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1. Title: “ONR C-1ED STIFLE (Stigmergic Tracking of IED Factories, Locations and
Events)”

2. Prime Offeror: TechTeam Government Solutions, Ine. (previously Altarum Institute)

3. Subcontractors:
(a) Dr. Kcith Decker, University of Delaware
(b) Dr. Robert Savit, Savit Research Associatcs and University of Michigan

4. Period of Performance: March 16, 2006 to June 30, 2009

S. Submitted by: Dr. Sven Brueckner, 734-302-4683, sven.brueckncr@ncwvectors.nct

6. Business Contact: Annie Smallwood, 734-302-4736, annic.smallwood@newveetors.net

7. Background/Scope of Effort

Factories, deployment locations, and detonation events associated with IEDs (improvised
ex-plosive deviees) are not random, but are constrained by a wide range of environmental
fcatures, including the locations and movements of likely targets, sccurity patrols, friendly
civilians, military and police facilities, and other factors that are subject to change over time. For
instance, experience shows that disciplined patrols can reduce IED emplacement.

STIFLE (Stigmergic Tracking of IED Factories, Locations, and Events) allows Navy and
Marine forces to visualize the effects such features will have on IED placement. It uscs a multi-
agent simulation to modcl the interaction of insurgents, targets, patrols, and other factors of thc
battlespacc that affect IED manufacturing, placement, and distribution. This allows prediction of
likely IED factory areas, locations, and events.

8. Summary/Abstract

The STIFLE project, funded by the ONR Counter-IED Basic Research program, has
three major objectives, which are reflected in the three main tracks of our project execution:

1. “Enhanced Rcpresentations” Track: Extend the predictive polyagent modcling
construct to include explicit reasoning over task execution by individuals and groups

2. “Model Analysis” Track: Develop theoretical, formal and experimental analysis tools
and methods to characterize and influcnce thc dynamics of predictive polyagent models

3. “IED Prediction Prototype” Track: Apply the extended modeling and analysis
capabilities to the problem of IED prediction and forensics

Towards the first objective, collaborated with Prof. Keith Decker (University of
Dclaware) to integrate our polyagent modeling approach within the TAEMS framcwork, a formal
rcpresentation and reasoning mechanism for hierarchical task networks. Together with Prof. Bob
Savit (University of Michigan), we explored various approaches to formally describe and analyze
our predictive polyagent modcls in support of the sccond objective. Finally, our development and
cxperimental analysis of alternative polyagent modcls of IED cmplacement (based on initial
models and a framework supported by the DARPA RAID adversarial reasoning module)
supported the third objcctive.

9. Technical Contents and Accomplishments

The accomplishments for each of the three project tracks arc dcscribed in the following
scctions.
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9.1 IED Prediction Prototype Track

We developed a baseline IED o
emplacement risk predietion model that
under ONR C-IED funding, building on
the software infrastructure initially

Increase

developed in the DARPA RAID program st

under the ARM-N module. In summary, il 3 i '

the model deploys swarms of fine-grained / ; i )

agents that move probabilistically on a Vi < csese
multi-pheromone landscape. The agents o
carry a parameterized personality model A \ [ ki ]
that determines their response to particular N\ -1
pheromone flavors. These flavors are A

representative of the recent (relative to the Figure 1. Baseline IED prediction model integrates

overall amount of history available to the ~ overall events in a given time window.

prediction engine) local presence of Blue convoys (attractive), patrols (repulsive), or IED
events (attractive) — sce Figure 1. An additional flavor used by these agents conveys a
statistical long-term assessment of the level of IED threat (attractive) at a particular
location. The spatial distribution of the agent population that results from the individual
integration of these pheromone flavors in the agent’s personality model is interpreted as a
map of the risk of IED emplacement.

We call this model of agent-based IED prediction the “synchronic” model,
beeause it does not incorporate a polyagent-based prediction of the evolution of the world.
Instead it is based on probabilistic agents that are synchronously rcasoning about the
same world state. This model is our baseline to measure improvements that we may
achieve in the deployment of more sophisticated polyagent models and techniques
developed with the support of the STIFLE project.

In this period of performance, we have performed some experiments with the
synchronic baseline model, using real-world and synthetically generated data from the
DARPA RAID program. In the following, we first discuss the metrie that we are applying
and then we present some results.

9.1.1 Normalized Coverage Ratio & Receiver Operating Characteristics (ROC) Curves

We order a sequence of past IED events chronologically, and choose a point to
divide it into training and test data. All of the training data comes before all of the test
data. Varying the point of division enables us to explore how our accuraey varies with the
amount of training data we have available. Note that the entire body of historical data,
both the training segment and the test segment, implicitly includes information on Blue
movements, sinece we only discover IEDs in areas that
Blue has visited.

We apply the baseline system to the training data,
yielding a threat map that may be compared with a
mountainous landscape. Figure 2 shows a notional threat
landscape.

We turn this landscape into threat regions by
applying a threshold and reporting the contours of the
landseape at that threshold. Very high thresholds yield

Figure 2. Notional Threat Landscape.
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only a few regions (Figure 3). As the threshold drops, the
number of regions will vary, increasing as new peaks are
exposed and decreasing as previously distinet peaks
merge (Figure 4), until at threshold 0 we have only one
threat region, covering the entire playbox. For any given
threshold, we can compute the coverage percentage, pe,
the percentage of the playbox occupied by threat regions.
This percentage will increase from 0% at 100% threat
threshold to 100% at 0% threat threshold.

For any given threshold, we also compute the
prediction percentage, py, which is the percentage of test
data events that are included in our threat regions.

If our predictions are random, we expect pe = py.
Good predictions will result in p, > p.. For example, in a
recent experiment, threat regions that cover only 13% of
the playbox capture 31% of the threat.

We can report these results in two ways.

1. The statistic py/p. — | will be greater than zero for

good predictions, and approach 0 for random
predictions. It is theoretically possible for this value
to be less than zero, but in that case there is in fact
information in the predictions that is being misused,
and could in principle be analyzed to yield an
improved prediction. This statistic is a point estimate,
valid only for a single threshold.

4000 =6
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Figure 3. Threat regions with threshold
at 60%.
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Figure 4. Threat regions with
threshold at 30%.

2. We can summarize the performance of a predictor over a range of thresholds by
plotting p, as a function of p.. Figure 5 shows how we can summarize this graphically.
The diagonal line shows the points where p, = p,. Curves a and b arc two different
predictors. Curve a reflects the preferred predictor, because the statistic py/p. — 1 is
greater than on curve b for every value of p.. We can compute such a curve by

sweeping through the thresholds from 0% to 100%.

It may be helpful to compare this second result with the ROC (Receiver Operating
Characteristics) curves often used in analyzing sensors'. Such a curve plots the true
positive rate (true positives / total positives) against the false positive rate (false positives
/ total positives). As noted above, we do not possess the data to compute such a curve, but
the interpretation of the curve is the same as in Figure 5. A random predictor (or sensor)
has a curve close to the diagonal, and the more rapidly the curve rises, the better the

predictor/sensor.

"J. A. Swets, R. M. Dawes, and J. Monahan. Better Decisions through Science. Scientific American,

vol. 283, pages 82-87, 2000.
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To further quantify the performance of the IED
prediction prototype with respeet to a Random predictor, we
added +/- 2 sigma lines around the Random line. To
generate these lines, we modeled our evaluation procedure
using a Binomial Distribution. We have N independent
repetitions of a simple success-failure experiment where N
is the number of future IEDs we are comparing against our
predietions. A suecess is the event that an IED placed at
random within the Area of Interest falls inside a threat area.
The probability of suceess under a random trial in this case
is the ratio of the sum of the areas of the threat regions to the
area of the overall Area of Interest.

9.1.2  Evaluation Data

We considered two sets of data. The first set comprised of three synthetic test
messages created by Alion (http://www.alionscience.com/) as part of DARPA RAID
ARMN evaluation trials. The test messages were

e DRMsgl 9 Past Events and DRMsgl 8 Future Events
e DRMsg2 11 Past Events and DRMsg2 10 Future Events

e DRMsg3 12 Past Events and DRMsg3 11_Future_Events

The second set of data comprised 87 actual IED events (obtained through DARPA
RAID program) that happened in Baghdad provinee over a period of few months. The
data included date, time, location and zone of the IED event. A zone is defined as eity,
town or village where the IED event oceurred. The data did not contain any information
regarding Convoys or patrols. Following were the test cases considered:

Independent of the zone split the test data into two files —

All_Zones_Past_Events and All Zones Future Events. Three different pairs of split files
were considercd

Prediction Percentage p,
B
LY

Coverage Percentage p,
Figure 5. Response Curve.

e All Zones 41 Past Events and All Zones 46 Futurc Events
e All Zones 71 Past Events and All_Zones 16 _Future Events

e All Zones_79_Past Events and All Zones_8 Future Events
9.1.3  Results

This section includes snap shots of the ROC curves along with a table containing
information on Normalized Coverage Ratio for a fixed threshold value. ROC curves
display the Random Predictor linc along with its +/- 2sigma lines and the scores from
running the IED prediction prototype with the baseline synchronic model.

DRMsgl_9 Past_Events input to DRMsgl_8 Future_Events

Number of Likelihood

. 100
Regions
Likelihood Region Threshold 0.8
Number of Future IEDs 8
IEDs covered by a region 8
IEDs within 50.0m of a region 4
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Total Area of Regions 4.171 km’
Area of AOP 22.794 km’
Percentage Areca Covered 18.3 %
FICP Score 0.375
FICP-A Score 0.306
Random is better 0.0420
Random 1s worse 0.8331
7 ;110-1_lyn
1 —
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02
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0 0.2 04 06 08 1

DRMsg2 11 _Past_Eve

nts and DRMsg2 10_Future_Events

Number of Likelihood

. 100
Regions
Likelihood Region Threshold 0.8
Number of Future IEDs 10
IEDs covered by a region 1
IEDs within 50.0m of a region S
Total Area of Regions 3.322 km’
Arca of AOP 20.679 km’
Percentage Area Covered 16.1 %
FICP Score 0.100
FICP-A Score 0.084
Random is better 0.4942
Random is worse 0.1726
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DRMsg3 12 _Past_Eve

nts and DRMsg3 11 _Future_Events

Number of Likelihood
- 100
Regions
Likelihood Region Threshold 0.8
Number of Future IEDs 11
IEDs covered by a region 1
IEDs within 50.0m of a region 4
Total Area of Regions 3.099 km”
Area of AQOP 24.062 km’
Percentage Area Covered 12.9 %
FICP Score 0.091
FICP-A Score 0.079
Random is better 0.4236
Random is worse 0.2195
|
08 |
? 0.8
é | B=En

0 02

04 06 08
Area Coverage

All_Zones_41_Past_Events and All_Zones_46_Future_Events

Number of Likelihood

Regions

100
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Likelihood Region Threshold 0.8
Number of Future IEDs 46
IEDs covered by a region 5
IEDs within 50.0m of a region 16
Total Area of Regions 0.617 km”
Area of AOP 11.53 km’
Percentage Area Covered 5.4 %
FICP Score 0.109
FICP-A Score 0.103
Random is better 0.0351
Random is worse 0.9017
o8
B o6

All_Zones_71_Past_Events and All_Zones_16_Future Events

Number of Likelihood

. 100
Regions
Likelihood Region Threshold 0.8
Number of Future IEDs 16
IEDs covered by a region 4
IEDs within 50.0m of a region 11
Total Area of Regions 3.03 km®
Arca of AOP 11.53 km’
Percentage Area Covered 26.3 %
FICP Score 0.250
FICP-A Score 0.184
Random is better 0.4157
Random is worse 0.3606
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All_Zones_79 Past_Events and All_Zones_8 Future_Events
Number of Likelihood
s 100
Regions
Likelihood Region Threshold 0.8
Number of Future IEDs 8
IEDs covered by a region 6
IEDs within 50.0m of a region 6
Total Area of Regions 5211 km’
Area of AOP 11.53 km®
Percentage Area Covered 452 %
FICP Score 0.750
FICP-A Score 0411
Random is better 0.0186
Random is worse 0.9098
o - - AZ79-8_syn
08
§ 06
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9.2 Enhanced Representations Track
9.2.1 Introduction

A domain for which higher levels of cognition are often considered necessary 1s
coordination in the execution of complex tasks. For example, tests and treatments on a
hospital patient can be represcnted in a treatment plan, which has both internal
coordination relationships (some tests must be done in a particular order or within ccrtain
time limits) and external coordination relationships between treatment plans (only one
MRI machine cxists; certain ancillary hospital units prefcr to run similar tests in batches
to reduce set-up times, etc.) [4]. Another example is the on-line coordination of pre-
planned activities in dynamic cnvironments such as military, law-enforcement, or disaster
planning scenarios [3]. Several law-enforcement units may wish to surprise suspeets at
different locations nearly simultaneously so thcy cannot warn each other. Besides
coordinating the surprise itsclf, some units may require equipment or information whose
dclivery time is not known in advanec. The structure of such tasks can be represented as a
graph, speeifically, a Hicrarchical Task Network or HTN.

All of these types of sccnarios have been typically approached by building
systems where complex agents have an intcrnal representation of their own plans (and
how they relate to the plans of other agents). Examples include CSC agents [6], or
unrolling each agent’s view of the HTN into a Markov decision process over which MDP
techniques can be applicd [7], or translating it into a Simple Temporal Network and
applying STN techniques [10].

We take a radically different approach. Rather than putting the HTN inside of
complex agents, we put swarming polyagents inside of the HTN. Coordination is
achicved, not by conventional inter-agent dialogs based on each agent’s individual
analysis of the HTN, but by mcans of intcractions among the agents mediatcd by the
structurc of the HTN itsclf. This paper demonstrates this approach by showing how
swarming polyagents can operatc on an HTN. Spccifically, we work with a dialect of the
TAEMS task language [5] that emphasizes the importance of resources, both real and
virtual, in coordination (thus resourcc-TAEMS or r TAEMS). What sets this model apart
from other (self-organizing) scheduling and cxecution approaches is that it includes in its
reasoning scmantic representations of method-execution preferenccs that require the
coordination of multipic entities.

9.2.2  Background

In this seetion we first summarize the rTAEMS HTN modcling approach,
introducing the key terms that define the topology in which the swarming agcnts opcratc.
Then we briefly introduce our polyagent modeling construct, which uses swarms of
simple agents that project specific aspects of the systcm state into the future for informed
dccision making.
9.2.2.1  Resource TAEMS (rTAEMS)

A hierarchical task network (HTN) is a collection of events, together with two
kinds of rclations among them: a hicrarchical structure rclating tasks to their subtasks,
and othcr rclations constraining thc order of cxecution among the tasks. In this paper we
focus on the Resource-TAEMS (rTAEMS) dialect of TAEMS as a specific instance of an
HTN formalism [1, 5]. For a morc dctailed introduction and motivation of ITAEMS we
refer the reader to [8].
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Figurc 1 shows a simplc cxample of an rTAEMS graph.
The circles (“Q”) are tasks and subtasks that may be associated
with one or many actors in the rcal world (two shaded arcas),
and can be subdivided into lower-level activities. Since they
also scrve as the hosts of the quality accumulation process, wc
call these ITAEMS nodes “quality” nodes. The rectangles
(“M”) arc “method” nodes, which arc the lowest level of
activity. Each method is associated with a single actor and

_ ) provides a statistical representation of the execution bchavior of

;i;;el&k?n:wfréx fﬂi this activity (e.g., duration, deadlines). Finally, the triangles
actors (shaded areas under M | (“R”) arc the “resource” nodes that arc emphasized in the
and Q). rTAEMS dialcct over the traditional TAEMS spccification.

The primary purpose of the rTAEMS graph is to coordinate the activities of
various actors to maximize overall quality achievement whilc adhering to any method
ordering and timing constraints. The ordering constraints arc imposed by the R nodes in
the graph. Those nodcs carry a non-negative abstract resource lecvel. Mcthods that start
cxecution consume a given amount of resourcces from R nodecs that have incoming links
to the M node. Methods can only start if the resource levcls on the incoming R nodes are
sufficient for consumption of the specified amounts. When methods complcte, they
produce a given amount of rcsources on R nodes that havc incoming links from the M
node. Thc actual amount of resources consumed and produced is dcfined as static
annotations to the R-to-M (consuming) and M-to-R (producing) links. Timing constraints
associated with a particular M node may further limit the time window in which thc
method may be started.

When methods complete, they producc also a given amount of quality for Q nodcs
that have incoming links from the M nodc. Similar to R nodes, Q nodcs carry a non-
negativc abstract quality level. In addition, any Q node defines a quality accumulation
funetion (QAF) that combines the quality levels on all incoming links (M and Q nodes)
into this node’s quality level. That quality level is thcn used as an input to the QAF at the
node’s parent, and so on. The current quality achicved by the actors is dcfined as the

current quality level at the root of the Q nodc hicrarchy.
9.2.2.2  Polyagents Modeling Framework

For a more detailed introduction to polyagents, we rcfer the rcader to [9]. The
“poly” in “polyagent” rcflects the fact that cach relevant domain cntity is represented by
multiple agents: a single avatar and multiple ghosts, combining structured self-organizing
swarms (ghosts) that explore largc search spaces with classical reasoning approaches
(optional) in thc avatar. Avatars and ghosts differ in four ways.

Multiplicity: Each entity has only one avatar, but may have multiple ghosts
cxisting concurrently.

Scope: An avatar persists as long as the entity it rcpresents. Ghosts are transicnt.
They arc continually generated by an avatar at a speeified rate, and they die off aftcr a
speeified period or upon some specified cvent.

Reasoning: The avatar may use complex symbolic rcasoning, and may
communicate directly with other avatars. Ghosts are stigmergic, or ant-like. They
indepcndently explore alternative paths and coordinate their actions only indirectly,
through changes that they make to a sharcd computational environment. The most
common mcchanism for ghost intcractions with cach othcr and with the avatars of othcr
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entities is through digital pheromones, sealar variables
that the agents deposit and sense in the environment. As
, a result, ghost reasoning is a simple and rapid numerieal
i eomputation over their behavioral model and the
pheromone strengths in their vieinity. Traditionally, the
topology of the spaee over whieh the ghosts swarm is a
ume | representation of the geo-spatial aspeets of the domain.
In this paper, we are demonstrating swarming on HTN

@ antity @ graph representations.
[+l

olyagen! eg ey . Py g eqe .
Mg Bobpeats o Tl Responsibility: The avatar’s responsibility is to

Pheromones on the rTAEMS Graph. maintain a model of the domain entity and prediet and

possibly eontrol its behavior. To that end, it generates
and tunes a stream of ghosts, whose mission is to evaluate alternative actions and
possible interactions. The emergent result of the ghosts’ reasoning ean then be used to
bias or guide the avatar’s aetions.

9.2.3 The rTAEMS Polyagents

The various polyagents in our model are eoupled through external state variables
and temporal pheromone fields that faeilitate indireet information exehanges. The
pheromone fields are either a probabilistie projection of the state variables into the future
(e.g., projeeted levels at resouree nodes or quality nodes), or they eneode additional
eoordinating information required to generate sehedules that are eorreet (enablement) and
optimized (quality, deadlines). In our polyagent model, we maintain pheromone fields
aeross the entire graph indexed by a positive temporal offset (future) relative to the
eurrent real-world time (avatar time). As ghosts exeecute their behavioral model, they
move through this index of fields from the eurrent time into the future, changing their
temporal loeation.

The manipulation of the pheromone fields by the polyagents’ ghosts always
follows the same pattern: 1) A ghost earries an internal state that refleets their own
estimate of one or more external state variable. In particular, if the external state variable
1s diserete (e.g., resouree level), then the ghost state is diserete as well. 2) The ghost
samples pheromone fields at its eurrent temporal loeation and turns pheromone
eoneentrations into probabilities over state variables. Using their random number
generator, the ghost then samples these probabilities to postulate the oceurrenee of
particular events that may ehange its internal state. 3) Based on these events, the ghost
changes its internal state, emulating the change of external variables. 4) Finally, the ghost
deposits pheromones at its current temporal loeation, affeeting the event probabilities that
other ghosts pereeive.

Thus, a ghost emulates a possible evolution of a set of external state variables
over time and adds this foreeast to the probabilistie representation of the state variable in
the temporal pheromone field. This eoupling of polyagents through actual or projeeted
state variables allows us to diseuss the operation of the polyagent model from the
perspeetive of the information flow among variables first (seetion 9.2.3.1), before
explaining the speeifie behavior of the individual agents (section 9.2.3.2).

Our polyagent model distinguishes “infrastrueture™ and “exeecution’ polyagents.
The purpose of the infrastrueture polyagents is to provide guiding information for the
exeeution polyagents, who in turn eonstruet (ghosts) and exeeute (avatars) a particular
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mcthod schedule. The infrastructure
polyagents represent individual nodes
in the rTAEMS graph and their
bchavior depends on their node typc.
Thus we distinguish “resource”
polyagents, “quality” polyagents, and

resource
ghosts

Figure 9. Resource ghosts

Figiiee:, Bolityiphiosts consume S and C/ produce R.

consume R / produce S and C.

“method” polyagents. The execution
polyagents’ assoeiated with the rTAEMS graph is less localized. They model the
behavior of rcal-world entities that may execute certain methods in the graph. In the
current implementation, any M node is associated with one particular “cntity” polyagent
(Figure 7).
9.2.3.1  Abstract Information Flows

We dcscribe the information flows that maintain a corrcct and optimized schedule
for the cxecution avatars.

9.23.1.1 Correct Schedules

The entity ghosts decide when to start and complete a method and accordingly,
they deposit temporal “starting” (S) and “completing” (C) phcromoncs of the selected M
node. For corrcct schedules, the decision whether to start a method depends on the
availability of rcsources consumed by the mcthod. These resource Ievels arc derived from
the “resource” (R) phcromonc concentrations at the resouree nodes linked to thc method.
Thus, cntity ghosts consume R and produce S and C moving through timc (Figure 8).

Thc resourcc ghosts model the cvolution of the level of their R node. As a
resource ghost movcs through time, it maintains its discrete estimate of the rcsource level
and it dcposits this amount of R pheromones. It modifies its estimate by postulating
starting and completing events for those methods that consume from or producc to its R
node. It postulates these events from the observation of the S and C pheromone ficlds of
thosc methods. Thus the resource ghosts consume S and C and produce R (Figurc 9).

Figure 10 shows that entity ghosts affect the behavior of resource ghosts (by
starting and completing methods) whilc recsource ghosts in turn affect the behavior of
cntity ghosts (by cstimating the resulting resource levels). Thus, entity and rcsource
ghosts form a stigmergic feedback loop that results in the cmergence of eorrect schedulcs
where methods are only exccuted if sufficicnt resources are available for their
consumption.

9.2.3.1.2  Optimized Schedules
The stigmergic interaction of entity and resource ghosts in Figure 10 produces
correct schedulcs that are not optimized according to the quality accumulation defined by
the Q nodcs of thc rTAEMS graph. Also, thesc schedules do not include optimizations
that allow high-value methods with early deadlincs to be executed

on time.

The quality ghosts estimate the evolution of the quality level
at their associatcd Q node. That level changes when a method’s
completion adds quality to the node, or when child Q nodcs change

their levels and change the outcome of the quality accumulation Figure 10. Entity ghosts
funection (Q AF) and resource ghosts
p ) : form a stigmergic loop
Likc resourcc ghosts, quality ghosts obscrve the S and C that results in correct

schedules.
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pheromone levels on those M nodes
that provide quality to their node and
postulate starting and completing
events. Completing cvents increase
the level of quality in the ghost.
Quality ghosts also observe the
“quality” (Q) phcromone in their

5 C node’s Q childrcn and estimate their
Qe current projected quality level. The
: : estimated quality levels provided b
Figure 11. Quality ghosts Figure 12. Quality ghosts also ) k. Y dp h Y
ConaninE S, -0 el IO consume O, TQ and QIP / associated M and Q nodes are the
produce Q and TQ. produce QIP. QAF inputs. The QAF result becomes

the ghost’s new quality level and it
also determines the amount of Q pheromone that the ghost deposits. Thus, quality ghosts
consume S, C, and Q and produce Q pheromones (Figure 11).

The infrastructure polyagents on the Q nodes collectively maintain an cstimate of
the likely evolution of the quality lcvels based on the projected exccution of mcthods. To
guide the selection of enabled methods, we need to compare the quality of the projected
schedule with the total quality that could be achieved. We extend the behavior of the
quality ghosts to consider the maximum achievable quality of their M node children and
apply the QAFs.

The maximum achievablc quality of a mcthod depends on whethcr the method
was already executed or not. If a quality ghost considers a method completed, then the
achievable quality is the quality produced. Otherwise, it is the quality that the method is
projected to achicve (zero in the case of a missed deadline). The quality ghosts consume
S, C and Q to produce “total quality” (7Q) pheromone deposits (Figure 11).

From the calculation of the achieved and total quality profile at the Q nodes, we
compute the quality improvement potential that remains at thc M nodes. This calculation
starts at the root of the quality hierarchy, where the quality ghosts dcposit a “quality
improvement potential” (Q/P) pheromone cqual to the difference of the Q and TQ values.
Quality ghosts on all nodes of the hicrarchy (including the root) take their local Q/IP
value and distribute it to their children according to their respective QAF. For instanee, in
a SUM QAF, the QIP deposits are proportional to thc children’s TQ contributions. Thus,
quality ghosts consume Q and TQ at the root and QIP on all nodes and produece QIP at Q
and M nodes (Figure 12).

The coneentrations of QIP pheromones on M nodes optimize schedules for high
quality. But, QIP alone results in greedy schedules as it does not aceount for method
deadlines. Therefore, method ghosts take the local QP estimate and combine it with the
remaining time to the deadline of their method to compute and deposit the method’s
“urgeney” (U) pheromone.

Finally, we want to induce schedules that execute even low-Q/IP/late-deadline
mcthods carly if they lead to the enablement of high-Q/P/early-deadline methods. Thus,
we extend the resource ghosts to consume U from their consuming methods and deposit
U proportionally to their providing methods if their projected resource level is
insufficient to enable their consuming methods.
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To produce schedules that arc correct in regards to
enablement and optimized in regards to quality achicvement and
deadline adherence, entity ghosts need to consider the resource
levels at the enabling resource nodes (R) as well as the urgency
levels at the method nodes that belong to their entity polyagent
(V). Figure 13 shows the entire information flow among the
infrastructure and cxceution polyagents within the topology of
the rTAEMS graph.

There are two ways that coordinating information flows
from the future into the decision process of the entity polyagent.
Implicitly, the QIP calculation assumes the eventual execution
of methods in the total quality estimate. Explicitly, the urgency
caleulation assesses upcoming deadlines and the propagation of
urgency by the method and ghost agents move that measure

Figure 13. Information flow

further upstream. :
4 among the polyagents in the
9.2.3.2  Specific Agents rTAEMS graph.

Now we discuss the operation of the various polyagents
in detail. We start with the ghost logic that maintains a schedule forecast for the near
future and then describe its execution by the avatars. We present the ghost and avatar
operation in sequence, but in reality those two agent types operate in parallel at different
time scales (many ghost cycles between any two avatar cycles). First, we discuss how
entity and resource ghosts form a correct schedule. Then we include the remaining ghost
types to maintain optimized schedules.

9.2.3.2.1 Correct Schedules
Correet schedules emerge in the stigmergic interaction between swarms of entity
ghosts and resource ghosts.

9.2.3.2.1.1  Entity Ghosts

An entity polyagent represents a particular real-world actor capable of cxecuting a
given set of methods. These methods are modeled as M nodes in our rTAEMS graph. The
ghosts maintained by the entity avatar establish a correct and optimized schedule in
collaboration with ghost swarms from other entity polyagents and supported by the
ghosts of the infrastructure polyagents.

Following the general polyagent modeling paradigm, the entity avatar
continuously creates entity ghosts at a fixed rate. Upon creation, entity ghosts copy
relevant aspects of the current avatar state into their own state and are placed on the
temporal location that corresponds to the current real-world time of the avatars. Then,
with each ghost decision cycle, the ghost advances one disercte time step into the future
until it reaches the model’s forecast horizon. There it ceascs to exist.

The initial state of an entity ghost comprises the execution history and the current
execution state (what, if any, method is being executed now) of its avatar. With cach
decision cycle, the entity ghost advances this state by choosing to execute methods from
its set of M nodes.
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,_,_&_] Figure 14 shows the basic
| entity ghost step attime t
1

decision eycle for an entity ghost. It
first checks whether it has passed the
forecast horizon. If not, then the ghost
{Am! currently executing a method? | asserts whether it is currently in the

is t larger than forecast horizon? J

leave polyagent model

| Has my method execution reached projected duration? I process of CXCCUtil’lg a method. In that
"°—)| continue method execution until next ghost step }—— case, the ghOSt neceds to decide
complete method execution (deposit C on method) | whether lt should consider the method

enumerate set of available methods | complctcd or whether it should

<core allvailablemethods | continue exceuting the method until

f probabilistically select from available methods based on score ] ftS next dCClSl.Ol’l CyCle baSCd Dl
internal duration counter set at the

start of the method. If the counter

reaches zero, the ghost deposits a unit

amount of C pheromone at the method’s node in the field indexed with its current time t.

To sclect a new method, the ghost iterates over all M nodes of its entity and
assesses their current availability. The ghost considers a method available, if it has not
been exccuted before by either its avatar or by itself (¢.f. re-entrant methods in Future
Research 9.2.4.1). Furthermore, the availability of a method also depends on its
enablement by R nodes. To determine method enablement, the ghost samples the R
pheromone on each providing R node and probabilistically estimates its current resource
level. This determination is made under the assumption that the pheromone level is in
stcady state based on regular deposits by resource ghosts (¢.f. [2] for dectailed analysis of
pheromone dynamies). The method is considered enabled, if the sampled resource levels
for all enabling resourecs are above their respective minimum enablement threshold.

If the resulting sct of available methods is empty, the entity ghost just pauses for
this decision cycle. Otherwise, it sclects a method from that set with uniform probability.
Marking the start of the method, the ghost deposits a unit amount of S pheromone on the
M node and initializes its method duration counter by sampling the method duration
distribution from the node’s configuration.

start method execution (deposit S on method, project duration) }—
Figure 14. Entity ghost decision cycle.

9.2.3.2.1.2  Resource Ghosts

We assign a resource polyagent to cach R node in the graph. The resource ghosts
collectively estimate the evolution of the level of their R node from the current actual
level to the model’s forecast horizon. This collective estimate is reflected in the R
pheromone concentrations on the node, which are sampled by the entity ghosts to decide
on a mecthod’s enablement state.

A resource ghost carrics a diserete resource level. As the ghost is ereated by its
resource avatar, this value is sct to the current actual resource level. Also at initialization,
the resource ghost determines for each producing or consuming method, whether this
mcthod is currently being executed by an entity avatar.
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Figure 15 shows the basic deeision cyele for a resource ghost, beginning with the
eheek for the model’s foreeast horizon. The ghost iterates over all providing M nodes.
For each sueh node, it samples S and C pheromones levels, and estimates the probability
that this method is starting or eompleting at this time. Depending on whether the ghost
expeets the method to start or complete next, the ghost either uses a probability derived
from § or C to postulate these starting or completing events. If the ghost postulates a
eompleting event for a produeing method, it inerements its internal resouree level by the
amount produeed by that method.

After handling possible inerements, the resource ghost eonsiders all eonsuming
methods and again postulates starting and eompleting events. Here the ghost decrements
its resouree level upon starting events by the amount eonsumed by the respeetive method.

It is important to note that the resouree level of a particular ghost is permitted to
drop to negative values even though the actual resouree level of the node never falls
below zero. Prohibiting these forbidden states would otherwise artifieially eonstrain the
statistical variations that the current method execution patterns may produce.

The ghost eompletes its decision eyele by depositing R pheromones equal to its
new resouree level onto its node into the field indexed with the ghost’s eurrent time.

9.2.3.22  Optimized Schedules

The stigmergie interaction between entity and resouree ghosts leads to the
emergenee of correet schedules. The feedbaek loop between the exeeution deeisions of
the entity ghosts and the resouree level estimates produeed by the resouree ghosts ensures
that only those methods are executed that have a high likelihood that suffieient resourees
for eonsumption are available. In fact, the entire spaee of correet schedules is aceessible
as any eorreet execution choiees may be explored.

Now we show how the infrastrueture ghosts proeess quality aceumulation and
deadline information to provide additional guidanee for the entity ghosts to seleet
optimized sehedules from the correet ones.

9.2.3.2.2.1  Quality Ghosts

The hierarchy of Q nodes with M nodes at the leaves speeifies the accumulation
of method-produeed quality up to the root of the rTAEMS graph. The quality at the root
1s the overall performanee measure applied to the team of actors whose actions and their
interdependeneies are modeled. The quality ghosts estimate the evolution of quality
levels at each Q node to the foreeast horizon and use this estimate to guide the entity

ghosts to exeeution deeisions that ;
have the highest potential to improve | Lresourceghoststep attimet |
the root-level quallty Ist larger than forecast horizon? I
Quality ghOStS are very similar leave polyagent model l

to resouree ghosts. They earry a level 2 3l For each producingmethod m, |
measure for their node (quality instead [ eomptetingat s cimee |
of resouree), and this level is e
. ,t, lized from ety level o increment my resource level by amount produced by m,
mitia

> D For each consuming method m
their node. If the Q node reeeives ] <]

3 5 3 i his time?

direet contributions from M nodes, the ik i bume |
quality ghOStS postulate Starting and | %3 decrement my resource level by amount consumed by m ]
eompleting events for these methods Idepositmy resource level into R pheromone I—

Figure 15. Resource ghost decision cycle.
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from the S and C pheromones and inerease their internal quality level for any eompleted
providing method.

In eontrast to a resouree ghost, the internal level of a quality ghost is not just
determined by the quality production of associated methods. Instead, the ghost’s Q node
may also have other Q nodes as ehildren. There the ghost probabilistically derives the
currently predieted quality level from their Q pheromones. The ghost uses the estimated
method quality contributions and the child Q node levels as input into its QAF. The QAF
result determines the eurrent quality level of the ghost and the ghost deposits Q
pheromones of this amount into its Q node.

As diseussed in section 9.2.3.1.2, quality ghosts also estimate the aceumulation of
total quality that can be achieved at their respective node. The mechanism for the ereation
of TQ pheromone fields is very similar to the Q pheromone generation. For TQ the
quality ghost tracks the exeeution of the providing methods through the S and C
pheromones but postulates total quality produetion as long as the method has not passed
its deadline without being eompleted. Using its node’s QAF, the quality ghost eombines
achievable quality of its providing methods with probabilistically determined TQ levels
of any child Q node. It deposits the resulting total quality level as TQ pheromones on its
node.

With the Q and TQ fields established by the quality ghosts, we now have
suffieient information about the possible improvement of the overall root-level quality.
The quality ghosts of the root node deposit the quality QIP pheromone as the eurrent
differenee between their Q and TQ levels. All temporal QIP fields below the root node
are maintained by the quality ghosts of the parent node. These ghosts sample the QIP
pheromone at their own node and distribute that value as QIP deposits to their ehildren
aeeording to the loeal QAF. For instanee, if the QAF at the parent is a SUM or a MAX,
then the parent’s QIP is distributed to the ehildren proportionally to the differenee
between Q and TQ at the respeetive ehild. Thus ehild nodes that still offer the largest gain
in quality get assigned the largest quality improvement potential. Other QAFs, like for
instanee a MIN, trigger an inverse proportional distribution of the parent’s QIP.

The distribution of parent QIP to ehild nodes of a Q node does not distinguish
between Q node and M node ehildren, distributing the root QIP to down individual
methods. Thus, the combined operation of all quality ghosts maintains a quality
improvement potential profile starting at the eurrent avatar time out to the foreeast
horizon, identifying whieh methods (if enabled and executed) may provide the largest
gains for root-level quality.

9.2.32.22  Method Ghosts

In seenarios without deadlines, Q/P alone would be sufficient to guide the entity
ghosts towards an optimal sehedule. In this ease, entity ghosts may just greedily piek
methods that offer the largest Q/P and fill in any remaining smaller quality gains later.
But if these low-gain methods are assoeiated with a deadline, then they should be
exceuted earlier than high-gain methods with later deadlines. Therefore it is neeessary to
eombine the QIP information of a method with any deadline assoeiated with the method
to determine the urgeney with which the method should be seleeted if it is enabled.

The method ghosts perform this simple ealeulation. Their internal state
aceumulates the likelihood that their method has been started at or before their eurrent
ghost time. If the entity avatar already started the method, then the ghost’s starting
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method ghosjstep attimet I C.Stlmate - 1 OO%
1 right from its
Is t larger than forecast horizon? I initialization.

leave polyagent model i Otherwise it

" 5! sample S and update accumulated starting probability ] aecumulates
estimate method QIP at t from QIP pheromone I Starting Figure 17. Urgency
calculate urgency from QIP, inverse deadline,and probabilities “propagation" by ICSOUTCE
accumulated starting probability sampled from the § | ghosts.
depositurgency into U pheromone |——— | pheromone field in each method ghost step.

Figure 16. Method ghost decision cycle. In eaeh deeision eyele (Figure 16) the

method ghost samples its loeal QIP level and
divides it by the time that remains until the deadline or the foreeast horizon (whichever
eomes first). It then multiplies this value with 1 - aceumulated starting probability — the
likelihood that the method is not yet started. The resulting urgeney measure grows with
inereasing quality improvement potential, with an approaching deadline, and with
deereasing starting probability. The method ghosts deposit this urgeney value into the U
pheromone field.

9.23.2.2.3  Resource Ghosts

One final step in the urgeney ealeulation is neeessary to ensure that methods with
high indigenous urgeney (elose to deadline, high QIP, low starting probability) get
enabled by upstream methods in time even if these predecessor methods themselves have
low indigenous urgeney. In effeet, we want to seleetively “propagate’” urgeney upstream
along the method enablement relationships expressed by the R nodes between them.

We extend the behavior of the resouree ghosts beyond our initial deseription.
After completing the operations associated with the ereation of eorreet sehedules, a
resouree ghost sums up the urgeney of eonsuming methods that eurrently have
insufficient enablement by their providing resourees. Each such urgeney value is
weighted with the resouree level that the respeetive method would eonsume from the
ghost’s resouree. The resulting “‘resouree urgeney” value is then distributed (U
pheromone deposits) proportionally among all providing methods aceording to the level
of resouree they would be contributing. The temporal index of these deposits is offset by
the duration of these methods, inereasing the urgeney to start these methods in time.

9.2.3.2.2.4  Entity Ghosts

In the previous seetions we showed how the ghosts of the infrastrueture
polyagents ereate a rich information environment across space (rTAEMS graph) and time
(up to the foreeast horizon) based on global quality improvement potential and method
deadlines resulting in loealized urgeney fields at the method nodes. Now we diseuss how
the entity ghosts take this information into aceount when making their exeeution
decisions.

The summary of the entity ghost decision eyele in Figure 14 already ineludes the
neeessary steps: “seore all available methods” and “probabilistically seleet method based
on seore”. To create correet sehedules it was suffieient to seleet among the available
methods randomly. With method urgeney information available, the entity ghost seores
its available methods by their U pheromone eoneentrations. Thus, methods with higher
urgeney have a higher likelihood of being exceuted.
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i ..____\Ir_l Methods that have an urgeney
I entity avatar step at time t

of zero will not be executed since they
neither contribute additional quality
Has my method execution reached projected duration? I themselves nor enable other methods
""—-I continue method execution until next avatar step % that may provide quality. Thus it is
complete method execution (produce resources and r.!uality) ] pOSSiblC that cven though methods are
s cnabled for a particular entity ghost,
the ghost may still deeide not to
exeeute anything. This is a desirable
behavior as it allows entity polyagents

start method execution (consume resources, project duration) | to ignore unproduetive methods.
Figure 18. Entity avatar decision cycle.

{ Am | currently executing a method?

L
enumerate set of available methods {truly enabled by resources) J

sample starting probability from S at time t for all such methods I

select from available methods by -highest starting probability ]

9.2.3.2.3 Executing Schedules

We had mentioned before, that in the gencral polyagent model, the avatar may be
the host of complex (cognitive) rcasoning proeess about its entity. For the rTAEMS
model presented in this paper, such ecomplex reasoning is not neeessary, because already
the infrastructure and execution ghosts collectively maintain a correct and optimized
schedule in the distribution of S and C pheromones on method nodes. Thus, all necessary
reasoning about which (if any) methods should be actually exccuted next by the entity
avatars is performed by the swarming ghosts of the system. All an entity avatar has to
do now in its decision logic is to exploit the guidance that is generated by the exploration
of the information landscape by its ghosts.

The entity avatar (Figure 18) exeeutes similar deeision logic as an entity ghost
(Figure 14) in regards to its overall execution behavior. If, in a particular deeision step, it
is already exeeuting a method, it deereases its method duration eounter and completes the
mcthod if the eounter rcaches zero. If the avatar is rcady to seleet a new method for
exeeution, establishes a set of available methods. It is up to the entity avatar to ensure that
its execution remains eorreet in regards to actual enablement and deadlines of its
methods. Its ghosts used R pheromones to estimate enablement and though it is unlikely
that this estimate is wrong at the beginning of the forccast window (close to the actual
system statc), entity avatars still have to cnumerate their set of available methods based
on actual resource levels at the ecnabling nodes and exclude those methods that it actually
cxccuted before or that have run out of time.

From the set of available methods, the entity avatar sclects the method that has the
highest starting likclihood (from the S pheromone) at the first ghost cyele. If there is more
than one such method, the avatar has no further guidance and selects among the
maximum likelihood methods randomly. If the highest starting probability is still below a
eonfigurable threshold, then the avatar does not sclect any method for execution and
pauses instead until its next cycle.

In the forecasting component of the polyagent model, entity ghosts do not
consume or produee resources directly. Instead, resource ghosts observe the starting and
completing probabilitics of their associated methods and maintain the resource-level
forccast in the R pheromone. Converscly, the execution by the entity avatars constitutes
the real and irreversible start and completion of methods. Thus, as an avatar starts a
method, it actually consumes resources (decrements resource levels), and when it
completes a method, it actually produces resourees (inerements resource levels) and
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quality (increments quality levels). As a conscquence, the dccision process of resource
avatars is empty.

While the resource avatars are impoverishcd in their behavior, quality avatars
still play an important role. They have to track thc actual production of quality by the
entity avatars and recursively roll those up to the root node of the quality hierarchy. This
roll-up provides an immcdiate picture of the currently achicved quality by the polyagent
system.

Finally, method avatars simply rcgister the execution of their method by an
entity avatar to establish thc correct initial state of their ghosts.

9.2.4 Evaluation Experiments

We report on experiments with our rTAEMS polyagent system. First we discuss
capability experiments on artificially constructcd graphs that highlight particular

challenges. Then we report on benchmark tests against traditional TAEMS approachcs.
9.2.4.1  Capability Experiments

Below is a small samplc of the various expcriments that we performed to test
agent interaction, fine tune agent parametcrs, and analyze thc scalability of the algorithm
by increasing the number of avatars and methods.

9.2.4.1.1 Stepped Deadline Graph (Single Entity Avatar)

The graph contains ten methods M. with a common duration of one, produeing
a quality of one each (no quality preferences). Method M; has a deadline at t=i (stepped
deadlines). The optimal sequencc of method exceution by an avatar is highly constrained
by the deadlines. If any one method is exccuted out of sequence, a loss of quality is
observed.

Without quality preferences, the cntity ghosts provide sufficient guidanee for the
avatars to exceutc the stepped graph flawlessly (see sercenshot in Figure 19). But we find
that differences in quality production may lead to greedy, out-of sequence exeeution of
higher-value methods. A tuning parameter that balaneces the impact of deadlines with the
preferences expresses by quality production supprcsses this greedy behavior to a point.
But in the case of the stepped graph, the modeler who constructed the fully dcadlinc-
constrained graph should not have added any conflieting quality preferences.

9.2.4.1.2  Quality/Deadline balance Graph (4 Entity Avatars)

As observed in the previous section, higher quality offered by one method may
overwhelm the urgeney to execute another to meet its (or its dependants) deadline. This
series of experiments demonstrates the existence of a balance point where quality greed
overwhelms deadline constraints.

We specify a graph with 4 avatars {A, B, C, D} and their respeetive two methods

{M[A-D];, M[A- e D],}. Mcthods
MI[A-D]; are all o 0 o 0o o 0 assigned a
deadline of 1, g g g °o g g while methods
M[A-D]; are o o o o o o assigned a
deadline of 2. . . o o . The quality
produced by the b 0 o o method was set
as follows: M[A- m ° | DIi=1, MAx=I,
MBz=2, MC2=3, g ; ‘ 0 and MD2=4.

The Figure 19. Correct execution of the Stepped Deadline Graph optimal sequence

methods (rows) by the avatars (left) predicted exccution (right).
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Table 1. cTAEMS Benchmark Characteristics and Results. of method execution for any avatar is

Characteristics g

Name #Entities _ [#Methods [#Nodes M, before M,. Without the
MayOptINLE4 7 12 28 aforementioned (9.2.4.1.1) tuning
MayOptContingent3 3 18 43 parameter, the system is able to

Besults execute this optimal sequence only for
Name Optimal Mean Std. Dev. tard. The oih t o

Quality Quality Quality avatar A. The other avatars werc le

MayOptNLE4 65 65 0 by their ghosts to exeeute their second
MayOptContingent3|  66.5 66.5 0 method (M[B-D]>) first becausc of the

quality improvement potential they were offering. Thus, the deadlines of M[B-D]; were
reached and their quality contributions lost.

The tuning parametcr affeets the contribution of QIP to the urgeney of a method
and thus balances the competing optimization goals of maximizing quality and meeting
deadlines. Repeating the experiment with a deereased QIP impact, avatar B now also
executes MB; before MB,, but M[C-D]; still expire.

These experiments highlight that the designer of rTAEMS graphs must not only
adhere to the correct syntax of the graph, but must also be aware of the emergent
dynamics of the polyagent system that resolves competing optimization goals.

9.2.4.1.3  Stepped Deadline Graph (Scaling Tests)

To explore the scalability of our polyagent approach, we first increase the number
of stepped methods (see 9.2.4.1.1) executed by a single entity avatar to 500 (M.so,
dM;=i) and then inerease the number of avatars that are associated with the stepped
methods to ten (alternating avatar-method association A;={M;, M;;, My, ...}, A7={M,,
M2, M2, ... }). In all cases, our polyagents were able to produee the optimal (stepped)
cxccution sequenece, naturally with inercasing computational cost (linear with #methods,
#avatars). It is worthwhile to point out that all polyagent interactions in our modcl arc
local on the rTAEMS graph. Thus, the distribution of this system over many
eomputational hosts for a distributed group of coordinating entities is very straight

forward.
9.2.4.2  Benchmark Experiments

In order to compare our polyagents’ pcrformance with related work, we
experimentcd with two cTAEMS task networks taken from the May, 2007 evaluation
trials of the DARPA COORDINATORS program (K. Dccker, personal eommunication).
The task networks used in these trials were intcnded to be simple cnough to be solvable
by an optimal cTAEMS algorithm, whilc still being complicated enough to cvaluatc and
compare the performancc of non-optimal, heuristic solvers.

The two networks chosen werc “MayOptNLE4” and “MayOptContingent3”
(Table 1). We converted the original cTAEMS networks into equivalent rTAEMS
networks, preserving semanties and resulting quality. Accounting for the probabilistic
nature of our approach, we executed 25 replications of each network with a diffcrent
random seed. The results in Table 1 show that our approach achieved optimal results.
9.2.5 Conclusion and Outlook

Typically, swarming and even polyagent applications place their agents in sharcd
computational cnvironments with geographic topologies. These metric and reasonably
continuous spaces provide the agents with sufficient space to explorc altcrnative
trajectories with minor variations wherc the non-lincar dynamics of the agent system
amplifies these variations when they offer improvements to the system’s performance.
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Wec demonstrated here how swarming agents may be deploycd on the non-metric and
discontinuous topology of a process graph, using the mctric and continuous temporal
domain and the distribution of numeric resource and quality levels as the sourcc for those
minor variations that are essential to the adaptiveness of sclf-organizing algorithms.

We align our research with traditional Artificial Intclligence approaches and focus
on Hierarchical Task Network (HTN) dcscriptions of the constraints and preferenccs in
thc exccution of abstract methods by a group of entities. In particular, we adapt the
TAEMS reprcsentation for HTNs to place a greatcr emphasis on the mediation of
mcthod-cxecution through sharcd resources and collectively achieved quality (stigmergic
coordination). On the rTAEMS graph representation of methods that are enabled by the
availability of resources produced by other methods and whose exccution produces
quality that is aggregated to a systcm-level quality achicvement, we place “infrastructure™
polyagents on each node that projcct the evolution of the state of their node forward in
time. The entitics that are using thc -TAEMS graph to coordinate their activity arc also
rcpresented by polyagents, driving through their projected and actual cxecution of
methods the evolution of the infrastructure agents.

Wec discusscd in detail the population-level dynamics of thec complex polyagent
system on rTAEMS, specified thc decision logic of the agents that make up the swarming
component of the polyagents (“ghosts”), and reported on capability and benchmark
experiments. We were able to show that our polyagcnt approach to scheduling and
cxecution of HTNs is capable of achicving optimal performance while offering thc ability
to dynamically reschedule to adapt to changing cnvironments and to distributc the
proccss among multiple hosts associatcd with the coordinating entities. (Due to the
stochastic nature of the algorithm, optimal performance cannot be guarantecd on more
complicated problems.)

The ONR CIED STIFLE projcct has come to an cnd. But in a related project, we
arc now extending the rTAEMS polyagent systcm in several directions. We are
expanding the applicability of the rTAEMS process model by supporting the exccution of
a mcthod more than oncc (rc-entrant methods) and potentially by diffcrent entitics
(shared methods). Also, to modcl opposing “sides” among the entities for instance in
war-games, we allow rTAEMS graphs to have morc than onc quality root.

The main extension comes from the specialization of the methods. In the
rTAEMS version reported in this paper, a method is characterized by abstract attributes
such as its duration or deadline and wc assume that thc mcthod always concludcs
successfully (producing quality). The specialized method nodes will include a detailed
cxecution model that simulatcs the cxccution of the mcthod in a gco-spatial model. From
that simulation, we derive dynamically the cxpccted duration of that method and the
amount of quality it produces. Thus, mcthods could havc varying duration and success
depending on the spatial context in which they are executed.

9.3 Model Analysis Track
9.3.1 Prediction Horizon

An important aspcct of our polyagent framework is the cxplicit reasoning about
possible future states of the system performed collectively by the ghost populations of all
polyagents. Each polyagent maintains a set of ghosts that each emulatcs the avatar’s
behavior from a sct point in the rccent past (hind-cast horizon) to a given point in the ncar



ONR C-IED STIFLE Final Report

future (foreeast horizon). A ghost’s emulation of the avatar’s behavior typically involves
the probabilistie interpretation of a sub-symbolic behavioral model within a range of
“personality” parameters. In some applications, we also apply evolutionary learning to
the ghosts’ personality parameters against observed entity behavior.

As ghosts emulate the behavior of their avatar from the present point onwards into
the future, they evaluate the likelihood and possible outeome of interactions of their
avatar with other avatars in the model. This evaluation is based on state-likelihood
information communicated among the ghosts through spatio-temporal pheromones. The
combination of the probabilistic behavioral model and the indireet interaction of ghosts
through a shared environment establishes a positive feedback loop that drives the model
to convergenee on a small set of the most likely future trajectories of the model,
establishing a prediction of the future. This prediction is constantly refined and updated
as new information enters the system.

As with all efforts to predict the ——. TR—
future behavior of a non-linear complex _ Ghost track
system, our ability to look into the future S : ;_
is limited by the rapid divergence of g .’f'.".‘ ’7.'
possible system trajectories even under & 5

very similar initial conditions — popular
known as the “buttcrfly effeet.” ‘:".“ & 3.4 —
Therefore, our limitcd eomputational
resources (computational cyeles available
to the ghosts combined with the
complexity and uncertainty of the current

Now (=r =t) fl Hel

Figure 20. Effective limit of polyagent prediction
capability.

situation determine an effective
prediction horizon beyond which the trajectories of the individual ghosts ecannot be
combined into a meaningful prediction of likely future states.

Figure 20 illustrates the existence of an effective prediction horizon in our
polyagent model. We hypothesize that an analysis of the emergent ghost trajectories may
enable a polyagent to manage the available ghost processing cyeles, avoiding effort being
invested in spatio-temporal regions of the model that are beyond our analytic capability.

We took a first step towards such an auto-adaptive mechanism by analyzing a
simplistic model of predictive control and demonstrating the impact of the actual
prediction horizon on the emerging system performanee. We published a paper to the
2007 International Confcrence on Autonomous Agents and Multi-Agent Systems
(AAMAS’07), deseribing this model and our experiments and conclusions (see
Publications Table).

9.3.2 Quantum-Mechanical Analogy

We explored the empirical analogy between polyagent systems (one distinet entity
following a swarm of probabilistic behavioral emulators interacting through ficlds) and a
quantum mechanical interpretation of the world (distinet particles following a classical
path but being the dual to waves that may interfere with othcr waves). In particular we
have been studying the classical two-slit experiment that exposes the quantum-
mechanical particle-wave duality and we started to cxplore the notions of interference
and frustration driven by external cireumstances and internal preferences.
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In our polyagent modcls, we use multiple ghosts of an |
cntity to create probability fields which in turn guide the g:b
movcment of the single avatar of the entity. Thus, abstractly, |
our polyagent models rcsemble the particlc/wave duality known
from Quantum Mechanics in physics. In STIFLE, we are
exploring the possibility that this rescmblance may actually I
yield formal tools or approaches from thc physics domain that gp |
improve the design or performance of our polyagent models. |

We started our cxploration of thc Quantum Mechanical
Analogy by exploring the classical two-slit experiment that
demonstrates the particle/wave duality of electrons. In this
cxperiment, a source for clectrons is placcd on one side of a gatc with a screen that shows
the resulting electron distribution on the other side. If the gate has only one slit, then the
resulting distribution of the electrons on the screen is centered around the center of thc
direct particle path. But if the gate has two narrow slits, then the resulting distribution
shows the cffect of interfcrence of the electron as a wave passing through both slits (scc
Figure 21).

To replicate the experiment in the
polyagent framework, we instantiated a
simple model with one avatar at the
location of the clectron source, emitting
ghosts with a random heading and speed
(constrained to parameterized intervals).
We also extended the framework to
include obstacles (walls) at which ghosts
are either absorbed or reflected. Thus,
ghosts behave like replications of an
electron particle, forming peaks along the Figure 22. Model of the two-slit experiment.
classical path behind the slit(s). Figurc 22
shows a snapshot from the execution of the model in which a stream of ghosts (black
dots) is “filtered” by a two-slit gate.

To replicate the wave interpretation of the electron that leads to the interferencc
pattern behind the two slits, we implemented a new infrastructure similar to our
application-indepcndent pheromone infrastructure. While the pheromone infrastructure
supports spatial aggregation, diffusion, and evaporation of information in an
approximation of chemical pheromone markers in social insect colonies, the “Quantum
Wave” infrastructure will support diffusion and interaction (interference) of information
approximating wave dynamics.

In many applications we have been using the pheromonc infrastructurc to offload
computational requirements typically associated with truth maintenance and tcam
coordination from individual agents to the sharcd environment, thus simplifying thc agent
code. Wc believc that the Quantum Wave infrastructure may have unique information
processing capabilities complementing the pheromone infrastructure that would support
othcr agent tasks.

The snapshot in Figurc 22 shows an examplc of the Quantum Wave infrastructure
dynamics as the avatar modulates the local “ficld displacement” with a sinc function. The

Figure 21. The classical
two-slit experiment.
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local displacement is propagated by the infrastructure dynamies and, as it reaches the
back of the two-slit gate, leads to interferenec reminiscent of the interfercnce in the two-
slit electron experiment.

Just like the pheromonc infrastructure, the Quantum Wave infrastructure is
composed of multiple cells that are locally linked into a graph strueture. In our
experiment in Figurc 22, the graph forms a rectangular grid that is only disrupted at the
location of the walls of the gate. Each ccll in the grid may havc a displacement along one
or more independent dimensions, the equivalent to the different flavors in the pheromonc
infrastructure. Agents may scnsc or modulate this displacement.

The dynamics of the T A 4\
infrastructurec determine how the
displacement of onc ccll influences the
displacement of its neighbors. Many
different update rules for the field
displacement are possible. We have
experimented with a few. For instanee,
the averaging rule specifies that the
displacement of a cell at time t+1 should
be equal to the avcrage displaccment of

. . . Fi . Di t is t tar in 1i
its nelghbors at time t. Under such a igure 23. Displaccment by distancc to avatar in lincar

chain of Quantum Wavc cells.

regime, the amplitude of the
displacement of any cell in a finite graph would eventually approximatc a constant
displaccment modulated by one agent onto one cell. Or, if the displacement by the agent
changes periodically, then the amplitudc of displaccment of other cclls in a regular grid
decreases proportionally with the distance from the agent (sce Figure 23).

The averaging rule approximates the dynamies of cnergy transfer in a set of
connected heat storage bins. We have also experimented with an update rule where cach
ecll is the equivalent of a pendulum, continually transferring potential to kinctic encrgy
and back. In this case, we arc able to approximate the actual propagation of wave fronts
through the graph without energy loss (similar to electro-magnctic wavcs).

9.3.3 Two-Bridge Problem

In the following, we present a detailed discussion and analysis of a simple model
(“the two-bridge problcm”) that follows thc topology of the two-slit cxpcriments but
created frustration and interference effeets in a more agent-like fashion. While the two-
bridgc problem primarily exposes the analogy to quantum-mechanical systems and their
analysis, it does refleet, in an abstract sense, spatial dceisions similar to those that need to
be made while emplanting an IED.

This seetion will describe the simple two-bridge problem and to study the ground
statcs of the system. The primary purpose is pcdagogical. We will show how to frame a
class of problems we are interested in, so that dynamies in both physieal space and
decision space are appropriately expressed. We will also show how the ground states of
the “Hamiltonian” can result in qualitatively different outcomes depending on the values
of the paramcters, and how frustration can lcad to cffects which (superfieially at least)
mimic some aspects of quantum systems.

Consider a river which ean be crossed by one of two bridges (Figure 24). There
are 2 agents (cither people or platoons), represented by squares, who are positioned, one
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at each of the two bridges as shown below. There are three possible sites to bivouac after
erossing the bridge, represented by eireles.

Assoeiate with each of the two Site 3
agents a “spin”, S;(i=1,2). Each spin ean 9
take on one of 3 values corresponding to
the bivouac sitc choscn by that agent. It
is convenient to represent cach spin as a
complex phase, e so that the three
choiees correspond to three different Asent |
valucs 0f¢, 0, 2n/3 and -27/3. Lct sites Figure 24. Topology of the Two-Bridge Model.

Site 1
o o Site 2

River

O O Agent 2

(1,2,3) corresponds to

¢ = (2n/3, -2n/3 and 0), respectively.

Therc may be different circumstances that dictate degrees of preference for the
agents to bivouac at diffcrent locations. For cxample, agent 1, may be cxtraordinarily
tircd, and so may have a strong prcference to bivouac at sitc 1. On the other hand, there
may bc bcetter accommodations and supplies at site 3, so that agents will prefer to travel
the extra distance to sitc 3. Also, there may be some reason why the agents prefer to
bivouac togethcr, regardless of the sitc.

The effect of such preferences on the choice of bivouac sitc ean bc expresscd by
forming a Hamiltonian (or utility funetion). Minimization of the Hamiltonian amounts to
finding the statistieal ground statc of the system. Undcr somc circumstanccs the actual
choice of bivouae site will minimize the Hamiltonian. In any case, analyzing the grounds
states is a first stcp in understanding likcly secnarios for bivouae choice and their
sensitivity to preferences.

We describe this system with the following Hamiltonian:

A=-(JS,-S,+H S, +H,-S,)+hc

Hcere J is a scalar, and the Hi=h; ¢xp(i6;) arc complex numbers. The H; express
preferences of cach of the agents to choose a given site. For examplc, if 0,=27/3 then
agent 1 will prefer to bivouac at site 1, and the strength of that preference will incrcasc
the larger h; is. The values of 6; do not have to be limited to 2n/3, -27/3 or 0. Suppose,
for examplc that agent 1 has an cqual preference to be either at sitc 1 or 3, but prefers not
to be at site 2. This can be accommodated by choosing 6, = 27/6. By choosing differcnt
values of 0;, we can accommodate varying relative preferences among the 3 sitcs. J
expresses the degree of preference that the two agents bivouac together. If J is large and
positivc, there will be a strong preference for the two agents to bivouae in the same place.
If J is ncgative, thc agents will want to bivouac in different places.

To analyze the ground state of A, it is convenicnt to rewritc it in the following
form:

A=—[Jcos(¢ —¢,) +h cos(I, — @)+ h, cos(9, — ¢,)]

To simplify our problem, we assume symmetry in preferences betwcen the agents.
That is, we consider only cascs in which h;=h,=h and in which 8,= -6, = 2n/3 - 8. Then
we have

A=—[Jcos(¢ —@,)+hcos(Qn/3 -6 — @)+ hcos(—27/3+ 6 - ¢,)]

We now can study the minima of A for diffcrent valucs of J, h and 8. Here we will
only outline thc qualitative behavior of the system for different ranges of thc variablecs.
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9.33.1 &=0

This is the ease in whieh, if there 2-fold degenerate
is any preference of the agents for a site,
it is for the site closest to the bridge that
they cross (assuming that h>0). In this
case, if h>>J, then the agents will prefer ;
to bivouac at the site near their respective Classical
bridges. We eall this the classical ease. If i
J>>h, it will be most important to the
agents that they bivouac together, and, if h
h is nonzero, then A will be minimized if Figure 25. Phase Plane for 3=0.

J=h

the agents bivouac at cither site 1 or site

2. At this level of the analysis, there is nothing to distinguish between these two choices.
The ground state is said to be 2-fold degenerate. The cross-over between thesc two
behaviors oeeurs when J=h. For J>h the ground state has the two agents together at one
site, while for J<h, the ground state corresponds to cach agent forming a bivouac at the
site nearest his bridge. This behavior is summarized in the graph in Figure 25.

9.3.32 0<8<w6

3-fold degenerate

This qualitative behavior B

continues for small values of 3, although
the separatrix between the elassieal and
2-fold degencrate domains changes,
taking on a gradually larger slope. (This
may scem counterintuitive, since a small
increase in 8 means that an agent has a
less strong preference to bivouac near his
bridge than if 6=0. However, when 6>0, Figure 26. Phase Plane for 5=m/6.

Classical

there 1s a greater eost in having the
distant agent bivouac near the opposite bridge. That is, [cos(4n/3)- cos(4n/3-8)] is greater
than [1-cos(8)] for small 8.) Figure 25 continues to deseribe, qualitatively, the ground
state behaviors for <n/6. When 3=n/6, the state with both agents choosing site 3

becomes degencrate with the choices of sites 1 or 2, and so the upper region of Figure 25
now becomes 3 statc degenerate. That is, for 8=n/6 and J sufficiently large, relative to h,
both agents will bivouac at the same site, and will have no preference of the site. Note

that this is the first appearance of the “‘quantum mechanical” solution, reminiscent of the
two-slit diffraction experiments. The separatrix in this easc is the line J=[4hcos(n/6)]/3 or,
roughly, J=(1.1547)h. (Compare with the case 3=0, in whiech the separatrix is given by

J=h.) This is summarized in Figure 26.
9333 w6<8<m3

For 6>1/6, and above the separatrix, the solution with both agents at site 3 has a
lower value of A than the solution with both agents at sites 1 or 2. So this region now
becomes purely quantum mechanical. Qualitatively, for larger values of 8, this region
continucs to be dominated by the quantum meechanieal solution. The reason is that larger
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d expresses a greater preference by the agents for site 3 than for the site eloser to their
bridge. The slope of the separatrix is a maximum at d=n/6 and is approximately equal to
1.1547. As 6 inereases above 7/6, the slope of the separatrix deereases. Thus, at 3=7/6
two important things happen. Above the separatrix, the quantum mechanical ground state
dominates the 2 fold degenerate ground state, and the slope of the separtrix deereases.
This is fairly interesting and probably suggests that this should be thought of as a process
of jumping from one sheet which represents the two-fold degenerate ground state, to
another which represents the quantum mechanical solution as we pass through 6=m/6.
When 6=n/3 the slope of the separatrix is zero and the entire positive quadrant of the (J,h)
plane is dominated by the quantum mechanical solution. This makes sense: as § increases,
cach agent (independent of the question of whether the agents bivouae together or not)
inereasingly prefers to bivouae at site 3, rather than at the site closest to its bridge. When
d=n/3, the angular separation between sitc 3 and the maximum of the cosine (i.e., the
value of| say, ¢; such that 21/3-3-¢;=0) is equal to the corresponding angular separation
between this value of ¢, (¢,) and site 1 (2). Thus, the h terms in the energy are neutral
with respeet to the agents’ choice between its home site (closest to its bridge) and site 3.
A positive value of J only reinforees this behavior, sinee that term expresses the
preference to bivouac together. Thus, the unique preferred solution when 8=n/3, for (J>0,

h>0), is the quantum mechanieal one.
9334 w3<o<2m3

. Quantum
Note, finally, that as d inereases | Mechanical

beyond 7t/3, the slope of the separatrix
beecomes negative with the quantum
mechanical solution dominating above
the separatrix, cven if J<0, as shown in
Figure 27. (Note also that for this range
of 9, the quantum mechanical solution is Classical  J=4h[cos(8)-cos(2n/3-5))/3
always preferred over the 2 state
degenerate solution.) This can be Figure 27. Phasc Plane for n/3>8>n/6.

understood by realizing that for

2n/3>8>n/3 each agent prefers to bivouac at site 3 rather than at its home site. On the
other hand, when J<O0, there is a tendeney for the agents to prefer to bivouac separately.
But if h is large enough for a give J<0, the preference to bivouae at site 3 ean overcome
the interagent antipathy and the quantum meehanieal solution will be the solution of

choice.
9.3.3.5 Remarks

1. The modeling lesson here is that we can generate models that incorporate both
the physical (by which term we include sociological) constraints of a system and the
constraints implieit in the deeision space.

2. This analysis is based on a comparison of the ground state energies associated
with different solutions. There are at least 2 ways in which the ground state energics can
fail to provide good estimates of the solutions.
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A. The ground state analysis can also be understood as maximizing a
global utility function. Maximizing local utility functions may or may not lead to
different states. This is similar to the difference between “physical” equilibria and Nash
equilibria.

B. The ground state analysis minimizes the global energy. In the face of
uncertainty (e.g. if there are too many microscopic variables to follow) one may want to
consider minimizing the free energy rather than the energy.

3. It might be interesting to redo this problem using poly-agents. The use of poly-
agents may bear a closer formal rescmblance to a kind of path integral approach, and so
may exhibit the diffraction analogy more clearly. If so, then it may be possible to relate
that analogy (which is itself formally similar to the quantum mechanical diffraction
system) to the analysis of the ground state presented here. This latter incorporates a
formalism in which frustration can be expressed in a straight-forward way. Therefore, by
comparing the poly-agent approach with the approach presented here, we may gain a
better handle on the relationship between frustration and the emergence of solutions that
have quantum-like characteristies.

9.3.4 Theoretical Analysis

After an initial broad exploration of possible aspects of polyagent models that
may be amenable to formal analysis, we settled on a promising subset and started to
identify promising techniques and approaches. We continued our investigation of the
effect the polyagents’ prediction horizon has on the performance of the system, and we
started to develop an extension of the pheromone model to encode aspects of the

predicted agent state in addition to information about spatial presence in pheromone
fields.
9.3.4.1  Rationalizing the Research Agenda

The motivation behind pursuing the “Model Analysis” track in the STIFLE
project is that we need robust, formal underpinnings to engincer predictive polyagent
modecls reliably and to extract useful insights from them. In our models, we assign a
polyagent to a domain entity. The domain entity may be known (with full or partial
information), or may be hypothesized (e.g., number and location of specific IEDs during
production). Each polyagent comprises two kinds of software agents - a single avatar
which manages the record of the known entity history and potentially a single predicted
futurc, and a population of ghosts that perform distributed probabilistic reasoning about
the past (c.g., model fitting) and possible futures (c.g., behavioral extrapolation) on behalf
of the avatar. Ghosts and avatars usc digital pheromone ficlds to build up knowledge
(learning) and to exchange information among each other (communication). We are
studying the underlying structure of the agent and field aspects of our unique modeling
construct.

9.3.4.1.1 Agents Exploring and Exploiting Multiple Futures

In predictive polyagent models, avatars issuc a stream of ghosts that sample
multiple futures for their associated entity. On the one hand, the multiplicity of these
futures is derived from possible variations of internal parameters of the ghosts' behavioral
models (e.g., What would my future look like if I behaved like this...?). On the other hand,
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probabilistic estimates of thc outcome of interactions with the environment of the entity,
including other cntitics, may result in alternative futures.

In STIFLE's analysis track, we seek to understand in detail the relationship
betwecn the multitude of futurc paths explored by the ghosts in a polyagent and the actual
trajectory that the avatar derives from the ghosts' fecdback. Producing a formal
understanding of this relationship, wc allow us to determine the appropriate number of
ghosts that necd to be generated to produce a sufficient sample of future trajectorics,
thereby ensuring statistical significance while avoiding cxcessive computation (wasted
processing cycles).

Furthermore, based on an understanding of the ghost-avatar path relationship, we
will be able to select the most appropriate mechanism for the avatars to exploit the
information gathered by their ghosts along different trajectories. For instance, under
different circumstances the avatars might consider just the aggregated pheromone fields,
analyze detailed ghost trajectories, or let ghosts compete and then follow the most
successful one. The structure of the relationship bctween an avatar and its ghosts strongly
suggests the possible applicability of a least-action formulation of the problem. We arc
exploring this and other formal mcthods to address thcsc questions.

9.34.1.2 Field-Based Reasoning Mechanisms

Ghosts manipulate digital phcromone fields that are distributed over a given
topology to emulate entity interactions between ghosts of different avatars, communicate
performance estimates among ghosts of the same avatar, or guide their respective avatars
in their decision processes. Our analysis track seeks to determine criteria for the selection
of the most appropriate sct of fundamental dynamics that govern the pheromone fields.
For instance, to what extent should phcromone fields partake of heat-like (diffusion)
dynamics or wave-like dynamics, in which there is the possibility of interference?

The selcction of the appropriate field dynamies in a particular polyagent model is
important for several reasons:

e We need to maintain structures and patterns within the pheromone fields that
provide useful information to the agents.

e We nced to develop mechanisms that avoid "muddying the waters" as more
pheromones are deposited by the agents. To this end, it may be appropriate to
develop more refined cancellation mechanisms for information carried by the
pheromones than just evaporation (time-based eancellation).

e We need to develop a better understanding of pheromone aggregation
mechanisms. In particular, pheromone fields may not be additive. If the same
cvent that is encoded in a pheromone deposit occurs twicc, the pheromone
aggregation should not necessarily just be doubled, since the occurrence of two
events may indicate an even greater probability.

Onc possible approach to these challengcs with which we are experimenting is the

use of complex-valued pheromone fields to support more complex interactions.

9.3.4.1.3  Agents vs. Fields - Applying the Appropriate Reasoning Paradigm

Our algorithms link the bchavior of avatars and the pheromone fields which they
generate and sense (with the help of their ghosts). The emergent dynamics of this
relationship incvitably lead to a distribution of information about the system across the
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two aspeets. We know from experience that for some reasoning processes (c.g., discrete
representation of intentions or goals), an entity-based model centered around the software
agent of the avatar is more tractable and effective. For others (e.g., probabilistic
cmulation of engagements), we have found it more effective to evolve probability ficlds
(cneoded as digital pheromones) through suceessive ghost populations that perform
Monte-Carlo samples of altcrnative possible behaviors.

Our analysis track secks a formal understanding of these dynamics and the
rclations between the two aspects that they imply, so as to construet, control, and analyze
our models in a more principled way.

o In constructing a model, these insights will guide us in deeiding (for example)
whether ghosts should simply report altcrnative independent futures to their
avatar (using agent-to-agent messages) or feed information back to one another
(through their pheromone fields).

o In controlling a model, these insights will (for example) cnable the system
itself to decide in real time when an avatar has lcarned all that it can from the
ficlds its ghosts have generated, so that it should take a disercte action as an
entity and begin the cycle of ghost exploration anew (or invoke altcrnative
rcasoning mechanisms).

e In analyzing the output of a model, these insights will guide us to the aspect of
the system (cntities vs. fields) most likely to contain the information of interest
to answer a particular question that we pose.

9.34.14  Large-Scale System Dynamics

Whether represented by agents, fields, or both, our predictive polyagent models
include a large number of active real-world entities interacting in and with a complex
geo-spatial and sometimes cultural environment which changes dynamically over time.
Such segments of the real world are often rife with complex constraints and (implieit)
utility functions that casily result in frustration of one or more cntity preferences at any
given time. The potential impact of frustration on the cmergent system-level dynamics
can be observed in much simpler systems (for example, spin-glass systems).

Our analysis track secks to develop a formal understanding of the emergence and
cvolution of frustration in the underlying deeision proeesses of polyagent systems. Such
an understanding will support the analysis of our predictive model. In particular, it will
help explaining some of the large-scale cffeets we see in our predictions. Furthermore, it
will improve our decision support function, as we can then develop execution strategics
for over-constraincd systems, where agents face multiple inherently incompatible
objectives, to propose uscful actions in the face of high levels of noise or limited, partial
information.

9.3.4.1.5 Diffusion Models and Prediction Horizons

Prediction is at the heart of polyagent models. Consequently, a eentral question in
polyagent and related models is the question of the best prediction horizon. As we predict
farther into the future, we open up a broader range of stratcgic possibilitics. On the other
hand, we expect that far futurc predictions are generically less reliable. One might
supposc that predictions at some intermediate value carry the best combination of
quantity and rehability of information. What is the structure of information gleaned at
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various predietion horizons, and ean we deduee general prineiples that will guide us to
the best ehoiee.

Previously, we had analyzed a polyagent model of “Cowards and Rambos”
engaged in a eomplex pursuit game on a toroidal arena. As we reported in our publication
at the AAMAS’07 eonferenee (see “Publications” table below), we were able to observe
the effeet of the extent of the Cowards’ predietion horizon on their ability to avoid being
chased down by the Rambos. Qualitatively, the Cowards perform very badly with a short
horizon, then quiekly gain signifieant improvements as their horizons expand, only to
lose those gains gradually, as we kept inereasing the horizon even further. While our
extensive simulations of this model showed the existenec of a “sweet spot” in the
polyagents’ predietion horizon, the eomplexity of the model prevented us from
eompleting any formal analysis of the main drivers for these dynamies or rules for
estimating the parameters that put the model at the “sweet spot” for a given eonfiguration.
Therefore, in this period of performanee, we moved to a simpler model, whieh
nonetheless eaptures the essential dynamies.

We start out with the most simple polyagent model possible. The model has one
polyagent on a 2D landseape, frozen in real time (no avatar deeisions needed), issuing a
eontinuous stream of randomly walking ghosts. Each ghost executes a fixed number of
deeision steps until it rcaches the polyagent’s predietion horizon. Starting at the loeation
of the avatar, in eaeh step the ghost moves a fixed distance in a randomly seleeted
direetion. It also deposits a fixed amount of pheromone at a node of a reetangular lattiee
(Pheromone Infrastrueture Plaec) that eovers its eurrent loeation on the eontinuous
landscape. The deposit is tagged with the eurrent offset of the ghost’s simulated time
relative to the origin of the avatar’s time. Therefore, two ghosts that arrive at the same
spatial loeation but after a different number of deeision steps will deposit pheromones
into different “time buekets” and will not be able to sense or influenee cach other.

We implemented this model and exeeuted the simulation long enough that a
sufficient number of ghosts were able to complete their run from the present time (frozen
avatar time) to the future predietion horizon. At the end of the simulation, we extraet the
resulting pheromone eoneentrations at all Pheromone Infrastrueture Plaees and for all
time offsets visited by the ghosts. From that data, we extraet spatial pheromone fields for
cach time offset.

Beeause of the speeifiec dynamies of the Pheromone Infrastructure that we ehose
for this experiment (fixed evaporation proeess, propagation of pheromones disabled), we
find that the eoneentrations across a field for a given time offset are proportional to the
probability that a randomly moving avatar would be found inside a given Plaee after the
number of steps indieated by the time offset of the field.
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Figure 28. Logarithm of the pheromone concentrations across a spatial field with fixed time offset.

Figure 28 shows plots of the various spatial pheromone ficlds out to a time offset
of 23 steps. We normalized cach field such that the sum of all concentrations adds up to
one and cach normalized concentration represents the probability to encounter a
randomly walking avatar at this space-time coordinate. For our graphics, we plot the
logarithm of this probability across the space visited by the ghosts. Not surprisingly, as
we go more steps into the future, our ability to pinpoint a randomly walking avatar
diminishes (the ficld spreads wider). But the shape of the logarithmic plot immediately
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exposes the similarity with diffusion proeesses, whieh leads us to the following formal
analysis of the model.

9.3.4.1.5.1  Discussion of the Formal Analysis

The model described above can be thought of as a random walk approximation to
a diffusion process. Although a simple random walk (or diffusion) model is
exerueiatingly simple, our analysis points the way to some interesting eonelusions about
optimal predietion horizons, the fundamental dynamies that underlie them, and some
possible unexpected emergent eonsequences of those dynamies. The only potential
complication in our analysis comes from the existenee of pheromone evaporation, but
will show below that this is not an essential complieation

Pheromone density ean almost be considered a measure of the probability that a
ghost is at some position, r, at time, t. The cxistence of evaporation mitigates this
interpretation. To make the eorrespondence with probability of ghost position complete,
we should have no cvaporation. We would then simply renormalize the pheromone
density so that the integral of the pheromone density was always one at each time step.
This renormalized pheromone density without evaporation eould be taken as the
probability of ghost position as a function of time.

There is a close correspondence between random walks and diffusion processes
that we will exploit. Before eontinuing, though, it is important to remember that it is the
ghosts that are executing a random walk. Therefore, strietly speaking, we should apply
the diffusion equation to the ghosts, not the phcromones. In this model, the pheromones
don’t diffuse. However, because the ghosts lay down pheromones at each time step, the
pheromone field is a trace of their routes (for the moment, we ignore cvaporation), and
therefore we can consider that the diffusion process applies to the pheromones. Note, that
this may not be the case in other realizations of the rclationship between pheromones and
ghosts.

It is well known that a random walk proeess can be described by the diffusion
equation. Here we will sketch the relationship. We will not derive the diffusion equation
in detail. There are many extant derivations of it, and for our purposes we don’t nced all
the details.

In any case, ignoring for the moment cvaporation, the diffusion equation is

£ =DVu
ot

d 2
Where u is the pheromone density and V> = Z

i=1 i

- 1s the gradient operator in

d dimensions. The solution to this equation is

] 2
(47rDt)‘l‘ 5 exp( r /4Dt)

where  is understood to be the veetor magnitude of the position.

The scale for diffusion is set by the value of D, the diffusion parameter. It is
worthwhile sceing, at least roughly, how that is related to a random walk on a lattice. It is
straightforward to show (see, for example, F. Reif, Fundamentals of Statistical and
Thermal Physics (MeGraw-Hill, 1965)) that the diffusion eonstant is, roughly, related to

u(;,t) =
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a random walk process in which molcculcs suffer random collisions by D =~ 17;1 ,
¢

where v is a mcasurc of the avcrage velocity of the random walker, and / is the distance
between collisions. In our casc, assuming that the lattice spacing is sct to one, and the
ghost time stcp is dcfined as onc, D = 1/2, in two dimensions.

Estimate for the prediction horizon: What do we want for a good prediction
horizon? Suppose we have avatar A seeking to predict the position of avatar B. Suppose
further that the ghosts of avatar A can sense the pheromones laid down by the ghosts of
avatar B. Then, the prediction horizon, T, will be reasonable if two conditions are met. 1.
Avatar A must have a reasonable probability of having ghosts in the region where avatar
B may be, at time T in the future, and 2. the pheromone field of avatar B (or of it’s
ghosts) at time T in the future should have some significant structure so that the ghosts of
avatar A can sense privileged regions or directions associated with the (future) position of
avatar B. From the solution, it is clear that for a fixed time, dependence of the probability
distribution is governed by the exponent. If /4Dt >> 1, there is only a small probability
of finding a ghost (or substantial pheromone field density associated with those ghosts).
If //4Dt << 1 there is a good chance of finding a ghost, and, the pheromone field, while
varying with distance, does not vary dramatically. When r*/4Dt is on the order of 1, there
is both a significant chance of finding a ghost, as well as fairly rapid variation in the
pheromone field. Now, return again to the problem of ghosts from avatar A wanting to
predict the position of avatar B. Suppose that the ghosts from both avatars are driven by
the same (random walk) dynamics and lay down pheromones in the same way. Suppose
that the typical inter-avatar distance at some time t.is S. Then, if we choose a prediction
horizon, T, such that S%/4DT ~ O(1), we will satisfy both conditions for a good prediction
horizon. At a distance of about S (or S/2) from avatar A, there will be a reasonable
probability of finding ghosts from avatar A. At a distance of about S (or S/2) from avatar
B the pheromone field from the ghosts of avatar B will have a reasonable spatial gradient
allowing the ghosts from avatar A to make reasonable directional judgments about the
position of avatar A. In fact, it can easily be shown that the radial gradient of the
pheromone field is maximal when rp.,’=2Dt. Setting t=T=S%4D, we have
Ima=2DT=S%/2, so that, the maximum gradient occurs in the region which the ghosts
will typically sample (i.e. the average inter-avatar distance), given our estimate for the
optimal prediction horizon.. Intuitively, this is easy to see. This value of T is about the
time when the cloud of ghosts (and their attendant pheromone fields) from the two
avatars begin to touch each other without excessive overlap.

The addition of evaporation: From the point of view of the diffusion equation,
we can add evaporation by modifying the diffusion equation as follows:

cu .
™ DV u— pu

where p controls the evaporation rate. Either by inspection, direct substitution or
by separation of variables, it is straightforward to see that the solution to the diffusion
equation is easily modified to take the evaporation term into account. The result is

u(rt) = ——-—l—dz—exp(—rz /4Dt )exp(-pt)

(42D1)
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The effect of evaporation in this model is only a multiplicative term that depends
only on t. In particular, the spatial variation of u at a fixed time is not affected by
evaporation. Therefore, evaporation won’t change the estimate of the optimal prediction
horizon. Evaporation only affects the relative scale of the size of u at different times, and
effect that does not enter into our estimate of prediction horizon.

Speculations on the emergent structure of prediction horizons: Based on our
considerations of the random walk problem above, and our preliminary results on the
Rambo-Coward game, we expect that a general feature of prediction in polyagent and
related systems is the existence of a small range of best prediction horizons. In general,
predictions over short horizons provide little information, while predictions over long
horizons are greatly degraded and noisy. We saw this effect explicitly in the Rambo-
Coward game, and some thought shows that the same pattern will emerge in the simple
random walk model above. The question is, how generic is this behavior and what is its
nature. One possibility, which we are exploring, is that the “sweet spot” in a game with
nontrivial dynamics, will lead to emergent behavior reminiscent of the Minority Game. In
that game, the role of prediction horizon is played by a variable that carries with it the
amount of information agents use to make decisions. As a function of that variable, there
is a phase transition which occurs at the value of the information which is optimal for
system performance. The two phases separated by this transition in the Minority Game
have characteristics reminiscent of the very short and very long prediction horizons in the
Rambo-Coward and random walk models.

9.3.41.6 Phased Pheromone Fields

Current implementations of digital pheromones represent each flavor as a scalar.
One consequence of this convention is that while pheromone aggregation is local (at the
point of deposit), attenuation can only be done globally (by evaporation, which affects all
places in the pheromone landscape indiscriminately). This asymmetry leads us to inquire
whether we can design a local attenuation mechanism, analogous to interference in a
wave system. This might be achieved by representing pheromones as complex numbers,
with both amplitude and phase.

Interfering pheromones could be useful in representing certain decision situations,
in which the presence of multiple options leads to an outcome different from what would
emerge in the presence of only a single option. Sometimes consideration of multiple
options leads a human reasoner to conceive of a new option that combines features of
previously articulated options, in effect making a decision that is “‘in between” the earlier
options in the decision space.

The implementation of a phased pheromone is straightforward. It simply consists
of two scalar pheromones, which are interpreted as the real and complex components of
the phased pheromone. The vector addition rules for complex numbers mean that
aggregating and evaporating the real and complex components individually results in the
correct behavior for the pair. The innovation is in requiring the agents to deposit and
sense the pair as a pair.

We explored the operation of complex-valued pheromones in the context of a
military example. Consider a dispersed company of marines who are moving eastward.
They need to cross a river, and after making the crossing, they will want to bivouac
together. Subject to these constraints, they want to make progress eastward. We wish to
implement this coordination without direct communication among the marines.
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If there is only one bridge, they will naturally rendezvous at a bivouac due east of
the bridge. However, if there are two bridges, rapid movement of the force suggests that
the marines should divide the load between them, and in this case the best bivouac is not
due east of either bridge, but at a point midway between them. The coordination
mechanism should a) guide the marine toward one or the other bridge, dividing the
marines between the bridges in roughly equal numbers, and then b) lead them back to a
bivouac midway between the bridges.

The first coordination problem, dividing the marines between the two bridges, is
straightforward and requires only scalar pheromones. It uses the standard ant routing
algorithm, in which the ghosts deposit “home” pheromone as they move away from the
avatar, then once they have found the target, deposit “target” pheromone as they climb
the home pheromone gradient back to the avatar. Under this algorithm, when the avatar is
far from the river and equidistant from the bridges, ghosts will initially form paths across
both bridges, but stochastic effects will break the symmetry between the paths. One path
will be slightly stronger than the other, and as the avatar draws closer to one of the
bridges, its ghosts will tend to cross the closer bridge, reinforcing the path over that
bridge and leaving the avatar to that choice. Since the stochastic effects vary from one
agent to the next, the avatars will be distributed over the two bridges. The proportion of
distribution will depend on the environment. If the environment does not favor one bridge
over the other, the avatars will be roughly equally divided. If there is an environmental
constraint (say, heavy foliage in front of one bridge that slows the passage of ghosts),
more avatars will follow the easier route and fewer will select the more difficult one.

To solve the second coordination problem (converging on a bivouac midway
between the bridges), we use a phased pheromone. The phase of the pheromone that is
deposited is initially O when the ghost leaves the avatar. It then shifts either to 2n/3 after
the ghost traverses the north bridge or 4n/3 after it traverses the south bridge. Ghosts
modulate their deposit of pheromone based on the phase of the pheromone already
deposited at the location (defined by the vector sum of the deposits so far). Ghosts
deposit more pheromone the closer the phase is to n. Thus ghosts who encounter
pheromone deposited mainly by other ghosts who crossed the same bridge that they
crossed will deposit less pheromone than ghosts who encounter pheromone deposited by
ghosts from both bridges, resulting in a pheromone peak between the two bridges on the
east side of the river. In turn, the avatar follows the gradient of the magnitude of this
pheromone to find its way to the peak.

9.3.5 Walker Models

To further extend our model analysis, we focused on the analysis of simple
polyagent systems that, in their basic nature, share common mechanisms with those used
in the IED prediction prototype. Specifically, we looked at populations of avatars that
seek to cluster or homogenize in a given space. We use similar mechanisms of attraction
and repulsion to integrate the motivational model of the insurgents in our prototype with
the actions of Blue and the constraints of the geo-cultural landscape.

We developed and analyzed two related models. The “Probabilistic Walker
Model” deploys ghosts to establish and sample predictive pheromone fields around the
avatars, who then use the feedback from the ghosts to move closer to (clustering) or away
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from (homogenizing) other avatars. The “Mean-Field Walker Model” abstracts away
from the variability introduced by finite populations of ghosts and has the avatars make
their movement decisions based on estimated fields that would be established and

sampled “in the mean” by an infinite number of ghosts.
9.3.5.1  The Probabilistic Walker Model

In these experiments, two avatars Number of Steps tl Avatars meet LB
start out separated by a distance, S, and fo?
try to move closer to one another. At the 20
start of execution, both avatars send out wr
15 ghosts. The ghosts walk randomly, =1
depositing pheromone and sensing the |
other avatar’s pheromone. After N steps, 8 ::
the ghosts who see pheromone from the in_
other avatar at their current location A ]
report back to their avatar. The avatar P I -
sums the vectors from itself to the 02 :J%ﬂ ¥ I i i [ i1t I I { 1 I 3 1
reporting ghosts, and takes a step in the e e e e e T S i e
resulting direction. If no ghosts report L D R W R R

Ohost 8teps Per Avatar Step e

back, or if the vector sum is zero, the

Figure 29. Avatar steps vs. ghost steps per avatar

avatar does not move. This cycle is
repeated until the two avatars meet. The number of cycles until the avatar meets is
recorded and plotted versus N, the number of ghost steps per cycle.

The number of cycles it takes the avatars to meet (to attain their goal) is the
measure of performance of this system. The number of steps the ghosts take each cycle
represents the prediction horizon, or amount of “look ahead” the avatars use in their
decision process. The result expected is that there is an optimum prediction horizon. If
the ghosts take too few steps, they are unlikely to randomly stumble across pheromone
from the other avatar’s ghosts, providing little information to the avatar, causing many

cycles to pass before the avatars will meet.
If the ghosts take too many steps, the field
of possible ghost interaction expands and
:: overlaps, so the avatars are more likely to
& ] take steps in an erroneous direction, thus
0 ] causing an increase in the number of
ios' T ] cycles. Figure 29 shows the results of this
o . experiment with N ranging from 8 to 100.
il P 1 i | 1 || Each run with a different N was repeated
:: ZBEEE 1 ] 10 times. The mean value for number of
o0 ] cycles is plotted with error bars indicating
T T T T T +/- one standard deviation. The plot
X =7 ]| shows the expected results: poor
fiipurc s g ian GBI L. K performance with N set below 10,

maximal performance in the middle range, and degraded performance as N gets larger. In
the region as N gets larger, the mean value of number of cycles stays relatively flat, but
the variance over multiple runs increases, which indicates that poorer performance is
more likely than in the middle range.
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In these experiments, as the avatars get closer to one another there is an increasing
overlap of the sensing ranges of the avatars, thereby effectively increasing the number of
ghost steps per cycle. To eliminate this effect, the experiment was modified. The number
of ghost steps per cycle was modulated by the inter-avatar distance. The number of steps
at each cycle was set to k*S”/8, where k is now the independent variable. The experiment
was run with k varied from 1 to 250. Figure 30 shows the results of this experiment with
number of cycles plotted versus the modulation factor, k. This shows a result similar to

above, but with the performance more clearly degraded as k runs out into the hundreds.
9.3.5.2  The Mean-Field Walker Model

As we found in our simulation experiments discussed in the previous section, the
emerging dynamics of the Probabilistic Walker Model depend on how far the ghosts run
out into the “future” (length of random walk). What we did not explore experimentally, is
the dependence on the number of ghosts sent out per avatar-decision-step. It is intuitively
clear that if there are only a few ghosts, then the pheromone fields and “sensing” events
that guide the avatars are very dependent on the random trajectory of individual ghosts
rather than the aggregated behavior of the ghost population. To remove this effect from
the analysis of the prediction horizon, we considered the following mean-field abstraction
of the Probabilistic Walker Model.

9.3.5.2.1  Abstraction 1: Circular Pheromone Fields

The ghosts of an avatar perform an N-step random walk starting from the current
location of the avatar on the map. In each step, the ghost deposits a fixed amount of a
pheromone identifying the avatar. In the unlikely event that all N steps of a ghost are
headed into the same direction (straight line) the ghost would end up at a distance of
N*stepLength away from the avatar. Of course, most ghosts will end up less than this
maximum distance away from the avatar.

If we assume that the avatar releases an infinite number of ghosts, then we can
assume that their N-step random walks will result in non-zero pheromone concentrations
in a circular field of radius N*stepLength. Thus, for a “mean-field” approximation of the
Probabilistic Walker Model, we can assume that ghosts would sense pheromones from
another avatar up to a fixed radius away from the avatar. Note that at this point we are not
making any assumption about the concentration of the pheromone in this circular field.

Conclusion: We assume the presence of pheromone concentrations at a fixed

radius around an avatar without using ghosts to generate this circular “announcement”
field.

9.3.5.2.2  Abstraction 2: Circular Sensing Fields

As in abstraction one, we can assume that an infinite number of ghosts will
sample the presence of pheromone concentrations at all locations within the fixed radius
of N*stepLength around their avatar. Therefore, the avatar will have complete knowledge
of the distribution of pheromone concentrations from other avatars within this *“sensing
radius” without actually deploying ghosts.

Conclusion: We assume the ability of an avatar to sense other avatars’ fields if
they are within the fixed radius of the “sensing” field.
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9.3.5.2.3  Abstraction 3: Avatar Move by Angular Probability Dlstrlbutlon

After abstraction one and two, we no
longer have ghosts in our model. Rather, there /
are only agents (former avatars) that are able to
sense the presence of other agents if the
“announcement” field of one agent overlaps with | |
the “sensing” field of the other. So, in Figure 31, \

Agent B’s sensing field overlaps with Agent A’s L a”"m;"fdeme"' sensing
announcement field and therefore, we assume e o

Agent A e ® Agent B

Figure 31. Agenl B is able to sense Agent A
because their fields overlap.

that Agent B senses the presence of Agent A.

In our Probabilistic Walker Model, we
used the sampling process of a finite number of
b ghosts performing random walks around their

ent A e
’ avatar to determine the direction for the next step
0% 7 N semumcsmet ke of the avatar. This process has a strong noise
i fold component as ghosts from avatar A would
deposit pheromones not only along the direct
A path to avatar B, but anywhere in the circular
T 2 | area of the announcement field and, within the

Figure 32. Agent B is guided by an angular

orcbability distribution overlap of the sensing field, ghosts from avatar

B would encounter these deposits. To model this
noise component, we need to specify an angular movement probability distribution as a
function of the overlap of the announcement field with the sensing field.

Conclusion: In each step, an agent calculates a probability distribution over all
possible angles (0-2Pi) that is dependent on the overlap of its sensing field with the
announcement fields of other agents. The agent then samples this probability distribution
to determine the direction of its next fixed-length step.

9.3.5.24  Field-Overlap Probabilities

For our “Mean-Field” approximation of the Probabilistic Walker Model, we need
to describe the angular probability distribution that derives from the overlap of an agent’s
sensing field with another agent’s announcement field. For now we assume that the
radius of the sensing field is equal to the radius of the announcement field. The *“‘shape”
of this overlap is a function of the distance of the agents:

1) If the agents are too far away, then the fields don’t overlap and the angular
probability distribution is uniform (agent performs random walk). Otherwise, the
probabilities are non-uniform and, in particular, the heading angle pointing
directly towards the other agent will always have the highest probability (except
in the case of zero distance).

2) If the agents are more than one field radius away from each other (as in Figure
31), then all angles pointing away from the other agent have zero probabilities.
Furthermore, depending on the actual distance of the agents, some of the angles
that would still move the agents closer to each other (but not along the direct
path) also have zero probabilities.
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3) If the agents are less than one field
radius away from each other, then the
announcement field of agent A actually
covers the location of agent B and even
reaches behind it. In this case, the
angular probabilities are all non-zero,
which means that the agent has a non-
zero probability to actually move away
from the other agent.

4) If the agents share the exact same

~ .. -s(a)=-m:ayr ]
\ ' — ;

(mie)

Figure 33. taleuléting the portion of overlap for
a given angle.

location, then all angles are of equal selection probability.

Based on these observations, we defined the following geometric method to
calculate the probability distribution. For any angle (a) around agent B, consider the line
that connects the agent’s location with the edge of its sensing radius in the direction of
the angle. Then determine the length m(a) of the portion of the line that is overlapped by
the announcement field of agent A — this portion may be zero. Let s(a) denote the relative
length of m(a) compared to the radius of the field (s(a)=m(a)/r). Finally, the probability
p(a) for agent B to move in direction a is s(a) normalized for all possible angles.

Figure 34 shows the relative degree of overlap (s(a)) for all angles as a function of
the distance of two agents with a field radius of 10. When the distance is exactly twice
the field radius (20), there is only one direction that has non-zero overlap. As the distance
shrinks, the range of angles with non-zero overlap widens until, at a distance equal to the
field radius, suddenly all angles report non-zero announcement field presence.

As we normalize these s(a)-values for all
possible angles (Figure 35), we find that the
widening of the range of available angles
quickly leads to a ““dilution” of the guidance
provided by the field. In other words, the
likelihood for agent B to move directly towards
agent A is diminishing rapidly.

9.3.5.2.5 Initial Experiment
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Figure 36. Probabilities derived from
normalization of s(a).

We executed an initial experiment with
the Mean-Field Walker Model, where we
systematically varied the field radius of the
agents. Figure 36 shows the time it takes two

Circle Intersection Selection Probabilities

Figure 35. Probabilities derived from
normalization of s(a).

Circle Intersection Probabilities

Figure 34. Degree of field overlap for two agents.
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agents to meet (mean over ten replications with different random seeds) for a fixed agent
step length (0.01) and varying sensing radius. As in the Probabilistic Walker Model
(Figure 29), the performance peaks (time to meet dips) at an optimal sensing radius. For
smaller radii, the agents take too long to get “in range” (detect each other’s field), while
for larger radii, the agents are confused by the significant overlap of their fields.
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