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ABSTRACT

Reasoning about agents that we observe in the world is challeng-
ing. Our available information is often limited to observations of
the agent’s external behavior in the past and present. To under-
stand these actions, we need to deduce the agent’s internal state,
which includes not only rational elements (such as intentions and
plans), but also emotive ones (such as fear). In addition, we often
want to predict the agent’s future actions, which are constrained
not only by these inward characteristics, but also by the dynamics
of the agent’s interaction with its environment. BEE (Behavior
Evolution and Extrapolation) uses a faster-than-real-time agent-
based model of the environment to characterize agents’ internal
state by evolution against observed behavior, and then predict
their future behavior, taking into account the dynamics of their
interaction with the environment.

Categories and Subject Descriptors

1.2.6 [Artificial Intelligence]: Learning — parameter learning.
1.2.11 [Artificial Intelligence]: Distributed Artificial Intelli-
gence— multiagent systems.

General Terms
Algorithms, Measurement, Experimentation.

Keywords
Plan recognition, plan inference, evolution, prediction, emotion,
BDI, swarm intelligence, digital pheromones, dynamics.

1. INTRODUCTION

Reasoning about agents that we observe in the world must inte-
grate two disparate levels. Our observations are often limited to
the agent’s external behavior, which can frequently be summa-
rized numerically as a trajectory in space-time (perhaps punctu-
ated by actions from a fairly limited vocabulary). However, this
behavior is driven by the agent’s internal state, which (in the case
of a human) may involve high-level psychological and cognitive
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concepts such as intentions and emotions. A central challenge in
many application domains is reasoning from external observations
of agent behavior to an estimate of their internal state. Such rea-
soning is motivated by a desire to predict the agent’s behavior.

This problem has traditionally been addressed under the rubric of
“plan recognition” or “plan inference.” Work to date focuses al-
most entirely on recognizing the rational state (as opposed to the
emotional state) of a single agent (as opposed to an interacting
community), and frequently takes advantage of explicit commu-
nications between agents (as in managing conversational
protocols). Many realistic problems deviate from these conditions.

e Increasing the number of agents leads to a combinatorial ex-
plosion that can swamp conventional analysis.

e The dynamics of the environment can frustrate the intentions
of an agent.

e  The agents often are trying to hide their intentions (and even
their presence), rather than intentionally sharing information.

e Anagent’s emotional state may be at least as important as its
rational state in determining its behavior.

Domains that exhibit these constraints can often be characterized
as adversarial, and include military combat, competitive business
tactics, and multi-player computer games.

BEE (Behavioral Evolution and Extrapolation) is a novel ap-
proach to recognizing the rational and emotional state of multiple
interacting agents based solely on their behavior, without recourse
to intentional communications from them. It is inspired by tech-
niques used to predict the behavior of nonlinear dynamical sys-
tems, in which a representation of the system is continually fit to
its recent past behavior. For nonlinear dynamical systems, the rep-
resentation is a closed-form mathematical equation. In BEE, it is a
set of parameters governing the behavior of software agents rep-
resenting the individuals being analyzed. The current version of
BEE characterizes and predicts the behavior of agents represent-
ing soldiers engaged in urban combat [7].

Section 2 reviews relevant previous work, including both plan
recognition and prediction in nonlinear dynamical systems. Sec-
tion 3 describes the architecture of BEE. Section 4 reports results
from experiments with the system. Section 5 concludes. Further
details that cannot be included here for the sake of space are
available in an on-line technical report [15].



2. PREVIOUS WORK

BEE bears comparison with previous research in Al (plan recog-
nition) and nonlinear dynamics systems (trajectory prediction).

2.1 Plan Recognition in Al

It is common in agent theory to describe the cognitive state of an
agent in terms of its beliefs, desires, and intentions (the so-called
“BDI” model [4, 18]). An agent’s beliefs are propositions about
the state of the world that it considers true, based on its percep-
tions. Its desires are propositions about the world that it would
like to be true. Desires are not necessarily consistent with one an-
other: an agent might desire both to be rich and not to work at the
same time. An agent’s intentions, or goals, are a subset of its de-
sires that it has selected, based on its beliefs, to guide its future
actions. Unlike desires, goals must be consistent with one another
(or at least believed to be consistent by the agent).

An agent’s goals guide its actions. Thus one ought to be able to
learn something about an agent’s goals by observing its past ac-
tions, and knowledge of the agent’s goals in turn enables conclu-
sions about what the agent may do in the future.

This process of reasoning from an agent’s actions to its goals is
known as “plan recognition” or “plan inference.” This body of
work (surveyed recently at [2]) is rich and varied. It covers both
single-agent and multi-agent (e.g., robot soccer team) plans, in-
tentional vs. non-intentional actions, speech vs. non-speech be-
havior, adversarial vs. cooperative intent, complete vs. incomplete
world knowledge, and correct vs. faulty plans, among other di-
mensions.

Plan recognition is seldom pursued for its own sake. It usually
supports a higher-level function. For example, in human-
computer interfaces, recognizing a user’s plan can enable the sys-
tem to provide more appropriate information and options for user
action. In a tutoring system, inferring the student’s plan is a first
step to identifying buggy plans and providing appropriate reme-
diation. In many cases, the higher-level function is predicting
likely future actions by the entity whose plan is being inferred.

We focus on plan recognition in support of prediction. An agent’s
plan is a necessary input to a prediction of its future behavior, but
hardly a sufficient one. At least two other influences, one internal
and one external, need to be taken into account.

The external influence is the dynamics of the environment, which

must take this into account as well. Actual simulation of futures is
one way (the only one we know now) to deal with these.

With human agents, an internal influence also comes into play.
The agent’s emotional state can modulate its decision process and
its focus of attention (and thus its perception of the environment).
In extreme cases, emotion can lead an agent to choose actions that
from the standpoint of a logical analysis may appear irrational.

Current work on plan recognition for prediction focuses on the
rational plan, and does not take into account either external envi-
ronmental influences or internal emotional biases. BEE integrates
all three elements into its predictions.

2.2 Real-Time Fitting in Nonlinear Systems

Analysis

Many systems of interest can be described by a vector of real
numbers that changes as a function of time. The dimensions of the
vector define the system’s state space. Notionally, one typically
analyzes such systems as vector differential equations, e.g.,
ax _ .-

—=f(x

dt . When f is nonlinear, the system can be formally cha-
otic, and starting points arbitrarily close to one another can lead to
trajectories that diverge exponentially rapidly, becoming uncorre-
lated. Long-range prediction of the behavior of such a system is
impossible. However, it is often useful to anticipate the system’s
behavior a short distance into the future. A common technique is
to fit a convenient functional form for f to the system’s trajectory
in the recent past, and then extrapolate this fit into the future
(Figure 1, [6]). This process is repeated constantly, providing the
user with a limited look-ahead into the system’s future.

While this approach is robust and widely applied, it requires sys-
tems that can efficiently be described in terms of mathematical
equations that can be fit using optimization methods such as least
squares. BEE takes its inspiration from this approach, but applies
it to agent behaviors, which it fits to observed behavior using a
genetic algorithm.

3. ARCHITECTURE

BEE predicts the future by observing the emergent behavior of
agents representing the entities of interest in a fine-grained agent
simulation. Key elements of the BEE architecture include the
model of an individual agent, the pheromone infrastructure
through which agents interact, the informa-
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. 3.1 Agent Model
} C The agents in BEE are inspired by two bod-
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work on fine-grained agents that coordinate
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Figure 1: Tracking a nonlinear dynami-
cal system. a = system state space; b =
system trajectory over time; ¢ = recent
measurements of system state; d = short-
range prediction.

Digital pheromones are scalar variables that
agents deposit and sense at their current
location in the environment. Agents re-
spond to local concentrations of these vari-
ables tropistically, climbing or descending
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Figure 2: BEE’s Integrated Rational and Emo-
tive Personality Model

stant over the time horizon of a run of
the BEE, while Emotions vary based on
the agent’s disposition and the stimuli
to which it is exposed.

weights, each in [-1, 1], describing the
agent’s response to six kinds of information. Four of these de-
scribe the number of alive friendly, alive enemy, injured friendly,
and injured enemy troops within the agent’s sensor range. The
other two weights relate to the agent’s distance to its own flag and
that of the adversary, representing objectives that it seeks to pro-
tect and attack, respectively. A positive weight indicates that the
agent is attracted to the entity described by the weight, while a
negative weight indicates that it is repelled.

MANA [8] extends the concepts in EINSTein. Friendly and en-
emy flags are replaced by the waypoints pursued by each side.
MANA includes low, medium, and high threat enemies. In addi-
tion, it defines a set of triggers (e.g., reaching a waypoint, being
shot at, making contact with the enemy, being injured) that shift
the agent from one personality vector to another. A default state
defines the personality vector when no trigger state is active.

The personality vectors in MANA and EINSTein reflect both ra-
tional and emotive aspects of decision-making. The notion of be-
ing attracted or repelled by friendly or adversarial forces in vari-
ous states of health is an important component of what we infor-
mally think of as emotion (e.g., fear, compassion, aggression),
and the use of the term “personality” in both EINSTein and
MANA suggests that the system designers are thinking anthropo-
morphically, though they do not use “emotion” to describe the
effect they are trying to achieve. The notion of waypoints to
which an agent is attracted reflects goal-oriented rationality.

BEE embodies an integrated rational-emotive personality model.

A BEE agent’s rationality is a vector of seven desires, which are
values in [-1, +1]: ProtectRed (the adversary), ProtectBlue
(friendly forces), ProtectGreen (civilians), ProtectKeysSites,
AvoidCombat, AvoidDetection, and Survive. Negative values
reverse the sense suggested by the label. For example, a negative
value of ProtectRed indicates a desire to harm Red. Table 2 in
[15] shows which pheromones attract or repel an agent with a
given desire, and how that tendency translates into action. For
example, an agent with a high positive desire to ProtectRed will
be attracted to RED-ALIVE, RED-CASUALTY, and MOBILITY
pheromone, and will move at maximum speed.

The emotive component of a BEE’s personality is based on the
Ortony-Clore-Collins (OCC) framework [10], and is described in
detail elsewhere [11]. OCC define emotions as “valanced reac-
tions to agents, states, or events in the environment.” This notion
of reaction is captured in MANA’s trigger states. An important

Interviews with military domain experts identified the two most
crucial emotions for combat behavior as Anger (with the
corresponding disposition Irritability) and Fear (whose disposition
is Cowardice). Table 3 in [15] shows which pheromones trigger
which emotions. For example, RED-CASUALTY pheromone
stimulates both Anger and Fear in a Red agent, but not in a Blue
agent. Emotions are modeled as agent hormones (internal phero-
mones) that are augmented in the presence of the triggering envi-
ronmental condition and evaporate over time.

A non-zero emotion modifies the agent’s actions. Elevated level
Anger increases movement likelihood, weapon firing likelihood,
and tendency toward an exposed posture. Elevated Fear decreases
these likelihoods.

Figure 2 summarizes the BEE’s personality model. The left side is
a straightforward BDI model (we prefer the term “goal” to “inten-
tion”). The right side is the emotive component, where an ap-
praisal of the agent’s beliefs, moderated by the disposition, leads
to an emotion that in turn influences the BDI analysis.

3.2 The BEE Cycle

The major innovation in BEE is an extension of the nonlinear sys-
tems technique of Section 2.2 to agent behaviors. This section
describes this process at a high level, then discusses in more detail
the multi-page pheromone infrastructure that implements it.

3.2.1 Overview

Figure 3 is an overview of the Behavior Evolution and Extrapola-
tion process. Each active entity in the battlespace has an persistent
avatar that continuously generates a stream of ghost agents repre-
senting itself. We call the combined modeling entity consisting of
avatar and ghosts a polyagent, and discuss the general theory and
use of this construct in a companion paper [13].

Ghosts live on a timeline indexed by T that begins in the past and
runs into the future. T is offset with respect to the current time z.
The timeline is divided into discrete “pages,” each representing a
successive value of T. The avatar inserts the ghosts at the insertion
horizon. In our current system, the insertion horizonisatt-¢= -
30, meaning that ghosts are inserted into a page representing the
state of the world 30 minutes ago. At the insertion horizon, each
ghost’s behavioral parameters (desires and dispositions) are sam-
pled from distributions to explore alternative personalities of the
entity it represents.



Each page between the insertion horizon and T = ¢ (“now”) re-
cords the historical state of the world at the point in the past to
which it corresponds. As ghosts move from page to page, they
interact with this past state, based on their behavioral parame-
ters. These interactions mean that their fitness depends not just
on their own actions, but also on the behaviors of the rest of the
population, which is also evolving. Because T advances faster
than real time, eventually T = ¢ (actual time). At this point, each
ghost is evaluated based on its location compared with the actual
location of its corresponding real-world entity.

The fittest ghosts have three functions.

1. The personality of each entity’s fittest ghost is reported to the
rest of the system as the likely personality of that entity. This
information enables us to characterize individual warriors as
unusually cowardly or brave.

2. The fittest ghosts breed genetically and their offspring return
to the insertion horizon to continue the fitting process.

3. The fittest ghosts for each entity form the basis for a
population of ghosts that run past the avatar's present into the
future. Each ghost that runs into the future explores a different
possible future of the battle, analogous to how some people
plan ahead by mentally simulating different ways that a
situation might unfold. Analysis of the behaviors of these
different possible futures yields predictions.

Thus BEE has three distinct notions of time, all of which may be
distinct from real-world time.

1. Domain time ¢ is the current time in the domain being modeled.
If BEE is being applied to a real-world situation, this time is the
same as real-world time. In our current experiments, we apply
BEE to a simulated battle, and domain time is the time stamp
published by the simulator. During actual runs, the simulator is
often paused, so domain time runs slower than real time. When
we replay logs from simulation runs, we can speed them up so
that domain time runs faster than real time.

2. BEE time T for a specific page records the domain time
corresponding to the state of the world represented on that
page, and is offset from the current domain time.

3. Shift time is incremented every time the ghosts move from one
page to the next. The relation between shift time and real time
depends on the processing resources available.

3.2.2 Pheromone Infrastructure

BEE must operate very rapidly, to keep pace with the ongoing
battle. Thus we use simple agents coordinated using pheromone
mechanisms. We have described the basic dynamics of our
pheromone infrastructure elsewhere [1]. This infrastructure runs
on the nodes of a graph-structured environment (in the case of
BEE, a rectangular lattice). Each node maintains a scalar value for
each flavor of pheromone, and provides three functions:

* It aggregates deposits from individual agents, fusing
information across multiple agents and through time.

It evaporates pheromones over time, providing an innovative
alternative to traditional truth maintenance. Traditionally,
knowledge bases remember everything they are told unless
they have a reason to forget, and expend large amounts of
computation in the NP-complete problem of detecting
inconsistent memories. Ants immediately begin to forget
everything they learn, unless it is continually reinforced. Thus

Insertion Horizon Prediction Horizon
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Figure 3: Behavioral Emulation and Extrapolation. Each avatar
generates a stream of ghosts that sample the personality space of its
entity. They evolve against the entity’s recent observed behavior, and
the fittest ghosts run into the future to generate predictions.

inconsistencies automatically remove themselves within a
known period.

It diffuses pheromones to nearby places, disseminating
information for access by nearby agents.

The distribution of each pheromone flavor over the environment
forms a scalar field that represents some aspect of the state of the
world at an instant in time. Each page of the timeline is a com-
plete pheromone field for the world at the BEE time T represented
by that page. The behavior of the pheromones on each page de-
pends on whether the page represents the past or the future.

In pages representing the future (T > £), the usual pheromone
mechanisms apply. Ghosts deposit pheromone each time they
move to a new page, and pheromones evaporate and propagate
from one page to the next.

In pages representing the past (T < ¢), we have an observed state
of the real world. This has two consequences for pheromone man-
agement. First, we can generate the pheromone fields directly
from the observed locations of individual entities, so there is no
need for the ghosts to make deposits. Second, we can adjust the
pheromone intensities based on the changed locations of entities
from page to page, so we do not need to evaporate or propagate
the pheromones. Both of these simplifications reflect the fact that
in our current system, we have complete knowledge of the past.
When we introduce noise and uncertainty, we will probably need
to introduce dynamic pheromones in the past as well as the future.

Execution of the pheromone infrastructure proceeds on two time
scales, running in separate threads.

The first thread updates the book of pages each time the domain
time advances past the next page boundary. At each step,

e The former “now + 1”page is replaced with a new current page,
whose pheromones correspond to the locations and strengths of
observed units;

* An empty page is added at the prediction horizon;

* The oldest page is discarded, since it has passed the insertion
horizon.
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Figure 4: Delta Disposition for a Chicken’s Ghosts.

The second thread moves the ghosts from one page to the next, as
fast as the processor allows. At each step,

« Ghosts reaching the T = ¢ page are evaluated for fitness and
removed or evolved,;

* New ghosts from the avatars and from the evolutionary process
are inserted at the insertion horizon;

« A population of ghosts based on the fittest ghosts are inserted at
T =1t to run into the future;

e Ghosts that have moved beyond the prediction horizon are
removed,

« All ghosts plan their next actions based on the pheromone field
in the pages they currently occupy;

» The system computes the next state of each page, including
executing the actions elected by the ghosts, and (in future
pages) evaporating pheromones and recording new deposits
from the recently arrived ghosts.

Ghost movement based on pheromone gradients is a simple proc-
ess, so this system can support realistic agent populations without
excessive computer load. In our current system, each avatar gen-
erates eight ghosts per shift. Since there are about 50 entities in
the battlespace (about 20 units each of Red and Blue and about 5
of Green), we must support about 400 ghosts per page, or about
24000 over the entire book.

How fast a processor do we need? Let p be the real-time duration
of a page in seconds. If each page represents 60 seconds of do-
main time, and we are replaying a simulation at 2x domain time, p
= 30. Let n be the number of pages between the insertion horizon
and T = ¢ In our current system, n = 30. Then a shift rate of n/p
shifts per second will permit ghosts to run from the insertion hori-
zon to the current time at least once before a new page is gener-
ated. Empirically, we have found this level a reasonable lower
bound for reasonable performance, and easily achievable on stock
WinTel platforms.

3.3 Information sources

The flexibility of the BEE’s pheromone infrastructure permits the
integration of numerous information sources as input to our char-
acterizations of entity personalities and predictions of their future
behavior. Our current system draws on three sources of informa-
tion, but others can readily be added.

Real-world observations.—Observations from the real world are
encoded into the pheromone field each increment of BEE time, as
a new “current page” is generated. Table 1 of [15] identifies the
entities that generate each flavor of pheromone.

Statistical estimates of threat regions.—Statistical techniques!
estimate the level of threat to each force (Red or Blue), based on
the topology of the battlefield and the known disposition of
forces. For example, a broad open area with no cover is threaten-
ing, especially if the opposite force occupies its margins. The re-
sults of this process are posted to the pheromone pages as
“RedThreat” pheromone (representing a threat to red) and
“BlueThreat” pheromone (representing a threat to Blue).

Al-based plan recognition.—While plan recognition is not suffi-
cient for effective prediction, it is a valuable input. We dynami-
cally configure a Bayes net based on heuristics to identify the
likely goals that each entity may hold.” The destinations of these
goals function as “virtual pheromones.” Ghosts include their dis-
tance to such points in their action decisions, achieving the result
of gradient following without the computational expense of main-
taining a pheromone field.

4. EXPERIMENTAL RESULTS

We have tested BEE in a series of experiments in which human
wargamers make decisions that are played out in a battlefield
simulator. The commander for each side (Red and Blue) has at his
disposal a team of pucksters, human operators who set waypoints
for individual units in the simulator. Each puckster is responsible
for four to six units. The simulator moves the units, determines
firing actions, and resolves the outcome of conflicts.

4.1 Fitting Dispositions

To test our ability to fit personalities based on behavior, one Red
puckster responsible for four units is designated the “emotional”
puckster. He selects two of his units to be cowardly (“chickens”)
and two to be irritable (*Rambos”). He does not disclose this as-
signment during the run. He moves each unit according to the
commander’s orders until the unit encounters circumstances that
would trigger the emotion associated with the unit’s disposition.
Then he manipulates chickens as though they are fearful (avoid-
ing combat and moving away from Blue), and moves Rambos
into combat as quickly as possible.

The difference between the two disposition values (Irritability -
Cowardice) of the fittest ghosts proves a better indicator of the
emotional state of the corresponding entity than either value by
itself. Figure 4 shows the delta disposition for each of the eight
fittest ghosts at each time step, plotted against the time in seconds,
for a unit played as a chicken. The values clearly trend negative.
Figure 5 shows a similar plot for a Rambo. Rambos tend to die
early, and often do not give their ghosts enough time to evolve a

! This process, known as SAD (Statistical Anomaly Detection), is
developed by our colleagues Rafael Alonso, Hua Li, and John
Asmuth at Sarnoff Corporation.

2 This process, known as KIP (Knowledge-based Intention Projec-
tion), is developed by our colleagues Paul Nielsen, Jacob
Crossman, and Rich Frederiksen at Soar Technology.
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Figure 5: Delta Disposition for a Rambo.

clear picture of their personality, but in this case the positive
Delta Disposition is evident before the unit’s demise.

To characterize a unit’s personality, we maintain a 800-second
exponentially weighted moving average of the Delta Disposition,
and declare the unit to be a chicken or Rambo if this value passes
a negative or positive threshold, respectively. Currently, this
threshold is set at 0.25. We are exploring additional filters. For
example, a rapid rate of increase enhances the likelihood of call-
ing a Rambo; units that seek to avoid detection and avoid combat
are more readily called chicken.

Table 1 shows the detection results for emotional units in a recent
series of experiments. We never called a Rambo a chicken. In the
one case where we called a chicken a Rambo, logs show that in
fact the unit was being played aggressively, rushing toward on-
coming Blue forces. The brave die young, so we almost never
detect units played intentionally as Rambos.

Figure 6 shows a comparison on a separate series of experiments
of our emotion detector compared with a human officer. BEE was
able to detect cowards (= chickens) much earlier than the human,
while missing only one chicken that the human detected.

In addition to these results on units intentionally played as emo-
tional, BEE sometimes detects other units as cowardly or brave.
Analysis of these units shows that these characterizations were
appropriate: units that flee in the face of enemy forces or weapons
fire are detected as chickens, while those that stand their ground
or rush the adversary are denominated as Rambos.

4.2 Integrated Predictions

Each ghost that runs into the future generates a possible future
path that its unit might follow. The set of such paths for all ghosts
embodies a number of distinct predictions, including the most or
least likely future, the future that poses the greatest or least risk to
the opposite side, the future that poses the greatest or least risk to
one’s own side, and so forth. In the ex-
periments reported here, we select the

future whose ghost receives the most Disposition (16 runs)

Table 1: Experimental Results on Fitting

Cowards Found vs Percent of Run Time

—&— Human
—8—ARM-A

Cowards Found (out of 22)

40% 60% 80% 100%
Percent of Run Time (Wall Clock)

0% 20%

Figure 6: BEE vs. Human.—BEE can detect cowards sooner
than a human observer.

Assessing the accuracy of these predictions requires a set of met-
rics, and a baseline against which they can be compared.

4.2.1

We have explored two sets of metrics. One set evaluates predic-
tions in terms of their individual steps. The other examines sev-
eral characteristics of an entire prediction.

Metrics for Predictions

The step-wise evaluations are based on the structure summarized
in Figure 8. Each row is a successive prediction. Each column
describes a real-world time step. A given cell records the distance
between where the row’s prediction indicated the unit would be at
the column’s time, and where it actually was. These cells can be
averaged to yield three different measures: the prospective accu-
racy of a single prediction issued at a point in time, the retrospec-
tive accuracy of all predictions concerning a given point in time,
or the offset accuracy showing how predictions vary as a function
of look-ahead depth.

The second set of metrics is based on characteristics of an entire
prediction. Figure 7 summarizes three such characteristics of a
path (whether real or predicted): the overall angle 8 it subtends,
the straight-line radius p from start to end, and the actual length A
integrated along the path. A fourth characteristic of interest is the
number of time intervals T during which the unit was moving.
Each of these four values provides a basis of comparison between
a prediction and a unit’s actual movement (or between any two
paths). [15] defines these component metrics in detail.

4.2.2 Baseline

A random-walk predictor provides a baseline for comparison.
This process starts at a unit’s current location, then takes 30 ran-
dom steps. A random step consists of
picking a random number uniformly dis-

tributed between 0 and 120, indicating

guidance from pheromones in the envi- Called
ronment at each step along the way. In Correctly
this sense, it is the most likely future. Chickens 68%

Rambos 5%

Called Not the next cell to move to in an 11-by-11
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0% 95% BEE movement model allows the ghosts
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Figure 8: Evaluating predictions.—Each row is a successive
prediction for a unit. Each column is a time in the real world.
Shaded cells show which predictions cover which time periods.
Each cell (a) contains the location error (how far the unit is at the
column’s time from where the row’s prediction said it would be).
We can average these errors across a single prediction (b) to es-
timate its prospective accuracy, across a single time (c) to esti-
mate the retrospective accuracy of all previous predictions refer-
ring to that time, or across a given offset (d) to estimate how pre-
diction accuracy varies with look-ahead depth.

to move from 0 to 5 cells in the x and y directions at each step.)
The random number  is translated into x and y steps Ax, Ay using
the equations Ax = /11 - 5, Ay = (» mod 11) — 5. We compute the
random prediction 100 times, and each of these runs is used the
metrics discussed above. The baseline that we report is the aver-
age of these 100 instances.

4.2.3  Examples

Figure 9 illustrates the three stepwise metrics for a single unit in a
single run. In the case of this unit, BEE was able to formulate
good predictions, which are superior to the baseline in all three
metrics. It is particularly encouraging that the horizon error in-
creases so gradually. In a complex nonlinear system, trajectories
may diverge at some point, making prediction physically impos-
sible. We would expect to see a discontinuity in the horizon error
if we were reaching this limit. The gentle increase of the horizon
error suggests that we are not near this position.

[15] reports the four component metrics for the same unit and the
same run. In general, these metrics support the conclusion that our
predictions are superior to the baseline.

5. CONCLU-
SIONS

In many domains, it is
important to reason
from an entity’s ob-
served behavior to an
estimate of its internal
state, and then to ex-
trapolate that estimate
to predict the entity’s
future behavior. BEE
performs this task us-
ing a faster-than-real-
time simulation of

Figure 7: Path Characteristics.—
Angle 8, straight-line radius p, and ac-
tual length A.

swarming agents, co-
ordinated through digital pheromones. This simulation integrates
knowledge of threat regions, a cognitive analysis of the agent’s
beliefs, desires, and intentions, a model of the agent’s emotional
disposition and state, and the dynamics of interactions with the
environment. By evolving agents in this rich environment, we can
fit their internal state to their observed behavior. In realistic
wargames, the system successfully detects deliberately played
emotions and makes reasonable predictions about the entities’
future behaviors.

BEE can only model internal state variables that impact the
agent’s external behavior. It cannot fit variables that the agent
does not manifest externally, since the basis for the evolutionary
cycle is a comparison of the outward behavior of the simulated
agent with that of the real entity. This limitation is serious if our
purpose is to understand the entity’s internal state for its own
sake. If our purpose of fitting agents is to predict their subsequent
behavior, the limitation is much less serious. State variables that
do not impact behavior, while invisible to a behavior-based analy-
sis, are irrelevant to a behavioral prediction.

The BEE architecture lends itself to extension in several promis-
ing directions.

* The various inputs being integrated by the BEE are only an ex-
ample of the kinds of information that can be handled. The ba-
sic principle of using a dynamical simulation to integrate a
wide range of influences can be extended to other inputs as
well, requiring much less additional engineering than other
more traditional ways of reasoning about how different knowl-
edge sources come together in impacting an agent’s behavior.
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Figure 9: Stepwise metrics.—Left to right: average prospective, retrospective, and horizon error. Thin line= average of metrics from 100
random walks. Vertical line = unit death. These are error curves, so lower is better.




< Our initial limited repertoire of emotions is a small subset of
those that have been distinguished by psychologists, and that
might be useful for understanding and projecting behavior. We
expect to extend the set of emotions and supporting disposi-
tions that BEE can detect.

< The mapping between an agent’s psychological (cognitive and
emotional) state and its outward behavior is not one-to-one.
Several different internal states might be consistent with a
given observed behavior under one set of environmental condi-
tions, but might yield distinct behaviors under other conditions.
If the environment in the recent past is one that confounds such
distinct internal states, we will be unable to distinguish them.
As long as the environment stays in this state, our predictions
will be accurate, whichever of the internal states we assign to
the agent. If the environment then shifts to one under which the
different internal states lead to different behaviors, using the
previously chosen internal state will yield inaccurate predic-
tions. One way to address these concerns is to probe the real
world, perturbing it in ways that would stimulate distinct be-
haviors from entities whose psychological state is otherwise in-
distinguishable. Such probing is an important intelligence tech-
nique. We will explore how BEE’s faster-than-real-time simu-
lation may enable us to identify appropriate probing actions,
greatly increasing the effectiveness of intelligence efforts.

» BEE has been developed for adversarial reasoning in urban
warfare. It should be applicable more widely, including com-
puter games, business strategy, and sensor fusion.
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