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UASSs as core capabillity for intelligence

UAS mission planning relies on human
decision-making

— Cognitive capacity is limited

— Cognitive processing is limited

— Scalability issues for multi-UAS settings
How do planners plan?

Objectives — Goals — Actions — Strategies

How can we understand what planners
do? |
— To train other planners... ' t
— To train automated agents (to support A U

human decision-making) M
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Research Summary

............

MIMIC — Mixed-Initiative Machine for
Instructed Computing

= MIMIC introduces a novel
computational model that...
— ... captures planning actions
— ... Infers planning goals
— ... identifies planning strategies

= Experimental validation showed:
— Successful model training protocol

— Promising detection accuracy
— Better than random prediction capability

Principle of
ratlonal action
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= MIMIC enables:

— Real-time strategy and intent detection

— Prediction of future operator actions

— Human planning modeling

— Increased planning complexity through
automation-based support

= MIMIC can support

— Collaborative multi-UAS mission planning

— Multi-UAS real-time mission replanning

— Assessment or evaluation of planning skills

— Overall faster planning in more complex
environments
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Decision-making synthetic O ¥
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= Two modes of operation: -
.. lan Database
— Training é
— Real-Time
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* Training Mode:

— To train and fine tune the
MIMIC Goal Inferencer

— Based on database of many e @
past planning tasks

= Offline

MIMIC Goal Inferencer MIMIC Plan Data
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= Real-Time Mode:
— Client sends planning action
data to MIMIC Goal Inferencer
— MIMIC forecasts, in real-time,
the operator’s actions based
on identified goal and strategy
= Online
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Objective MIMIC setup and training MIMIC evaluation MIMIC prediction
To identify typical operator planning | To gather planning data and priority | To predict, in real-time, what an
priorities, in order to define ratings to compare MIMIC’s output | operator’s next actions will be, and
Goal MIMIC’s features; and gather to operators’ assessments of compare the MIMIC prediction to

planning data in order to train the
MIMIC model.

priorities and goals.

the actual operator action.

Participants

42 students
aged 18-69 (avg 30yo £ 12.5)

20 students
aged 18-47 (avg 27yo + 8.3)

20 students
aged 18-54 (avg 26yo + 9.3)

e Planning time (as a proxy for time pressure): short (3 min) vs. long (6 min)

Ve e  Scenario complexity: low (10 targets, few ROES) vs. medium (20 t., few ROES) vs. high (20 t., many ROES)
e  System interaction e  System interaction e  System interaction
Ve e  Post-hoc constraints and e  Quasi-real-time subjective
priorities identification identification of priorities by
operators
e Alist of typical planning e  Acomparison between MIMIC- |e  An assessment of MIMIC’s
priorities which will be used as identified and operator- prediction ability.
features in the MIMIC machine identified priorities.
Analysis learner.

e Alarge amount of system
interaction data which will be
used to train MIMIC.
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MIMIC UAV Planner Interface Lk ENENERRING.

anner
- MANUAL

Objective Priority Speed Knots)  Launch Time[H:M:5) Endpoint Action

Uy
|BlueHALE [+ | | Safshousst]s | |1 Bl & oo 20 [ Loiter atendpaiv|

2 l l AVS - Submit Task
— HALE (IF\Y) | Objective | Pricrity | Speed(Knats) | Launch Time | ETA

BlusFirescout Safehouse? 1 1 00:00:00 02:44:44
. BlueFirescaut Warehouse! 2 1 00:00:00 Og3z1p | PlanEres
BlueHALE 5 afehousel 1 1 00:00:00 15:27-45 BlueFirescout's speed iz less than min of 2.00 knats.
iyl I re C 0 ut BlugFirescout's speed is less than min of 2.00 knats.
BlueHALE's speed iz less than min of 2.00 knots.
|P<I| inl-_irnerm 'z mrinribn P nlan ke bas laonch Hoe hefars o
I

= 10to 20 targets < ) __ =

| [ Zoom |
= \Weather zones [z

fax Speed [Knotg]

= ROE constraints

Sensors

Senzors Required

Chooge Calar

Plan Complete
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— ldentify planning priorities
0 : : .ll EHE EE EE EHm
= Finding: S FELFEFSEEEE
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— 6 main planning constraints =« & $ et T
T TR O S &F & D RO
/ priorities emerged FSEF T LT T
A & W NS N
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Constraint priority Description & Tradeoffs

Planning time is limited: the operator must trade off the complexity and accuracy of

- Planmng duration Managmg time pressure planning against completing the plan before the deadline.

Going around weather zones might take more time than going through them. The

2 Impact of weather zones AVOIdmg weather zones operator must consider this trade-off in the route planning.

The covertness capability is not shared by all UASSs; hence the operator must consider

3 Match UAS capability Using covertness capability | the impact of routing a covert UAS to one target on its availability to cover other
targets.

The operator may assign UASs to the targets closest to them to afford more

4 Duration of monitoring Routing to closer targets | monitoring time. Doing so may involve tradeoffs with covertness or entry into
dangerous weather zones.

.. . . Increasing UAS speed allows for a shorter mission time, but consumes more fuel. The
5 | Mission start and end time Altering UAS speed operator must consider this trade-off.
6 Fuel usage Saving fuel Saving fuel trades off against speed, flight time, weather zone avoidance.

© 2010, Aptima, Inc. 11



Results — Experiment 2 2\ L ceNTEReD

 _ Correlatio by n v
identified and operata
identified priorities

0.150
0.100

= Finding: 0.050

Correlation

— MIMIC achieved significant 0.000
) ) 0.25 050 1.00 150 200 250
correlations with the
participant rating data Beta
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Results — Experiment 3
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. Measure =
— MIMIC’s predlctlon ofan
operator’s next action

* Findings:
— The single goal MIMIC
model is able to recover the
human-coded actions at a

rate far greater than
chance.

— The MIMIC model of goal-
based rational planning is
sufficient to predict many of
the next actions of human
planners in UAS mission
planning scenarios.

© 2010, Aptima, Inc.
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0 -‘I "model W|th parameter
bers of predicted actions.

Top n predicted actions

n 1 2 3 4 5 6
Precision | .449 | .352 | .263 | .197 | .147 | .137
Recall 434 | 734 | 879 | .940 | .976 | 1.0
F-score 430 | 458 | .391 | .316 | .251 | .239
1
0.8
0.6
0.4 1 mB-1.0
0.2 -

m Random
U -

1 2 3 4 5 6

Top n predicted actions
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Future research

support

— Suggestions of
actions

— Auto-completion
of actions
= Research goal:

— Apply to other
UAS domains

— Cargo UASs

— Extraction
missions

© 2010, Aptima, Inc.
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Endpoint Action
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Action:

Suggested Actions

New-dvoid ‘Weather

MewProgimity |

Mew-Proximity

Mew-tyvoid Weather ] E=E_—)

MNewCovertness ] | CO—

todifu-Svoid 'weather

t adifu-Prasimity | Co—

P odify-Progimity

Modify-Covertness |
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M odify-Covertness —

| ETA
02:44:44
08:32.16
15:27.45

Plan Ermrars
BlueFirezcout's speed is less than min of 2.00 knats.
BlueFirescout's speed iz less than min of 2.00 knots. .

BlueHALE's speed is less than min of 2.00 knots.

Submit Task
(IFAY) | Objective | Pricrity | Speed(Knotz) | Launch Time
BlueFirescout Safehouse? 1 1 00:00:00
BlueFirescout Warehouze] 2 1 00:00:00
BlueHALE Safehouse] 1 1 00:00:00
(] 11l

RlneFirecrants mricrbn 2 nlan itern bhas lsoneh e before n

ai

Max Speed [Knots]

Sensors

Senzors Required

Chooge Colar

Plan Complete

14




IRl ST
I
obdms bad b
bdnpdbs -
g b o
s

[T
R T R ttl -
cdabiliRla

|||||

Codify and improve the multi
planning task for human operators by
creating UAS teams that can recognize and
adapt to operator goals and actions.
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: ilities Provided

entifies UAS mission planning strategies
Elucidates common planning priorities in
simulated UAS mission planning

Models human UAS mission planners as
approximately rational planners

Characterizes operator intent in real-time based
on observed interaction with the planning interface

Forecasts future actions of UAS mission
planners

Provides real-time suggestion of planning
actions to accomplish operator intent

e J

Approach
Analyze in detail the domain of interest, including
human operator behaviors and goals.

Tailor the model representations to the features
of the domain and the operator’s goals.

Train the machine learner on human operator
behavior and fit the model's parameters and prior
probabilities to experimental data.

Specify the causal relation between
participants' planning goals and planning
actions as a Markov Decision Process (MDP).

Leverage Bayesian inference to invert the
causal relation between goals and actions,
using observed action sequences to infer the most
probable goals that gave rise to these actions.

Recall

Environment Goal

Principle of
rational action

mp=10

B Random

1 2 3 4 5 6

Top n predicted actions
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