





colour is used as a descriptor is a direct result of
the fact that colour can be successfully used for
about 40% of the landmarks on the maps. Thus,
rational analysis (the fact that memory reflects
the probabilities encountered in the environment)
explains the observed phenomenon.

Although — after the fact — it may not be too
surprising that rational analysis explains the ob-
served phenomenon, the result is more far-
reaching, because the influences of the task envi-
ronment on naming behaviour (the generation of
referring expressions) has not yet been reported.

7 Future work

Our future research will address a number of di-
rect follow-up issues. Firstly, the model will be
extended to account for the changes in the men-
tions of the distinguishing features (number, pat-
tern, kind, shape). Secondly, after a more de-
tailed analysis of the data we will extend the
model to account for individual adaptation pat-
terns in the sense that the model can account for
groups of dyads showing similar dialogue histo-
ries. For this, we will model the landmark intro-
ductions made by the Instruction Follower as
well. This model serves as starting point for a
comprehensive ACT-R model of how referring
expressions (including repeated mentioned of
landmarks) are generated in the given task.
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The psycholinguistic literature has identified two syntactic adaptation effects in language production: rapidly decaying
short-term priming and long-lasting adaptation (see Ferreira & Bock 2006 for an overview). Evidence for both effects
comes not only from experimental data but also from naturally occurring speech in dialogue corpora (e.g., Reitter et al.
2006). To explain the two types of adaptation, we present an incremental language production model in ACT-R that
uses a wide-coverage, lexicalized syntactic theory (Combinatory Categorial Grammar (CCG), Steedman 2000) and
models priming as a facilitation of lexical access.

Our production model explains structural priming on the basis of two well-established ACT-R mechanisms: base-level
learning and spreading activation. Base-level learning applies to syntactic rules and explains long-term adaptation, while
spreading activation from lexemes to syntactic types explains short-term priming through the retention of semantic
information in a buffer after a sentence has been processed.

For each clause, the model initially selects a head lexeme with a lexical form and a syntactic frame. It then realizes each
argument. Lexical forms spread activation to syntactic categorial types, e.g., the verb form “offered” will spread activation to
“ditransitive (NP NP)” and “ditransitive (NP PP)”. Here, spreading activation results in short-term priming, while base-level
learning causes long-term adaptation. In the fully incremental (and most efficient) case, the processor can integrate each word
with the preceding context, i.e. the full structure of the clause produced so far. This context is not retained in detail, but only
described by a categorial type, reflecting the subcategorization frame of the current phrase. The current implementation of the
model can generate sentences like “The policeman gave a flower to the girl”, or “The cop gave the woman a rose”. (Since a
lexical form is retrieved before the syntactic node, the model predicts that syntactic priming cannot affect semantic choice.)

Simulations show that the model exhibits both priming and long-term adaptation in the form of increased relative
accessibility, which leads to faster retrieval and a preference for the primed structure. We account for the following

?henomefghg-term adaptation as learning explains cumulativity of priming (prepositional-object with “give”, effect of number
of primes on repetition log-odds: b =0.095, p < 0.001, long-term adaptation) (cf. Jaeger & Snider 2007).

. Rare constructions prime more. Simulations show that after the presentation of Zipf-distributed rules, ACT-R’s
base-level learning produces an activation pattern and an interaction with frequency equivalent to those found for short-term
priming in corpora (effect of the rule’s log-frequency on activation decay, b = 0.0026, p < 0.001).

. Lexical boost is due to spreading activation from retained lexemes to syntactic nodes in memory. (Not accounted for
by Chang et al. 2006.)

. Short-livedness of lexical boost (Hartsuiker et al., in press): lexemes can only spread activation while still in a buffer.
. The lexical / semantic cause of short-term priming can potentially explain why short-term priming appears to be

stronger in task-oriented dialogue, where semantic processing is needed, compared to spontaneous conversation (Reitter et al.
2006).
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Overview

Motivation for the Human Behavior
Architecture (HBA)

The component technologies and
approaches

Current state of the software integration
— The new integrated development environment

Outstanding issues
What we stand to gain

Motivation for the HBA project

» Human performance modeling comes in
many shapes and sizes

— Different questions, different needs, different
theories, different resolutions, different tools,
different M&S communities etc.

« Different needn’t mean exclusive

« In fact, differences highlight opportunities
for complementary approaches

A Case in Point

Task network models (e.g., Imprint, Micro Saint)

— A proven and intuitive approach to understanding
human performance through hierarchical
decomposition of tasks

— Widely regarded as lacking cognitive fidelity

Hybrid productions systems as cognitive models

(e.g., ACT-R)

— Provide principled and detailed predictions of human
cognitive performance

— Seen by many as hard to build and understand

A Case in Point

* A good fit:
— Take advantage of the

flexible abstractions and o
the natural representation
of a task network model to
ease the development and

inspection of a production
system

— Add cognitive fidelity to the %)i))

task network model
(“another layer of

decomposition”) K
* Hence, the HBA Q
\

Component Technologies—Task
Network Modeling Tools

Intuitive, user friendly development environment
Direct support for hierarchical task/function
decomposition

— But *not* limited to such representations!

— Modeler fixes the level of abstraction, not the tool
Standard practice reduces human performance
to SME specifications and fixed decision types




Component Technologies—The
ACT-R Cognitive Architecture

+ A theory of cognition implemented as a hybrid
production system
— Symbolic knowledge representation

— Underlying sub-symbolic calculi to represent
statistical nature of cognition

+ Principled representation of cognition
— Not everything goes

» Ever growing body of validation studies across a
wide range of tasks and phenomena

* It's rocket science

Common Aspects of the
Two Approaches

* Intuitions common to both task
network models and ACT-R (and
other production systems)

—Finite states (tasks or buffer contents)

—Discrete transitions (between tasks and
serially executing productions)

—It’s all human performance

HBA: A Unified C# Integration

* Human Behavior Architecture
— Task Network: Micro Saint Sharp
— Cognitive Architecture: ACT-R Sharp
+ Unified Integration
—reduces development time
—removes need for communication software

—instead forcing agreement of representation,
allows multiple levels of abstraction in same
environment

Constraints on the Integration

* ACT-R is an evolving architecture, time and money are
always limited
+  Chose to implement aspects of ACT-R according to
the following criteria:
—  Stability: mechanisms that have been in the system since its
inception and have stood the test of time;
—  Demonstrated utility: mechanisms that are regularly used by
the community to account for the data; and
— Anticipated utility: mechanisms that we anticipated would be
needed for the kinds of tasks that might be modeled in HBA
+  What's missing: Production learning, partial matching
and associative learning

ACT-R Capabilities in ACT-R Sharp

* Manual Module
* Auditory Module
* Visual Module
— Visual finsts, buffer stuffing
» Declarative Module

— Chunk learning, base-level learning,
spreading activation

* Procedural Module
— Reinforcement-based learning of utility

ACT-R Sharp Validation

* Procedural Module

— Unit 1: count.lisp, addition.lisp, semantic.lisp, tutor-
model-solution.lisp

» Visual & Motor Modules
— Unit 2: demo2.lisp

» Visual & Auditory Modules
— Unit 3: sperling.lisp

» Declarative Module

— Unit 4: paired.lisp (chunk activation, base-level
learning)




Modes of Interaction

TASK ENVIRONMENT AGENT

events

actions

action

« Task network as task environment; ACT-R
Sharp as agent

Modes of Interaction

TASK ENVIRONMENT AGENT AGENT’S DETAILED TASK MODEL/S

events configuration

goal buffer
decl memory

o
°

actions control/status

control/status

» Task network as agent; ACT-R Sharp as a non-
interactive model of an agent’s task/s

Modes of Interaction

TASK. J AGENT'S DETAILED TASK MODEL/S
\—H perception

avorts
oo configuration % gool buffer

decl memory

)—4 control/status
control/status

actions T

{ 4 { " acton

» Task network as agent; ACT-R Sharp as an
interactive model of an agent’s task/s

14
Modes of Interaction
actions actions ™ acton
» Task network and ACT-R Sharp as independent,
interacting agents
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The Integrated Development
Environment
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Building the Cognitive Network

Building the Cognitive Network

ACTR Syntax Viewer ~qb
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Outstanding Issues

* Running code, regression testing in-house
usability assessments...all good

« Still, a “culture gap” to bridge between TN
and cognitive modelers

» How far can we push mixed
representations?
— Unanalyzed cognitive tasks
— Cognitive control at the task level

21

What We Stand to Gain

» Modeling is hard, expensive and time
consuming
— Better tools are needed

* Modeling is modeling

— Differences in degree need not be taken as
difference in kind

« A concrete framework in which to push
principle into practice

22
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ACT-R/E: E for Embodied
J. Gregory Trafton, Magdalena Bugajska, William Kennedy, Anthony Harrison, Benjamin Fransen, and
Raj Ratwani
Corresponding Author: {greg.trafton@nrl.navy.mil}

ACT-R/E (for Embodied) (Kennedy, Bugajska, Adams, Schultz, & Trafton, 2008; Trafton, Bugajska,
Fransen, & Ratwani, 2008) ventures beyond traditional computer displays and mouse/keyboard
manipulation to establish embodied presence on a mobile robot by first and foremost extending the
representation of the visual and aural modules to enable 3D object and sound localization. We also
extended ACT-R’s capabilities to incorporate a locomotion faculty (the “moval” module) and a
spatial reasoning capability (the “spatial” module).

Our robot, an iRobot B21r, is a human-scale, zero-turn-radius robotic platform best suited for use in
indoor environments. The robot is equipped with an array of sensors and effectors including an
animated face (Parke & Waters, 1996; Simmons et al.,, 2003) displayed on a robot-mounted LCD ,
which allow it to perceive and interact with the environment. The raw sensors’ input are processed
by the low-level robotic software and translated into feature-based representation used by ACT-R/E
modules as it becomes available. Our visual module is interfaced with the person-tracking (Fransen,
et al, 2007) and color-blob detection software (Bruce, Balch, & Veloso, 2000) based on an
omni-directional camera. Our auditory module interacts with sound localization software
(Martinson & Brock, 2007) based on a 4-microphone array. Our spatial module has access to a 2D
“cognitive map” (Kennedy, et al., 2007) or an egocentric version of spatial cognition (Harrison &
Schunn, 2003). Requests to moval module in the form of relative or absolute motion-commands are
passed onto our motion control subsystem which is integrated into our mobility system (Schultz,
Adams, & Yamauchi, 1999). Similarly, speech module requests are forwarded to speech generation
system. In addition, the change in the visual attention is indicated by turning to face the desired
direction.

We describe a bottom-up model that uses ACT-R/E to integrate visual and auditory information to
perform conversation tracking in a dynamic environment (Trafton, Bugajska, Fransen, & Ratwani,
2008). In our system, multiple conversationalists talk to each other and our model (embodied on the
robot) “follows” (no understanding) the conversation, looking from person to person as they speak.
The model takes the aural spatial information of the speaker (e.g., where the person is heard) and
correlates it with the visual spatial information (e.g., where the person is seen) based on the stimuli
proximity, and directs its visual attention (and its gaze) to the speaker. If a different person attempts
to interrupt or backchannels, the model “ignores” the other speaker. However, once the original
speaker is quiet for approximately 500ms (Bull & Aylett, 1998), the model switches its visual
attention to the new speaker. This simple model was tested on a previously collected data set of
conversation between 4 speakers (Vertegaal, et al, 2001) and matches the empirical data
reasonably well without even addressing such important issues of visual participant monitoring or
contextual responses.







Simulation within ACT-R as a Theory of Mind
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From imitation behavior to interpersonal communication, successful strategies in humans clearly require
consideration of others’ knowledge, abilities, goals, and even feelings. The ability to infer that information
and use it to simulate the behavior of others is referred to as having a Theory of Mind. Among several
explanations of this capability is a simulation of the other based on the host, i.e., a “like-me” simulation
(Meltzoff, 2005).

A general “like-me” mental simulation capability is already available within the basic ACT-R system. It is
the running of a separate cognitive model (the “simulation”) with a specified subset of the originating or
“host” cognitive model. The simulation starts with a specific subset of the declarative and procedural
memories and an initial goal state. The simulation runs this model and provides a new declarative fact via the
“imaginal” buffer accessible by the host model. The specification of which declarative memory and
productions of the host model to use allows the system to consider hypothetical and counterfactual situations.

We have developed cognitive models using “like-me” simulations of perspective taking (left-right
handedness determinations), teamwork (predicting the teammate’s decision), and social behavior
(dominant-submissive behavior of chimpanzees). We will discuss the teamwork model, the simulation, the
results, and matching of simulations and human/chimpanzee data.
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Examining the role of embodiment on performance has provided many insights into the underlying
cognition across various low-level tasks (e.g. Fu & Gray, 2004; Salvucci & Gray, 2004). We have been
looking at the embodied affordances of higher-level cognition, specifically theory-of-mind (Premack &
Woodruff, 1978), within a common task as implemented on our robotics platforms (ACT-R/E).

The task examined was a chimpanzee food monopolization scenario introduced by Hare, et al (2000) and
further refined by Brauer, Call & Tomasello (2007). The task pit dominant and subordinate chimpanzees
against each other in the retrieval of one or two pieces of food in a shared space containing two buckets. The
pieces of food were placed either on top of a bucket (visible) or behind the bucket such that only the
subordinate could see it (hidden, from the dominant). The positions of the buckets were varied between two
experiments. The key finding by Brauer, et al. (2007) was that in low risk situations, the subordinates
frequently retrieved the food with no preference for the hidden pieces. However, when the risk was greater
(i.e. food was closer to the dominant), subordinates approach the food less frequently but show a clear
preference for the hidden pieces, suggesting that they were aware of what the dominant could see.

The use of primate data might seem odd, but it had a number of features that were quite appealing. First, this
task has produced significant debate within the animal social cognition community regarding the ability of
chimpanzees to understand what conspecifics can see (e.g. Hare et al., 2000; Karin-Darcy & Povinelli,
2002) and recent results suggest that it is the structure of the environment that influences the chimp’s
strategy use (Brauer, et al., 2007). Second, the task is fundamentally embodied requiring us to push the
boundaries of our robot systems and ACT-R itself. Finally, the task lends itself to multiple solution
strategies that are all intimately related to the theory-of-mind construct; specifically mental simulation
(Meltzoff, 2005), perspective-taking (Flavell, et al., 1981), and gaze-following (Butterworth, 1991).

Three different models of the subordinate chimp were developed and refined in simulation before being
deployed and evaluated on the robot. The first used ACT-R’s model-within-model functionality to allow the
subordinate to simulate where the dominant would search for food. The second used egocentric
transformations of the perceived scene (Harrison, in prep) to adopt the perspective of the dominant and used
that information to guess dominant’s intent. The final model used perceptual knowledge of the dominant’s
head orientation and a modified visual search to perform gaze-following with approximate occlusion
detection to infer the dominant’s attentional focus.

The models highlight weaknesses in the current empirical methodology and point towards simple
improvements that could help isolate what skills the chimpanzees are actually able to employ. In depth
examination of the models’ behaviors illustrate the different affordances of the strategies and provide insight
into how and when the skills might be used in traditional theory-of-mind tasks.
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At the Army Research Laboratory (ARL), we have developed a robotic system based on ACT-R,
which includes both symbolic and sub-symbolic representation of knowledge. The system is called the
Symbolic and Sub-symbolic Robotic Intelligence Control System (SS-RICS).

In recent years there has been a growing interest in using cognitive architectures for the control of
robots (Avery, Kelley and Davani, 2006). While this seems to be a useful approach for robotic control,
several considerations need to be taken into account before researchers attempt to use a cognitive
architecture for robotic control.

The problem space used by ACT-R is primarily focused on working memory (WM) elements.
Declarative memories, which are developed by the modeler, interact with procedural knowledge, in order to
solve a specific problem. This is useful for researching and studying human decision making for a specific
problem space, but not for robotic control, where many other aspects of memory need to be represented
(i.e. Spatial Memory (SM), Iconic Memory (IM), Short Term Memory (STM) and Long Term Memory
(L'TM)). Instead of using one memory decay rate and a single retrieval threshold as defined by ACT-R for
memories, we have found that within SS-RICS we needed to use different decay rates for SM, IM, STM,
WM and LTM.

Additionally, it is unrealistic to assume that a modeler can develop all of declarative memory, so
we have used ConceptNet (Liu and Singh, 2004) within SS-RICS to help alleviate the burden of memory
development. This gives SS-RICS declarative memories to start with and use without the need to be
developed by a modeler.

Also, it is unrealistic to assume the modeler will develop every production needed by a robotic
system, so within SS-RICS we use a production system syntax (Verb, Noun, Adverb) which helps with
production generation. Once this is used, other productions can be generated from this base production
using machine learning techniques of substitution.

In order to use a symbolic cognitive architecture on a robotic system a developer must realize that
cognitive architectures are intended to simulate human behavior not control a robot. We have used ACT-R
as inspiration for working memory but in order to develop SS-RICS we have made additional changes for
production generation, declarative memory development and memory decay rates.
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