digital
technologies, including modeling and simulation,
synthetic environments, and managing

performance /risks.”

"the Department can prioritize integrated testing to
optimize test resources, avoid redundancies, and utilize
data-driven decisions to trace programs, performomce,
and testing"

"The Department will integrate and scale adoption and
investments in ..modeling and simulation environments for
virtual and constructive testing and training, and
developmental integration and testing, which will fuel
rapid, iterative designs and technology insertion to
maximize mission outcomes. These advanced techniques will
reduce the burden in test planning and execution and the

unplanned testing that results from unanticipated discovery”

"Integrate and test new technology soonest to get key
insights early to shape weapon system development and
fielding"

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC cmenmmamor DoDI 5000.98

3.1(a): 3.1(c):

“OT&E and LFT&E planning, execution, “Science and technology-based OT&E and

analysis, and reporting activities will use the LFT&E will enable efficient use of data from

latest advances in science (e.g., design of multiple data sources (e.g., contractor test

experiments, statistical inference methods, (CT), developmental test (DT), operational test

or big data analytics) to ... determine, with (OT), and live fire test (LFT) data or M&S

scientific rigor, the preliminary and final results). Improved sequential testing using

operational effectiveness, suitability, Bayesian or similar inference methods ...

survivability, and lethality (as applicable) of are critical to dynamically optimize the

DoD systems.” planning, execution, analysis, and reporting
of integrated T&E, OT&E, and LFT&E across
the acquisition life cycle.”

ACQUISITION INNOVATION RESEARCH CENTER
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RESEARCH CENTER

AIRC ACQUISITION INNOVATION - CONSIDERATIONS FOR DESIGN & EVALUATION OF TESTS

Possible Levels (best case — worst case)
Safety Minimal risk (not live projectile) — High risk (live fire)
Cost $— $$$
Resource Availability Available — Partially available — Needs to be developed
Schedule Easy & quick — Hard & extensive coordination
Historical operational performance data Yes same factors — Yes but missing key factor(s) — None

. . . Yes accurate and validated over time — Yes but not well understood
Modeling and Simulation o
and /or missing key factor(s) — None

Scale Single component — Parallel systems — Series system

I e — ACQUISITION INNOVATION RESEARCH CENTER
13



AIRC ACQUISITION INNOVATION CONS|DERATIONS o DesicndE MR 0N oF TESTS

RESEARCH CENTER

Possible Levels (best case — worst case)
Safety Minimal risk (not live projectile) — High risk (live fire)
Cost $— $$$
Resource Availability Available — Partially available — Needs to be developed
Schedule Easy & quick — Hard & extensive coordination
Historical operational performance data Yes same factors —

Variety of DoD programs means that a
variety of analysis approaches may be
appropriate!

Yes accurate and vall

i - olat
Modeling and Simulation and /or missing key f

Scale Single component —

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC ACQUISITION INNOVATION KEY THRUSTS
RESEARCH CENTER

Mean MTEBF Distribution of A by Method

Comprehensive Evaluations

Estimating operational performance from data...

method

Density

* ...from multiple phases of test

(2)0T
(#oT

* ...of different fidelities/sizes

* ...with different experimental factors

10 20
Mean MTBF

* ...from digital representations of systems

Test Planning/Design

Given previous test results...
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* ...where and how many tests should we run?

<
@
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* ...when have we tested enough? —————

Shots
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METHODS
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AIRC o FREQUENTIST METHODS

Fit a statistical model to all of the data

Naive: Assume all data is equivalent and fit to all data
equally

Blocking: Try to account for differences in data sources by
adding source or phase-specific factors to the model

"Example: Add a shift parameter to account for possible biases in data
sources

e ACQUISITION INNOVATION RESEARCH CENTER
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AIRC s BAVESIAN INFERENCE

Relates the probability of a parameter value 6 given data Y
(P(8]Y)) to the probability of Y given 8 and the probability of
g:

P(8|Y) « P(Y|6) P(6)

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC s BAVESIAN INFERENCE

Relates the probability of a parameter value 6 given data Y
(P(8]Y)) to the probability of Y given 8 and the probability of
g:

P(8|Y) « P(Y|0)[P(6)

Prior
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AIRC s BAVESIAN INFERENCE

Relates the probability of a parameter value 6 given data Y
(P(8]Y)) to the probability of Y given 8 and the probability of
g:

P(0IY) x|P(Y|0)]|P(6)

Likelihood Prior
(Data)

I e — ACQUISITION INNOVATION RESEARCH CENTER
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ACQUISITION INNOVATION
RESEARCH CENTER

BAYESIAN INFERENCE

Relates the probability of a parameter value 6 given data Y
(P(8]Y)) to the probability of Y given 8 and the probability of

0:

P(O|Y)

Posterior

X

P(Y|0)|[P(6)

Likelihood Prior

(Data)
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ACQUISITION INNOVATION
RESEARCH CENTER

BAYESIAN INFERENCE

Relates the probability of a parameter value 6 given data Y
(P(8]Y)) to the probability of Y given 8 and the probability of

0:

P(O|Y)

Posterior

X

P(Y|0)|[P(6)

Likelihood Prior

(Data)

Models human learning: Understanding (prior) + Experience
(likelihood) = Updated understanding (posterior)

ACQUISITION INNOVATION RESEARCH CENTER
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ACQUISITION INNOVATION SlNGl_E TEST PHASE

RESEARCH CENTER

T&E Data

Prior Posterior
(Theory, SME Bayesian (System
Input, Other Inference Performance +

Systems) Uncertainty)

I e — ACQUISITION INNOVATION RESEARCH CENTER
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ACQUISITION INNOVATION
RESEARCH CENTER

SINGLE TEST PHASE

T&E Data
= -
Prior Posterior Downweight/Adjust Prior
(Theory, SME Bayesian (System as Necessary (Based on

Previous Test
Phase)

Input, Other Inference Performance +

Systems) Uncertainty)

I e — ACQUISITION INNOVATION RESEARCH CENTER
24



AIRC oo WPORAATIVE PRIORS
SINGLE TEST PHASE NEXT TEST PHASE
T&

T&E Data )

Prior Posterior Downweight/Adjust Prior
Theory, SME Bayesian System as Necessary (Based on
M Y

Previous Test
Phase)

Input, Other Inference Performance +

Systems) Uncertainty)
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

SINGLE TEST PHASE

T&E Data

Prior Posterior

(Theory, SME (System

Performance +

Bayesian
Inference

Input, Other
Systems)

Uncertainty)

INFORMATIVE PRIORS

NEXT TEST PHASE

04
03
02 ﬁ>
01
00,
0 5 ] 5 )
x

DATAWorks 2024 Tutorial on

010 A
005
000
o 5 3 : T
x

Bayesian Methods

Downweight/Adjust
as Necessary
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ACQUISITION INNOVATION MULTIPLE, INTEGRATED TEST PHASES

RESEARCH CENTER

T&E Data

Prior Posterior

(Based on Bayesian (System

Previous Test Inference Performance +
Phase) Uncertainty)
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ACQUIET IO INNOVATON MULTIPLE, INTEGRATED TEST PHASES

1 Vehicle parameters

T&E Data

Prior Posterior
(Based on Bayesian (System

Previous Test Inference Performance +
Phase) Uncertainty)

Maximum
incline
(degrees)

Endurance
(hours)

(Data and metrics are notional)
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AlRC i MULTIPLE, INTEGRATED TEST PHASES

I
ntegrcn‘.ed Test I&E Data
Design

. Posterior
Prior
(System

Based on previous Bayesian inference
( roct hIO ! 4 Performance +
es ase
> Uncertainty)
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CASE STUDY 1: BAYESIAN RELIABILITY
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AIRC S e STRYKER FAMILY OF VEHICLES

Publicly-released reliability dataset
" Metric: Miles before system abort (MBSA)
"Both DT and OT

" Eight variants

See:

" Dickinson et al. “Statistical methods for combining information: Stryker
family of vehicles reliability case study.” 2015.

" Sieck et al. “A Framework for Using Priors in a Continuum of Testing.” 2024.

" Krometis et al. “A Comparison of Bayesian Methods for Integrated Test and
Evaluation.” 2025.

ACQUISITION INNOVATION RESEARCH CENTER
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AIRC S e STRYKER FAMILY OF VEHICLES

Publicly-released reliability dataset
" Metric: Miles before system abort (MBSA)
"Both DT and OT

" Eight variants

See:

" Dickinson et al. “Statistical methods for combining information: Stryker
family of vehicles reliability case study.” 2015.

" Sieck et al. “A Framework for Using Priors in a Continuum of Testing.” 2024.

" Krometis et al. “A Comparison of Bayesian Methods for Integrated Test and
Evaluation.” 2025.

Informative Priors

ACQUISITION INNOVATION RESEARCH CENTER
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AIRC cmenmmamor RELIABILITY MODEL

Model reliability with Weibull distribution:
v;|k, T; ~ Weibull(k, ;)

where:

" k is the shape parameter (failure change over time)

*T; is the scale parameter (units)

We infer k and 14, ..., Tg from the data and then can
compute the mean MBSA (MMBSA):

vi=1;*I'(1+1/k)

e ACQUISITION INNOVATION RESEARCH CENTER
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ACQUISITION INNOVATION
AIRC RESEARCH CENTER PRIORS

Uninformative — impart limited information via very vague
priors:
* Shape parameter k: Gamma(0.001,0.001)

* Scale parameter T: Gamma(107%,107°)

Informative — impart basic information:

* Shape parameter k: Gamma(4,4) (mean 1, std. dev. 0.5)

* Scale parameter 7: Gamma(4.6225,0.0043) (median 1,000, std. dev.
500)

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC i STakes: D
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AIRC SRt STRYKER: METHODS COMPARISON

7500 1

5000

Mean Miles Before System Abort

R bt

ATGMV cV ESV ESV IcV MC MEV RV
Vehicle Variant

(1) OT (Weakly Informative) —o— (3) DT/OT - Downweight (Informative)

Method
—o— (2) DT/OT - Downweight (Weakly Informative) (4) DT/OT - NPP (Informative)
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AIRC SRt STRYKER: METHODS COMPARISON

7500 1

Mean Miles Before System Abort

5000 -
®
® ®
2500 A
: 11
1
e ATGMV cv ESV FSV cV MC MEV RV
Analog of “traditional \ o
(1) OT (Weakly Informative) —o— (3) DT/OT - Downweight (Informative)
qu-I-ven BCI es Method
Y —p —0— (2) DT/OT - Downweight (Weakly Informative) (4) DT/OT - NPP (Informative)
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AIRC SRt STRYKER: METHODS COMPARISON

7500 1

5000

Mean Miles Before System Abort

® ®
2500 A }
1 Takeaway: Naive approaches
. .. ” ATGMV CVv ESV FSV ICV MC can bias results
Analog of “traditional \ o
(1) OT (Weakly Informative) —o— (3) DT/OT - Downweight (Informative)
qu-I-ven BCI es Method
Y —p —0— (2) DT/OT - Downweight (Weakly Informative) (4) DT/OT - NPP (Informative)
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AIRC iy STRYKER: METHODS COMPARISON

1.00
o
o
o
o 0.75 7
A
<
0
=
< 0.50~
Y
)
P
3
S 0.25-
e
o

ATGMV CcVv ESV FSV ICV I\/IEV RV
Vehicle Variant
. (1) OT (Weakly Informative) . (3) DT/OT - Downweight (Informative)
Method

. (2) DT/OT - Downweight (Weakly Informative) . (4) DT/OT - NPP (Informative)

ACQUISITION INNOVATION RESEARCH CENTER

40



AIRC iy STRYKER: METHODS COMPARISON
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AIRC S e STRYKER: SENSITIVITY ANALYSIS

Key concern among Bayesian skeptics: How do modeling
assumptions (including the prior) affect estimates?

CV Variant
e, R
1260 2563 4010
0.9 5 3 5 3
S © IS
0 L i
= 0.75 e 2 - 2
o e c
45 ) (o)
0 ) Ko
@© 0.5 = 1.5 = 1.5
8 S S
@) o o
0.25 o 1 o 1
500 1075 2000 500 1075 2000 025 05 075 0.9
Scale Mean Scale Mean Scale Std/Mean

I e — ACQUISITION INNOVATION RESEARCH CENTER
42



AIRC S e STRYKER: SENSITIVITY ANALYSIS

Key concern among Bayesian skeptics: How do modeling
assumptions (including the prior) affect estimates?

CV Variant
wess R
1260 2563 4010
0.9 S 3 S -
S E g “—
@ QO (@]
o L e
= 0.75 e 2 ]
g S 1 Takeaway: Sensitivity analysis
© 05 215 quantifies the effect of assumptions
3 ;
w o) )
0.25 a 1 a 1
500 1075 2000 500 1075 2000 0.25 0.5 0.75 0.9
Scale Mean Scale Mean Scale Std/Mean
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AIRC S e STRYKER: SENSITIVITY ANALYSIS

Key concern among Bayesian skeptics: How do modeling
assumptions (including the prior) affect estimates?

CV Variant Example: Limited OT + big down-
— weight of DT = prior matters a lot
MMBSA
1260 2563 4010

0.9 5 3 5 3
5 8 [ “—
© Lf L“
= 0.75 = 2 ]
g '5-, 1 Takeaway: Sensitivity analysis
© 05 g 15 quantifies the effect of assumptions
3 g
7p] o) O
0.25 O 1 o 1

500 1075 2000 500 1075 2000 0.25 0.5 0.75 0.9
Scale Mean Scale Mean Scale Std/Mean
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ACQUISITION INNOVATION
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STRYKER: SENSITIVITY ANALYSIS

Key concern among Bayesian skeptics: How do modeling
assumptions (including the prior) affect estimates?

CV Variant
wess R
1260 2563 4010
0.9 s 3
- S
M (@]
0 L
= 0.75 e 2
o -
> 3
o 05 215
© cC
O
& z
0.25 aQ 1

Example: Limited OT + big down-
weight of DT = prior matters a lot

3-“_

~Eactor

S TN
a4

1 Takeaway: Sensitivity analysis

quantifies the effect of assumptions

500 1075 2000 500 1075 2000
Scale Mean Scale Mean

™~

Example: Effect is much more
moderate if we trust DT
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AIRC Sdpites STRYKER: LESSONS LEARNED

Demonstrated the promise of Bayesian methods for
integrating test data to improve estimates of operational
performance

Highlighted that care should be taken in the development
of assumptions, as attempts at objectivity can inadvertently
bias results
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CASE STUDY 2: CHANGING FACTORS
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AIRC S ECicaTE BACKGROUND: SYNTHETIC RADAR MODELS

IDA created' the following model of a synthetic counterfire radar:
Y =79—6B+4D —75F + 5AF — 5.5BD + 45DF +4D? — 9F*

with the following factors:

Design Factor Label Type Levels
Quadrant Elevation A Continuous Low, High
Aspect Angle B Continuous Incoming, Crossing
Munition Type C Categorical Mortar, Rockets, Artillery
Shot Range D Continuous Low, High
Operating Mode E Categorical 90, 360
Radar to Weapon Range F Continuous Low, High

' Ahrens, Monica, Rebecca Medlin, Keyla Pagdn-Rivera, and John W. Dennis. “Case Study
on Applying Sequential Analyses in Operational Testing.” Quality Engineering 35, no. 3
(December 12, 2022): 534—45. https://doi.org/10.1080/08982112.2022.2146510.

e ACQUISITION INNOVATION RESEARCH CENTER
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AIRC iinommomer USING THE MODELS

Rationale

79 —6B +4D — 7.5F —5.5B x D +4.5D * F

O ti “Real Life” t licated — full I
perations (“Real Life”) Most complicated — full mode 4 SA%F 4+ 4D% — 9F2
. i Less fidelity than operations — 79 — 6B +4D —7.5F —55B *D 4+ 45D * F
Operational Testing (OT) drop quadratic terms +54A*F
Developmental Testing (DT) Drop Quadrant Elevation (A) 79 —6B +4D — 7.5F —55B *D 4+ 45D x F

Modeling & Simulation (M&S) Drop Radar to Weapon Range (F) 79 — 6B + 4D — 5.5B * D

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC RESEARCH CENTER GENERATING DATA

Assume location error is normally distributed in two
dimensions: Rayleigh distribution

Models give distribution mean, which can then be used to
generate data

Rayleigh Mean

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC SRt SYNTHETIC DATA GENERATION

Can compare:

* Analysis methods

" Design of experiments techniques (test designs via skpr package)

For problems with:
" Different numbers of test phases/data sources
"Varying data sizes, e.g., trials and reps by phase
" Evolving test factors
= Shifts /biases in test data (e.g., in M&S data)

“ Different error /noise in measurements

e ACQUISITION INNOVATION RESEARCH CENTER
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AIRC SRl COMPARING METHODS

Five methods considered:

"Frequentist:

o Using OT data only
o All data, Blocking: With shift factors added for M&S and DT
o All data, Without blocking: No shift factors for M&S and DT

"Bayesian informative priors w/ downweighting:
O Resetting intercept uncertainty to prior value

O Doubling intercept uncertainty

Key metric: RMSE between Rayleigh means
" Fitted model vs. Operational model

* Computed on full factorial dataset generated using the Operational model

ACQUISITION INNOVATION RESEARCH CENTER
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AIRC SRl COMPARING METHODS

Five methods considered:

"Frequentist:

o Using OT data only
o All data, Blocking: With shift factors added for M&S and DT
o All data, Without blocking: No shift factors for M&S and DT

"Bayesian informative priors w/ downweighting:

O Resetting intercept uncertainty to prior value

© Doubling intercept uncertainty Benefit of working with synthetic

Ke)' metric: RMSE between RW data: We know the “truth”l

" Fitted model vs. Operational model

* Computed on full factorial dataset generated using the Operational model

ACQUISITION INNOVATION RESEARCH CENTER
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AIRC Sdpites EXAMPLE 1: LimiTED OT

Consider scenarios where OT is limited and M&S is
quite a bit larger than DT

M&S Trials Full factorial (9 trials)
M&S Reps 100
Intuition: DT Trials 10, 20, 40
" Integrated testing should provide a benefit DT Reps 5,10
. ::ef:lgzzie"sof managing different data sizes and changing OT Tridls 10, 20
OT Reps 1, 2
DT Optimality D
OT Optimality D

(Additional assumption: No more than 200 DT datapoints.)

I e — ACQUISITION INNOVATION RESEARCH CENTER
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AIRC cmenmmamor EXAMPLE 1: SUMMARY

Takeaways:

" Integrated evaluation helps
provide better models

w
o
1

" Without blocking seems to do o
little better

N
o
1

Root Mean Squared Error (Lower is Better)
N
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N F o o >
1l % = £ c
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) . L2 Lo =

X = m m @)
T - : o
—= ° o = o
E 72} T O L
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o

Method
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

Error is lower for integrated
model without blocking

Takeaways:

" Blocking shifts just fits bias due to
noise in small datasets

" Blocking is bad?

EXAMPLE 1: EFFECT OF BLOCKING

N
(@]
1

N
o
1

RMSE (Frequentist, All Data, No Blocking)
= o

(@]
]

6/6 %

o o

o o

7/
’ o

s O

¥ | \ Yy r—
5 10 15 20 25

RMSE (Frequentist, All Data, Blocking by Phase)
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

Error is lower for integrated
model without blocking

Takeaways:

" Blocking shifts just fits bias due to
noise in small datasets

" Blocking is bad?

Individual Scenarios/Reps

EXAMPLE 1: EFFECT OF BLOCKING
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

Error is lower for integrated
model without blocking

Takeaways:

" Blocking shifts just fits bias due to
noise in small datasets

" Blocking is bad?

Individual Scenarios/Reps

RMSE (Frequentist, All Data, No Blocking)

EXAMPLE 1: EFFECT OF BLOCKING
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AIRC S EXAMPLE 2: LIMITED OT WITH M&S, DT SHIFTS

Consider scenarios where OT is limited and M&S is

quite a bit larger than DT

* Add random bias to M&S, DT model intercepts M&S Trials Full factorial (9 trials)

M&S Reps 100
DT oT
DT Reps 5,10
Intuition: O lisipe 1,2
" Integrated testing should provide a benefit DT Optimality D
" Biases in some of the data might change results? OT Optimality D

(Additional assumption: No more than 200 DT datapoints.)
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AIRC oo EXAMPLE 2: SUMMARY

Integration without blocking

makes estimates
" Worse than using OT only

w
o
1

" Much worse than other integration

methods

RN
o
1

Root Mean Squared Error (Lower is Better)
S
L
— 0

Takeaways:

" Integrated testing mostly helps
provide better models

= 0

Freq., Blockingg —

= But some care must be taken in
how the data is integrated

Freq., No Blocking-
Freq., OT Only

Bayes Inf., Int. DW
Bayes Inf., Int. Reset-

Method
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ACQUISITION INNOVATION
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AIRC

EXAMPLE 2: BLOCKING

Error is dramatically
lower for integrated
model with blocking

Takeaways:

" Blocking allows accounting for
differences in data sources

" Blocking is good?

RMSE (Frequentist, All Data, No Blocking)
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ACQUISITION INNOVATION
RESEARCH CENTER

AIRC

Non-blocking model
actually makes estimates
worse than single phase
model

Takeaways:

" Integration of information can
make analysis worse if not done
carefully

RMSE (Frequentist, All Data, No Blocking)
N
o

EXAMPLE 2: NON-BLOCKING VS. SINGLE-PHASE

w
o
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=N
o
| |

RMSE (Frequentist, OT Only)
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LARGE OT

EXAMPLE 3
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CASE STUDY 3: BINARY DATA
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RESEARCH CENTER

AIRC AcquismionInnovaTion—— BAYESIAN BINARY TEST PLANNING (STAT COE Work)

Given

" prior Beta(ag, by) on probability of failure p (e.g., assembled
from downweighted previous test results)

" binary test results a successes and b failures,

the Bayesian posterior distribution is Beta(ay + a, by +
b).

Also, given a number of tests n, the probability of
getting a successes (and b = n — a failures) is given by
the binomial distribution

(n) p*(1—p)"*

a

where p is the true reliability.

For now, assume the following

parameters:

Prior successes (@) 17.84
Prior failures (bg) 2.656
Prior mean (ag/(ay + by)) 0.87
Prior sample size (ay + bg) 20.496
True reliability (p) 0.85
Threshold 0.75
Lower credible interval 0.2
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ACQUISITION INNOVATION
RESEARCH CENTER

Pass/Fail E Pass E Fail

RESULTS BY SHOTS & FAILURES

25 50 7.5 100

Failures
0.0

10 shots 20 shots 30 shots
I ] I - 15“ ]
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Success Rate

Success Rate Success Rate
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AIRC S LOoWER CREDIBLE BOUND

. Probability

Compare lower credible - - 0.25

bounds vs. threshold .

1.00

Above threshold = pass

. . . g Failures

Thicker lines = more 3 = M.
9 g
probable outcome 2 ' =
° ° ° L 2 13
(according to binomial . -
[ ] [ ] [ ] g
distribution) g =
5 16
6 17
7 18
0.4 8 19
- . . ; - - 9 20
0 10 20 30 40 50

—
o

Shots
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ACQUISITION INNOVATION
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PROBABILITY OF PASSING BY SHOT

Sum probability (line
thickness) above threshold
from previous plot to get
probability of passing

Increases occur when o
new number of failures
becomes “acceptable”

1.00

o
©
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Max Failures
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10

] ) 1
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Shots
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ACQUISITION INNOVATION
RESEARCH CENTER

Previous results assumed
a true reliability to
compute binomial
probability

Can compare
probabilities of passing
across true reliability
values

These can be used to size
tests to discriminate
between candidate
reliabilities

1.00 4

&
-~
[@)]

Probability of Passing

0.25

RESULTS BY TRUE RELIABILITY

0.50 -+

Should Pass
TRUE
FALSE

True reliability
0.9
0.85
0.8
0.75
0.7

10 20 30 40 50
Shots
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AlRC RESEARCHCENTER FuLLy BAVESIAN TREATMENT (VT WORK)

In the Bayesian framework, we have beliefs about the
value of the true reliability p. Can we use this information?
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AIRC o PRIOR PREDICTIVE DISTRIBUTION

Integrate potential test 6
results across true reliability
p, weighted by the prior
(right)

Gives the probability of test
outcomes given our current
knowledge

=N
1

Prior Density
|| | | | | | | | || |

N
|

||
|

¥ Y .
0.00 0.25 0.50 0.75 1.00

Reliability
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AIRC cmenmmamor COMPUTATIONAL NOTES

1. Make a fine grid of p values and evaluate the prior
probability at each

2. Similarly, make a grid of number of tests (n) and number of
successes (a) values

3. Evaluate:
1. The probability of getting a successes for each values of n and p

2. Whether the posterior associated with n tests and a successes meets the
acceptance threshold

4. Use quadrature to approximately integrate the
acceptance /rejections across p, weighted by the prior,

considering the cases where p meets or fails to meet the
threshold

ACQUISITION INNOVATION RESEARCH CENTER
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AlRC S At RESULTS BY DECISION (SAME EXAMPLE)

Confusion matrix: Bin
results by system
(above /below threshold)

and outcome (pass/fail)

1.00 ¢

o
~
o

Outcome

True Positive
False Negative
False Positive

True Negative

Probability of Outcome
o o
o 3

Horizontal line: Probability of

whether system is good or bad is

constant (given by prior) because

we do not yet have additional 0.00 7 . . . .

information 0 10 20 30 40 50
Tests

v

(Note: The prior for this example already meets the acceptance threshold, so negative values start at 0.)
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AIRC S At EXAMPLE: A LESS INFORMATIVE PRIOR

Assume the following parameters, 2_5J
representing a more ambivalent prior:
Prior successes () 3.75 20
Prior failures (by) 1.25
Prior mean (ay/(ay + by)) 0.75 g 1.9
Prior sample size (ay + bg) 5 %
Threshold 0.75 2 10
Lower credible interval 0.2
0.54
0.0 -L' I I . ]
0.00 0.25 0.50 0.75 1.00

Reliability

ACQUISITION INNOVATION RESEARCH CENTER
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ACQUISITION INNOVATION RESULTS FOR LESS INFORMATIVE PRIOR

RESEARCH CENTER

| | | | I |
1.00 ~‘
Outcome

True Positive

False Negative
False Positive
True Negative
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AlRC s ITERATE AS TEST RESULTS COME IN
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AlRC s ITERATE AS TEST RESULTS COME IN

e ACQUISITION INNOVATION RESEARCH CENTER

77






AIRC e ITERATE AS TEST RESULTS COME IN (WORSE Luck)
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AIRC e ITERATE AS TEST RESULTS COME IN (WORSE Luck)
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AIRC S e BINARY TESTS: TAKEAWAYS

The Bayesian approach provides a way to incorporate
prior knowledge and test results

The prior predictive distribution provides full
characterization of probable test outcomes given current

knowledge

Future work: Add a “keep testing” category for when the
posterior is not confident in either direction
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AIRC iy BINARY TESTS: TAKEAWAYS

The Bayesian approach provides a wav to incorborate

prior knowledge and te
The prior predictive dis
characterization of pro | N
know I ed g e E Good Sysem: Pass

] Sood 5}'5‘.&"“ CGoninue Tesd g
Future work: Add a “ke § 30 5ysen: s

= Sad 5}'5’.!!'11 CCandnue Tesd o]
posterior is not confidel =

0 10 e 2 30
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AIRC i TOOL DEVELOPMENT

Advanced statistical methods can be hard to implement

Tools allow users to:

* Conduct analysis using pre-written and validated code

o Externally hosted: Without installation of special software or libraries
" Allow experimentation & exploration of assumptions
" [llustrate and disseminate methods

" Provide examples for training materials and tutorials

Key technology: Shiny
" Facilitates creation of graphical interfaces from R or Python

" Server version allows browser-based access for multiple users
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AI RC ACQUISITION INNOVATION DATA G ENERA'” 0 N
RESEARCH CENTER

Select Tab Overview Specification Data Generation  Analysis

& Save Settings Load Settings:

Data Sources Factors Distribution Models

Mimic DoW /D challenges

" Different numbers of test
phases/data sources

"Varying data sizes, e.g., trials
and reps by phase Data Sources

Define the test phases. Each phase generates an independent dataset.

" Evolving test factors

1 Use the arrows to reorder rows; click il to delete.

= Shifts /biases in test data (e.g.,
in M&S dC]TCI) Phase Name Code Reps Trials Optimality

ol B2 M&S ms 100
* Different error/noise in aog
medsurements BELO - " 10 2 >

BEn o o ; 1

ACQUISITION INNOVATION RESEARCH CENTER

Basic analysis (right now)
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AI RC ACQUISITION INNOVATION DATA G ENERA'” 0 N
RESEARCH CENTER

Select Tab Overview Specification Data Generation | Analysis

Mimic DoW /D challenges | p.: ceneration

mean

] Diffe ren.l. num bers Of TeST Generates synthetic data using the specification defined in the previous tab. Each phase is generated independently and combined into a single dataset.
phases/data sources N
. . . Options .
[ | VCI rYIng dq-l-q SIZeS' e.g., -I-rlqls SR Show| 10 + entries
and reps by phase o const B b

" Evolving test factors

1 1 -1
= Shifts /biases in test data (e.g., L1 o
n M&S dara -

- Differen.l- error/noise in ~* Done: 850 rows. 1 1 i
measurements ) 1 ,
Basic analysis (right now) o
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ACQUISITION INNOVATION
IRC RESEARCH CENTER RE“ABILITY

Select Tab Overview Dataset Prior Parameters DT Inference Transfer DT to OT OT Inference Download Resulis

Capabilities:
"Upload data Priors and Implied Mean Reliability

In this tab, you can explore the impact of adjusting the mean and standard deviation of the gamma priors on the scale and shape parameters.

[ ]
"S
e I eCf p rFiors Use the text fields below to specify the minimum value and maximum value for the Scale Parameter Mean and Scale Parameter Standard Deviation values that you
would like to explore. If you choose your own slider ranges, press the 'Create Scale Parameter Mean and Std Sliders' button to update the sliders.

u Co a] d UC'I' DT infe rence Once you have adjusted the prior parameters as you wish, click the 'Select these Priors' button and proceed to the next tab for DT inference.

Shape Parameter Mean

" Downweight " 0 :
ﬁ R e e e N N N Prior on Shape parameter Prior on scale parameters Irﬂplled Mean MilesBe

01 06 11 16 21 26 31 36 41 486 35

- CondUCt OT Inference Shape Parameter Std 0.751 0.00020 4
= 5
B AR RN R AR RERERN TR 0.000159

Chqllenge. 01 06 11 16 21 26 31 36 41 486 3
[

Scale Parameter Mean

" Inference (MCMC) .

n

Density
Density
Density

552 132756 2589892 387228 514464 65417 -

breaks on free versions oo Lot e ————

Scale Parameter Std b5 Shape F‘,;ramewr 15 20 “Scale Parameter Mean MilesBefore!

of Shiny servers
m [ N N N N N

A TSR 2R BRI smes s Implied Mean MilesBeforeSystemAbort Summary Statistics:

1st Quantile: 2314
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AI RC ACQUISITION INNOVATION BINARY DATA
RESEARCH CENTER

Select Tab Overview Dataset Inference Planning Prior Predictive

Binary Test Planning

Functionalit
y This app provides a Bayesian approach to planning for binary tests. Given a set of true success rates (the probability of a single trial yielding a success), thig
computes the probability of the system passing the overall test, where a pass is defined as the Bayesian lower credible interval meeting a specified threshg
u U IOCI d d Crl-d example, if the lower credible bound is 0.8 and the threshold is 0.85, then the system will pass the test if the Bayesian posterior distribution gives 80% prob
p the true success rate is at least 0.85. If the user specifies a single true success rate, the app also produces a series of lower-level plots that describe how the

calculated, providing additional details about why the results look as they do.

o Arbitrary number of test phases

Pass Threshold
- C . 0m2 Probability of Passing by Number of Tests and |
ompute posteriors Success Rate

Credibility Level
This plot shows the probability of the system passing (meeting the minimum credible interval) by

0.8 .
tests (x-axis) and true success rate (color). Success rate values that exceed the threshold (i.e., that

" Evaluate test plans

the test) are shown as solid lines, while success rate values that fail to meet the requirements are
Maximum Number of Tests

" Compute prior predictive !

Enter priorvalues:

dashed lines.

Prior 1
38.5 o Should Pass
o TRUE
: ® FaLss
Prior 2 8
12.5 2,3 50 True Success Rate
5 095
g LE
. 03

c 055
Reset Priors - -

Enter True Success Rate Values (Multiple
rates is optional)
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ACQUISITION INNOVATION
AIRC RESEARCH CENTER HANDS ON

Download: https://github.com /krometis /dataworks2026

Hosted:

* Data Generation: https://krometis.shinyapps.io/datagen/

" Reliability: https://krometis.shinyapps.io /reliability /

O Warning: Analysis will crash!

" Binary: https://krometis.shinyapps.io/binary multi/
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Limited
OT?

System/
Components?

Components

ACQUISITION INNOVATION | ONG-TERM GOAL: DECISION TREE FOR BEST PRACTICES

RESEARCH CENTER

Traditional
Methods

Example 1: Priors
from SMEs/past
systems

Example 5:

Sequential?

System of Systems

Example 2:
Changed

Factors?

Evolving Test

Conditions

Example 3:

Quality?
e Validating w/ OT

Example 4:
Evolving data

quality

Example 6: Kill
Chain
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Limited
OT?

System/
Components?

Components

ACQUISITIONINNOVATION | ONG-TERM GOAL: DECISION TREE FOR BEST PRACTICES

RESEARCH CENTER

Traditional
Methods

Example 1: Priors
from SMEs/past
systems

Example 5:

Sequential?

System of Systems

Example 2:

Changed

Factors? Evolving Test

Conditions

Example 3:

Quality?
Y Validating w/ OT

Example 4:

Evolving data
quality

Example 6: Kill
Chain
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Limited
OT?

System/
Components?

Components

ACQUISITION INNOVATION
RESEARCH CENTER

Traditional
Methods

Example 1: Priors
from SMEs/past
systems

LONG-TERM GOAL: DECISION TREE FOR BEST PRACTICES

Example 2:
Changed

Factors? Evolving Test

Conditions

Example 3:

Quality?
Y Validating w/ OT

Example 4:

Evolving data

Sequential?

Note: Highly notional!

quality
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AIRC EARCHCENTR, QUESTIONS /THOUGHTS /FEEDBACK?

Concerns/questions about methods

Barriers to implementation & adoption
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