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ABSTRACT 
 

The ADAPT project is a collaboration of researchers in robotics, linguistics and artificial intelligence at three 

universities to create a cognitive architecture specifically designed to be embodied in a mobile robot. There are major 

respects in which existing cognitive architectures are inadequate for robot cognition. In particular, they lack support for 

true concurrency and for active perception. ADAPT addresses these deficiencies by modeling the world as a network of 

concurrent schemas, and modeling perception as problem solving. Schemas are represented using the RS (Robot 

Schemas) language, and are activated by spreading activation. RS provides a powerful language for distributed control 

of concurrent processes. Also, The formal semantics of RS provides the basis for the semantics of ADAPT's use of 

natural language. We have implemented the RS language in Soar, a mature cognitive architecture originally developed 

at CMU and used at a number of universities and companies. Soar's subgoaling and learning capabilities enable ADAPT 

to manage the complexity of its environment and to learn new schemas from experience. We describe the issues faced 

in developing an embodied cognitive architecture, and our implementation choices. 
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1.INTRODUCTION: EMBODIED COGNITION, REFORMULATION AND ROBOTICS 

There is a growing body of scientific work based on the belief that the mind must be understood in terms of controlling 

a physical body acting in the real world. This belief, often referred to as embodied cognition, strongly contrasts with the 

belief that the mind is an abstract computer. The abstract computational model of mind has attained some notable 

successes in very specific tasks such as chess, but has not done as well in robotics. Robots have a great deal of difficulty 

understanding their environment. Cognitive science has constructed cognitive architectures that model reasoning and 

learning in individual tasks and that reason about spatial and temporal relationships in simulated domains. We believe 

that it is time to embed a cognitive model in the physical world and test these reasoning and learning mechanisms when 

faced with the full complexity of the real world 

The ADAPT project (Adaptive Dynamics and Active Perception for Thought) is a collaboration of three university 

research groups at Pace University, Brigham Young University, and Fordham University to produce a robot cognitive 

architecture that integrates the structures designed by cognitive scientists with those developed by robotics researchers 

for real-time perception and control. Our goal is to create a new kind of robot architecture capable of robust behavior in 

unstructured environments, exhibiting problem solving and planning skills, learning from experience, novel methods of 

perception, comprehension of natural language and speech generation. 

The current generation of behavior-based robots is programmed directly for each task. The programs are written in a 

way that uses as few built-in cognitive assumptions as possible, and as much sensory information as possible. The lack 

of cognitive assumptions gives them a certain robustness and generality in dealing with unstructured environments. 

However it is proving a challenge to extend the competence of such systems beyond navigation and some simple tasks 

[46]. Complex tasks that involve reasoning about spatial and temporal relationships require robots to possess more 

advanced mechanisms for planning, reasoning, learning and representation. 



One approach to this issue is to equip a robot with a behavior-based “reactive” module coupled to a “deliberative” 

module that engages in cognitive reasoning – these are called hybrid reactive/deliberative systems [2]. Many such 

systems consist of a symbolic planner, or planner and scheduler, as the deliberative component. The planner formulates 

long-term and more abstract tasks, while the behavior-based system carried out the steps in the task in a robust fashion 

[2]. For example, Lyons et al. [35,36] describe a hybrid system based on the concept of iterative and forced relaxation 

of assumptions about the environment. The deliberative module generates and maintains a behavior-based system that is 

as robust as possible, given the tradeoff between the time available to the planner and any previously sensed assumption 

failures. The reactive system is implemented using the port-automata based RS model [37]. The hybrid approach 

endows a robot with a more sophisticated planning ability than either deliberative planning or reactive behavior 

provides alone; however, it does not address either learning or representation issues. 

Our approach is fundamentally different from other hybrid architectures, which typically attempt to build a 

comprehensive system by connecting modules for each different capability: learning, vision, natural language, etc. 

Instead, we are building a complete cognitive robotic architecture by merging RS [37,38], which provides a model for 

building and reasoning about sensory-motor schemas, with Soar [21], a cognitive architecture that is under development 

at a number of universities. RS possesses a sophisticated formal language for reasoning about networks of port automata 

and has been successfully applied to robot planning [36]. Soar is a unified cognitive architecture [45] that has been 

successfully applied to a wide range of tasks including tactical air warfare [50].  

This cognitive robotic architecture is currently being implemented and tested on Pioneer P2 robots 

(http://robots.activmedia.com/) in the Pace University Robotics Lab (http://csis.pace.edu/robotlab) and the Fordham 

University Robotics Lab (http://www.cis.fordham.edu/rcvlab). Three publications describing our initial work on 

ADAPT are [4,5,6]. 

1.1. Our Approach to Integrating Cognition with Robotics 

Our experience in industrial and academic robotics research has taught us a number of lessons about the nature of 

robotics that are shared by many in the field, including: 

• All robotic activity is sensorimotor, encompassing both perceptual and motor aspects, 

• Perception is active, goal-directed and task-dependent, and 

• Control is distributed and concurrent, with a high degree of parallelism. 

Even "pure" vision is sensorimotor, as it involves selecting a target, framing it and tracking it, which depends on the 

task and goals of the robot. While carrying out vision tasks, the robot cannot stop attending to its other sensors; in 

addition, the robot may be moving. Thus, robot programs typically consist of many concurrent routines. Only at the 

highest levels of abstraction can these programs be described as composed of sequential actions. At these high levels of 

the abstraction hierarchy, the actions are composed sequentially and search is necessary to identify the choice of action 

at each step to make progress towards a goal. In the lower levels of the abstraction hierarchy, the actions are composed 

concurrently and search is necessary to identify the set of actions to compose to obtain a desired behavior. 

Integrating Soar and RS is a straightforward way to try to build an architecture that can handle the entire abstraction 

hierarchy smoothly. 

One of the most unique and important aspects of our architecture is its treatment of perception and language and their 

relationship to knowledge representation. Our view of perception is that it is an "active" process [15] that is goal-

directed and task-dependent, i.e. it is a cognitive problem-solving process rather than a peripheral activity separate from 

cognitive processing. Furthermore, we view perception as intimately linked with the formation and modification of 

symbolic representations, so that perception's main purpose is to identify, build and modify representational structures 

that make the robot's goals easier to achieve. In this view, the robot solves problems primarily by searching among 

different ways of perceiving the world and the task. This is in contrast to the usual approach of searching among 

sequences of actions in one or a few fixed representations. Each way of perceiving the world and task leads to a distinct 

symbolic formulation. This process of reformulation is based on algebraic linguistic structures that are the formal basis 

of the integration of Soar and RS. 

In the next two sections, we describe the various components of ADAPT. The subsequent section describes how 

reformulation relates to the integration of RS and Soar. 



1.2. RS and Soar 

RS is a formal model of robot computation that is based on the semantics of networks of port automata [57]. A port 

automaton (PA) is a finite-state automaton equipped with a set of synchronous communication ports [38]. Formally we 

can write a port automaton P as: 

     P = ( Q, L, X !, ", ! ) where       

 Q  is the set of states 

 L  is the set of ports 

 X = ( Xi | i# L )  is the event alphabet for each port 

 Let  XL = { (i, Xi) | i# L } i.e., a disjoint union of L and X 

 ! : Q$ XL% 2
Q
  is the transition function 

 " = ("i | i# L) "i : Q % Xi is the output map for port i 

 ! # 2
Q 

is the set of start states 

RS introduces a vocabulary to specify networks of port automata. A network of processes is typically built to capture a 

specific robot sensorimotor skill or behavior: sensory processes linked to motor processes by data communication 

channels and sequenced using process composition operations. 

RS process composition operations are similar to the well-known CSP algebraic process model of [53]. However, unlike 

CSP, in RS the notation can be seen as simply a shortcut for specifying automata; a process is a port automaton, and a 

process composition operation is two automata connected in a specific way. Composition operations include sequential, 

conditional and disabling compositions [37,38]. To analyze a network of processes, it is necessary to calculate how that 

network changes as time progresses and processes terminate and/or are created. This is the process-level equivalent of 

the PA transition function, combined with the axioms that define port-to-port communication. This Process Transition 

function can be used to analyze the behavior of RS networks [39]. RS is implemented in Soar. 

Soar [45] is a cognitive architecture originally developed at CMU and undergoing continuing development at a number 

of locations, including the University of Michigan and the Information Sciences Institute. Knowledge in Soar is 

represented as operators, which are organized into problem spaces. Each problem space contains the operators relevant 

to some aspect of the system's environment. In our system, some problem spaces contain operators describing the 

actions of the robot for particular tasks and subtasks. Other problem spaces contain operators governing the vision 

system, including operators about how to control the camera, operators for selecting software to process the visual data, 

and operators for the creation and modification of local coordinate systems in the visual data.  

The basic problem-solving mechanism in Soar is universal subgoaling: every time there is choice of two or more 

operators, Soar creates a subgoal of deciding which to select, and brings the entire knowledge of the system to bear on 

solving this subgoal by selecting a problem space and beginning to search. This search can encounter situations in 

which two or more operators can fire, which in turn causes subgoals to be created, etc. When an operator is successfully 

chosen, the corresponding subgoal has been solved and the entire solution process is summarized in a single rule, called 

a chunk, which contains the general conditions necessary for that operator to be chosen. This rule is added to the 

system's rule set, so that in similar future situations the search can be avoided. In this way, Soar learns. The chunking 

mechanism has proved successful on a variety of tasks [40], and is well suited to learning schemas of port automata.  

The Soar publications extensively document how this learning method speeds up the system's response time in a manner 

that accurately models the speedup of human subjects on the same tasks [20]. In addition, the Soar research community 

is implementing a wide range of aspects of cognition in Soar, including natural language [31, 33], concept learning 

[42,59] and emotion [41]. 

Soar manipulates a hierarchy of problem spaces, and the formal semantics of RS consists of a hierarchy of port 

automata. We have merged these architectures in a straightforward way by implementing each RS schema as a Soar 

problem space. This is done by specifying the state transitions of each schema's port automaton in Soar. 



Merging RS and Soar in this way combines their 

strengths. The strengths of RS include its formal 

mechanism for combining sensing and motion, its ability 

to reason about the temporal behavior of schemas, its 

combination of deliberative planning and reactive 

behavior, and its real-time parallel scheduling and 

execution environment. Its weaknesses are the lack of a 

mechanism for autonomous formation of sensors or 

actuators, and the lack of a model for implementation of 

cognitive abilities such as learning and language. 

Soar provides an integrated cognitive model with a full 

range of cognitive abilities, including perception, deliberative planning, reaction, natural language, learning, and 

emotion. But Soar lacks parallelism and a temporal mechanism, which severely hampers its usefulness in robotics.  

By integrating RS and Soar, we are creating an architecture that will: 

• process a wide range of modes of perceptual input, 

• provide a complete range of cognitive abilities, including language and learning, 

• reason about time and resources, 

• implement parallel, reactive behaviors, and 

• learn new high-level sensors and behaviors. 

 

Behaviors are specified and implemented in RS, which provides an execution environment for automata networks. The 

basic sensory system is always on and is hierarchical, shallow and bottom-up. The deliberative module can instantiate 

automata networks on demand, and can add networks to the sensory system that are task-specific, deep, and top-down. 

The deliberative component is implemented in Soar. It receives information sent by the executing reactive network, and 

can instantiate or stop networks. Soar reasons about the automata networks that are used to represent the environment 

and the task, and generates abstract plans that are refined into automata networks, creating new networks as necessary. 

Soar RS 

1. Deliberative Planner 

 

   Symbolic operators searching state space 

 

     Adds sensory and motor networks that are 

 Basic Cognitive Primitives  task-specific, deep, and top-down. Modifies 

     and removes networks on demand. 

 
 

2. Reactive Schemas 

 

  Networks of port automata: parallel, with temporal properties 
 

      Sensory Schemas    Motor Schemas 

 Send perceptual data to Soar 

Sensory system: bottom-up, 

hierarchical, shallow, always on 

Motor system: schedules and 

executes port automata networks 



Soar’s learning mechanism can form net automata networks by chunking, as well as learn new plan components and 

learn search control knowledge to improve planning and reaction time. 

1.3. The World Model and its use in Perception and Planning 

Another distinctive feature of ADAPT is that it uses a powerful multimedia world model. In the current implementation, 

ADAPT's world model is the Ogre3D open source gaming platform (http://www.ogre3d.org). Ogre gives the robot the 

ability to create a detailed and dynamic virtual model of its environment, by providing sophisticated graphics and 

rendering capabilities together with a physics engine based on ODE (Open Dynamics Engine). Ogre is capable of 

modeling a wide variety of dynamic environments, and also of modeling other agents moving and acting in those 

environments. 

The robot uses this world model in a fundamentally different way than is typical in other work. ADAPT's world model 

is connected only to Soar, not directly to the external world, so that sensory data must be processed by Soar and 

modeled in Ogre. This reflects our belief that perception is an active process; perception is not done by peripheral 

processes that interpret the sensory data and create entities and relationships in the world model. Instead, ADAPT 

makes explicit decisions about how to process the sensory data, e.g. what visual filter to apply to vision data, and 

explicitly models the results in Ogre. In this way, perception becomes a problem-solving process, capable of drawing on 

all the knowledge of the system and permitting Soar's learning capability to be applied to perception. 

Ogre embodies the graphical and dynamic aspects of ADAPT's world model. Soar contains the symbolic part of the 

world model, which consists of "annotations" describing the entities, relationships and activities in Ogre. For example, 

when Soar recognizes a person sitting in a chair, it will construct virtual copies of the chair and the person in Ogre and 

create symbolic structures in Soar's working memory that point to them, as well as a symbol structure for the 

relationship of sitting. Ogre serves as the model that interprets the symbols in Soar's working memory. The relationships 

between the Soar and Ogre parts of the world model are updated automatically each Soar cycle. 

The overall structure of ADAPT is shown below. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

The above diagram shows the major components of ADAPT. The lower left part of the diagram shows the two 

components that run on the PC that is onboard the Pioneer Robot. These are the robot server software that provides the 

basic interface to the robot, and the bottom-up component of the Vision System, which provides basic visual data 

including stereo disparity (distance information), segments (color blobs), and optical flow (motion information). The 
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robot server is a C++ program that interfaces with the robot's hardware. The server program listens on a socket for a call 

from SoarRobot, then packs all the robot's data (including the sonar data) into C structs that are sent back to SoarRobot. 

While the server is waiting, the Vision System runs on the robot's PC.  

 

The lower right part of the diagram shows the components that run on the base PC. These include the 3D world model, 

which is currently the Ogre3D gaming engine (www.ogre3d.org), and Soar, which contains an implementation of RS 

schemas. Soar also can call the ERVision object recognition software.  

 

The GUI is currently the Soar Debugger, which provides a nice interface.  

 

The entire system is held together by the SoarRobot program, which is written in Java. Most of the other components 

have Java interfaces, except for Ogre3D, which has a C language interface that is wrapped in Java. SoarRobot 

coordinates the interaction of all components and the user (via the GUI), and runs on the base PC.  

 

The basic loop of SoarRobot is: 

 

1 - check Soar's output link to see if there are any commands, which may be either motion commands for the 

robot or modeling commands for the World Model, 

 

2 - blend the motion commands that are to be sent to the robot, 

 

3 - send all robot commands both to the robot and to the virtual robot in the World Model, 

 

4 - send all other commands to the World Model, 

 

5 – periodically (every tenth of a second) fetch data from the robot to be put into Soar's working memory, 

 

6 - periodically fetch data from the Vision System, compare it to visual data from the World Model, and put 

any significant differences into Soar's working memory. 

 

This world model also permits ADAPT to visualize and explore possibilities by firing Soar operators that create 

structures in the world model that do not correspond to sensory data, i.e. it can "imagine" possibilities. Using the 

physics plugin, the robot can examine how the world might evolve in the near future. ADAPT's planner will use this 

visualization capability in the same way that NL-Soar understands the world using "comprehension through generation" 

[18]. In this approach to comprehension, NL-Soar understands an utterance by searching for ways to generate it. 

ADAPT will comprehend its environment by searching among ways to recreate it. Comprehension through generation 

is a slow process, and depends upon the speedup of chunking to be practical. Evaluating the success of this approach to 

modeling the world is one of the central goals of the project. 

As an illustration of the use of this world model, let us consider ADAPT's novel approach to visual comprehension of 

its environment. ADAPT's vision system consists of two main components, a bottom-up component that is always on, 

and a top-down goal-directed component. The bottom-up component segments the visual data from the robot's two 

framegrabbers; this component runs on the robot's onboard computer. The output of this component is a set of "blobs" 

that are transmitted to an offboard PC which is running Soar. A description of these blobs is placed into Soar's working 

memory during the initial phase of each execution cycle of Soar. 

The graphics "camera" in Ogre produces the view that the virtual copy of the robot "sees" in the virtual environment. 

The output of this camera is also segmented and placed into Soar's working memory. Soar operators test for significant 

differences between the expected view and the actual view, e.g. a large new blob. Any significant difference causes a 

Soar operator to be proposed to look at this blob and try to recognize it. If this operator is selected (if there is nothing 

more important to do at the moment) then Soar will turn its cameras towards this blob, and then call its recognition 

software to process it.  

Once the object is recognized, a virtual copy is created in Ogre. The object does not need to be recognized again; as 

long as the blobs from the object match the expected blobs from Ogre, ADAPT assumes it is the same object. 



Recognition is thus an explicitly goal-directed process that is much cheaper than always recognizing everything in the 

environment. Furthermore, this approach to recognition opens the possibility of learning recognition strategies. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1.3.1. Reformulation and Emergent Properties 

ADAPT's components are not merely connected but integrated, and this integration is based on a formal relationship 

between the basic hierarchical structures of Soar and RS. ADAPT's approach to problem solving differs significantly 

from the traditional planning approach. ADAPT searches for a set of local symmetries and invariants that can be used to 

decompose the robot's environment and task into easily analyzed pieces [13]. 

Each formulation of knowledge possesses different computational properties. Given a particular task in a particular 

environment, the robot must choose a formulation whose computational requirements are well suited to the task. A good 

choice makes the task easier, in a manner that is very similar to that encountered in solving basic calculus problems, 

where for example, using a Cartesian coordinate system makes some problems easy to solve, while using polar 

coordinates makes others easy. 

Of special importance is finding a decomposition of the robot/environment system into components whose local 

properties compose to determine global properties. Such decompositions reduce problem-solving complexity by 

permitting the robot to solve a set of small, local problems; the global properties and solutions emerge from the 

interaction of the local properties and solutions [7, 8, 9]. The robot must identify these components and use them to 

formulate the task in order to solve it efficiently. 

The mathematics of formal languages and grammars, and especially that of algebraic linguistics [17], [22], [47], 

provides formal tools for analysis of this language of behaviors and synthesis of different grammars. In particular, it 

provides theorems and algorithms for decomposing this language into a hierarchy of sublanguages. The components of 

this hierarchy are languages of varying granularities, each of which perceives and acts on a subset of the environment. 

Each component is characterized in terms of its symmetries and invariants. 

This decomposition hierarchy underlies perception, problem solving and natural language, as the local symmetries 

perceived in the environment correspond to the preconditions and invariants of the components used to solve problems. 

In [14] we show how this structure appears in robot motion planning, and how it can be exploited to reduce the cost of 

planning. Perception exhibits such a structure, too, as Barnsley [3] has shown that a self-similar structure exists in 

images and has developed fractal compression methods that are commercially viable competitors in the areas of image 

processing and communications. Similarly, structure and meaning in natural language are largely compositional. 

Learning this one fundamental structure is superior to a patchwork approach of gluing together learning processes that 

are separately developed, as is typical in hybrid architectures. It is certainly possible to glue together a method of 

learning visual object models, a method of learning problem-solving heuristics and a method of learning natural 

Soar 
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World 

 RS 

Expected 

View Actual View 

ADAPT's Vision System 



language. But such an approach tends to eliminate useful interactions between these processes, e.g. that learning a new 

way of solving a class of problems could improve perception or communication. We feel that such interactions are not 

only common, but are essential in the quest to develop a robot with human-level proficiency in an unstructured 

environment. 

Program structures for all the processes of an intelligent agent should embody this hierarchy in a straightforward way. 

Soar is an implementation of Rosenbloom and Newell’s Problem Space Computational Model [49], which models this 

neighborhood structure for cognitive processes; RS's hierarchy of port automata models it for sensory and motor 

processes. An architecture integrating Soar and RS offers a coherent robot control system based on this structure. 

Indeed, universal subgoaling reflects the self-similarity of problem solving. This is the main reason for the choice of 

Soar as the software for the deliberative component of the cognitive architecture - the self-similar structure of Soar's 

problem solving matches the self-similar structure of the environment. 

Our decomposition algorithm finds a task’s hierarchy of local neighborhoods, and reformulates the task in terms of local 

coordinate systems for these neighborhoods. The relevant properties for system formulation are those properties that 

hold locally everywhere within the neighborhoods. Simple programs can measure these local properties and maneuver 

within local neighborhoods. Under certain conditions, the local neighborhood structure becomes a substitution tiling 

[54]. In these cases, self-similarity of the neighborhoods permits the simple programs to be effective at several scales, 

creating a hierarchical structure that is simple and local at each scale, but capable of generating very complex emergent 

global behaviors. Fortunately, substitution tilings appear to be ubiquitous in the physical world [54]. 

Local coordinate systems define the perceptual spaces for the robot. The axes in each coordinate system correspond to a 

set of features for describing the state space. Associated with the local symmetries of the local coordinate system are 

invariant subspaces of states (states on which particular combinations of features are invariant.) Motion in the state 

space decomposes into motion within invariant subspaces and motion normal to those subspaces. This decomposition 

reduces the complexity of motion planning, and also creates the goal for the perceptual system: the robot must perceive 

the visual symmetries and monitor the invariants of the motions. The features determined in this way are the semantic 

components that form the basis of communication [10, 11]. 

The implications of this structure for planning and problem solving are clear: instead of using combinatorial search in 

the space of possible solutions, a robot can search for a self-similar local neighborhood structure in the constraints of the 

task and the environment. When such a structure exists, the robot can exploit it to solve large, complex planning 

problems in an efficient hierarchical manner. 

1.3.2. The Natural Language Component of ADAPT 

Communication between humans and the robot will be assured by a natural language system implemented within the 

Soar cognitive modeling framework [26,27]. The natural language program in Soar is called NL-Soar 

(http://linguistics.byu.edu/nlsoar/homepage.html). Development of Soar’s natural language capability, originally begun 

at Carnegie-Mellon University, is now centered at Brigham Young University under the direction of Deryle Lonsdale. 

This system has been previously integrated in other Soar-based task modeling situations involving such agent contexts 

as the NASA test director [43,44], intelligent forces in combat situations [25,51], simultaneous interpreters [28] and 

language learners [58]. 

The system supports spoken human language input via an interface with Sphinx, a popular speech recognition engine 

[16,24]. Textual inputs representing best-guess transcriptions from the system will be pipelined whole utterances into 

the main natural language component.  

The NL comprehension component processes each word individually and performs the following operations via Soar 

operators in order to understand the input text: 

• lexical access (which retrieves morphological, syntactic, and semantic information for each word 

from its lexicon) [30,31] 

• syntactic model construction (linking together pieces of an X-bar parse tree) [51]  

• semantic model construction (fusing together pieces of a lexical-conceptual structure) [52] 

• discourse model construction (extracting global coherence from individual utterances) [18,19] 



Each of these functions is performed either deliberately (by subgoaling and via the implementation of several types of 

lower-level operators) or by recognition (if chunks and pre-existing operators have already been acquired via the 

system's learning capability). Three types of structure resulting from the utterance will be important for subsequent 

processing: the X-bar model of syntax, the LCS model of semantics, and the discourse model. Work on this project will 

extend our prior work in resolving word sense, syntactic, and semantic ambiguities using symbolic [40], exemplar-

based [19,55], and hybrid [32] architectures. The depth and breadth of the interface between these structures and the 

robot's incoming percepts and outgoing actions will be explored during the project. The NL generation component uses 

all of these components in reverse order to generate a textual utterance from planned semantic content [29]. 

The top-level language operators mentioned above can be sequenced in an agent's behavior with each other and with 

any other non-language task operators, providing a highly reactive, interruptible, interleavable real-time language 

capability [43]. In agent/human dialogues these properties are crucial [1,28]. 

As is typically implemented for human/robotic interaction, our system uses dialogue-based discourse interface between 

the robot and the NL component. The system's discourse processing involves aspects of input text comprehension 

(including referring to the prior results of syntax and semantics where necessary) and generation (i.e. the production of 

linguistic utterances). Both applications of discourse processing will involve planning and plan recognition, linguistic 

principles, real-world knowledge, and interaction management. The robotics domain will require a limited command 

vocabulary size of some 1500 words initially, and utterances will be comparatively straightforward. This will also 

improve the recognition rate of the speech engine and support more diverse interaction environments. 

Possible communication modalities include [34]: (1) a command mode, or task specification, where the robot is capable 

of understanding imperative sentences and acting upon them (e.g. “Turn ninety-degrees to the left.” “Close the door.”) 

Other, more difficult types of utterances include (2) execution monitoring, where the robot takes instructions as part of a 

team, (3) explanation/error recovery to help the robot adapt and cooperate with changing plans, and (4) updating the 

environment representation to allow a user to aid the robot in maintaining a world model beyond its own perceptions. 

To begin with, the robot will understand imperative utterances, but other types of comprehension capabilities, as well as 

language generation, will be incrementally added. 

Using dialogue processing in the human/robot interface allows, but also requires, the robot to maintain a model of the 

world and to maintain a record of the dialogue. Without a discourse/dialogue component, utterances would be difficult 

to connect to the robot’s environment. Appropriate modeling approaches include: finite-state automata (FSA's), 

frame/task-based dialogues, belief-desire-intention (BDI) architectures, and plan recognition constructs [48]. To varying 

extents, they integrate comprehension and generation capabilities to assure coherent interaction.  

FSA models, while fairly straightforward to implement, are completely deterministic and do not require the robot to 

manage an extensive worldview or model of dialogues. They also severely restrict the robot's ability to adapt to a wide 

variety of communicative situations. Frame-based systems relax strict determinism [56], but still are not as flexible as 

highly dynamic environments may require. BDI architectures [23] allow a robot to model the discourse participants' 

beliefs and goals, as well as its perceptions of the same. A dialogue move engine (DME) selects new moves depending 

on the context of utterances, the goals, and the evolving conversational model. As a standalone component, though, 

BDI/DME processing does not allow a tight enough integration with the Soar environment to permit learning, and 

operator-based processing.  

NL-Soar implements a discourse recipe-based model (DRM) for dialogue comprehension and generation [18]. It learns 

the discourse recipes, which are generalizations of an agent’s discourse plans, as a side effect of dialogue planning. This 

way, plans can be used for comprehension and generation. If no recipe can be matched, the system resorts to dialogue 

plans. This allows both a top-down and bottom-up approach to dialogue modeling. It also supports elements of 

BDI/DME functionality such as maintaining a common ground with information about shared background knowledge 

and a conversational record.  

Initiative is an important aspect in dialogue. Different approaches to managing dialogue vary from system-initiative  

(where the robot controls interaction) to user-initiative (where the human controls interaction) to, ideally, mixed or 

joint-initiative (where the robot and the human take turns controlling and relinquishing control as situations unfold). 

FSA and frame-based implementations support system-initiative applications, but a highly reactive robot requires mixed 

initiative. Part of the work in this project will involve investigating and demonstrating the relative advantages and 



disadvantages of BDI vs. DRM approaches for supporting (successively) human-, system-, and mixed-initiative robotic 

interactions.  

1.4. Task Definition for Evaluating ADAPT 

The goal of the ADAPT architecture is to increase the robot's comprehension of its environment. Thus, our project is 

not focused on a single task such as finding land mines. Instead, we have selected a flexible class of mobile robot 

applications as our example domain: the “shepherding” class. In this application, one or more mobile robots have the 

objective of moving one or more objects so that they are grouped according to a given constraint. An example from this 

domain is for a single mobile platform to push an object from its start position over intermediate terrain of undefined 

characteristics into an enclosure. Another example is for it to push a set of objects of various shapes and size all into the 

enclosure. A more complex example is to group objects so that only objects of a particular color are in the enclosure. 

This class of tasks is attractive for two reasons. The first is that it includes the full range of problems for the robot to 

solve, from abstract task planning to real-time scheduling of motions, and including perception, navigation, 

communication with humans and grasping of objects. In addition, the robot must learn how to push one or more objects 

properly. This range of demands is ideal for our purposes, because it creates a situation in which complex hierarchies of 

features and constraints arise. Also, the tasks can be made dynamic by including objects that can move by themselves, 

e.g. balls or other robots. 

The second reason is that we can embed lots of other problems in it. For example, we can embed bin-packing problems 

by making them enclosure-packing problems. Also, we can embed sorting problems and block-stacking problems. This 

creates a situation in which the robot can be presented with well-known computing tasks in a real setting with 

perceptual and navigational difficulties, rather than just as abstract tasks. 

2. A SIMPLE EXAMPLE 

This is an example of a shepherding task and how reformulation can make it easier to solve.  

 

 

 

 

 

 

 

 

 

 

 

 

 
An abstraction hierarchy for this task will contain a number of levels ranging from low-level features and actions such 

as "find the right front edge of the small box" to abstract features and actions such as "move the small and middle boxes 

to the middle enclosure". There are many possible such hierarchies for this task. For example, consider the abstract 

action of moving one box from one enclosure to another. The robot could index the possible instances of this action by 

the box that is being moved. This in effect creates new abstractions, e.g. "moving the small box one enclosure over", 

which would be seen by the robot as the same whether it is moving the box from enclosure 1 to enclosure 2, or from 

enclosure 2 to enclosure 3. This is a useful abstraction. 

But the robot could also choose to index these actions by the enclosures, creating different abstractions, e.g. moving any 

box from enclosure 1 to enclosure 2, regardless of which box it is. This is a less useful abstraction, and not just because 

of the details of gripping different size boxes. As we show in [13,14], this second method of indexing actions does not 

scale up, so that once the robot learns the solution for three boxes, it will not be able to reuse what it has learned to 

Observer 

The robot (gray) must move the three boxes 

from the leftmost column to the rightmost. It 

can push or lift one box at a time. A box can 

never be in front of a smaller box, as seen 

from the observer. The larger a box is, the 

taller also. The front area must be kept clear 

so the robot can move; there can be no boxes 

left in this area. 

1 2 3 



move four boxes correctly. However, the previous method of indexing the actions (by the box moved) does scale up to 

all larger problems, so it is a superior formulation of the task. 

An even better abstract move is "move the small and middle boxes from one enclosure to another". This way of 

formulating the task is self-similar, by viewing the small and middle boxes together as one "logical box", with an 

associated invariant that is their relative position. Because of this self-similarity, this abstraction scales up to larger 

versions of the task. Furthermore, using this abstract move in planning eliminates subgoal interference in this task 

[10,12,13,14], making it a superior abstraction for this task. 

The whole point is that the human designers should not be providing these abstractions to the robot. A truly autonomous 

robot must be able to generate and choose its own problem-solving abstractions. ADAPT does this by reformulating its 

schema hierarchy. The search in the space of formulation is far more expensive than just searching the moves of the 

three boxes, but the formulation search has a far higher utility as its solution solves a whole class of tasks rather than 

just one. 

The upper layers of the abstraction hierarchy for the above example task are isomorphic to the three-disk Towers of 

Hanoi puzzle. This is a simple illustration of how we can embed known tasks into shepherding tasks. Many applications 

for mobile robots can be cast as shepherding tasks, including agricultural robotics applications, routine material 

transport in factories, warehouses, office buildings and hospitals, indoor and outdoor security patrols, inventory 

verification, hazardous material handling, hazardous site cleanup, inspection of hazardous waste storage sites, and 

numerous military applications. 

3. SUMMARY 

We are designing and implementing ADAPT, which is a unified cognitive architecture for a mobile robot. The goal of 

this project is to endow a robot with the full range of cognitive abilities, including perception, use of natural language, 

learning and the ability to solve complex problems. The perspective of this work is that an architecture based on a 

unified theory of robot cognition has the best chance of attaining human-level performance. 

ADAPT is based on an integration of three theories: a theory of cognition embodied in the Soar system, the RS formal 

model of sensorimotor activity and an algebraic theory of decomposition and reformulation. These three theories share a 

hierarchical structure that is the basis of their integration. Soar models cognition as subgoaling in a hierarchy of problem 

spaces; the RS model consists of a hierarchy of sensorimotor modules. The theory of reformulation provides the method 

of synthesis of such hierarchies by finding one or more local patterns that replicate at different scales, creating a 

representational hierarchy that is simply expressed yet capable of great complexity. This structure underlies all of the 

robot’s principal cognitive activities: its perception, its use of natural language, and its planning and problem solving. 

ADAPT's world model is a powerful 3D multimedia engine capable of rendering complex, dynamic environments. The 

world model functions as the interpretation of the symbols in Soar's working memory, and gives the robot the ability to 

visualize alternatives. 
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