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Chapter 1 

  

 

Introduction 

 

 

 

The generality and compositional power of sentential, symbolic structures has made it 

central to knowledge representation and processing in cognitive architectures. General, 

cognitive architectures have proven useful in modeling mental processes for both 

scientific, psychological research and real-world applications such as simulation entities 

and robots. However, cognitive architectures have failed to address and account for 

inherently perceptual and modality-specific thought processes that some argue should 

participate directly in thinking rather than serve exclusively as a source of sensory 

information (Barsalou, 1999; Chandrasekaran, 2006). Spatial and visual imagery are 

examples of such thought processes. 

With a few exceptions (Kurup, 2008), there has not been a proposed coherent 

system from the Artificial Intelligence or Cognitive Science community that integrates 

and uses symbolic and perceptual representations for reasoning. Current cognitive 

architectures use metric representations, but for control, and not for representing and 

manipulating task knowledge (Anderson et al., 2004; Laird, 2008; Sun, Slusarz, & Terry, 

2005). No architecture reasons with visual depictive representations. Metric and depictive 

structures may serve as perceptual input but not as first-class knowledge structures that 

an agent can use for inferring new knowledge.  

In this research, we explore the utility of general-purpose, intelligent systems 

supporting mechanisms to encode, compose, manipulate, and retrieve symbolic and 
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perceptual-based representations. In addition to the traditional symbolic representation, 

the resulting architecture uses quantitative spatial and visual depictive representations 

that serve as a basis for spatial and visual imagery processing. Behavioral and biological 

constraints, primarily derived from Kosslyn (1980; Kosslyn, 1994; Kosslyn, Thompson, 

& Ganis, 2006),  and computational constraints influenced by Newell (1990), inform the 

architectural design. From a theoretical standpoint, we account for high-level vision, as 

spatial and visual imagery are dependent on both cognition and visual perception (Finke, 

1989; Kosslyn, 1994; Kosslyn, Thompson, & Ganis, 2006; Palmer, 1999; Peronnet, 

Farah, & Gonon, 1988; Podgorny & Shepard, 1978).  At this point, underlying visual 

processing algorithms are ad hoc and do not model the details of human performance, but 

modeling the interdependence facilitates an enhanced understanding of the constraints 

imposed between the thought processes.  

The work reflects a computational synthesis of spatial and visual imagery, visual 

perception, and cognition within the computational constraints of the Soar cognitive 

architecture (Laird, 2008). Empirical results from three different domains illustrate the 

computational gain and functional value the resulting architecture achieves. The results 

show how specialized, architectural components processing quantitative spatial and 

visual depictive representations can achieve an order of magnitude (or more) speed up 

over traditional symbolic processing without trading off generality. Furthermore, the 

architecture demonstrates new functional capability and improved problem-solving 

quality when using imagery in tasks rich with spatial and visual properties.  

The psychological basis for the research is mental imagery processing. Humans 

use mental imagery to assist them with reasoning, problem solving, decision-making, 

creativity, learning, and motor rehearsal (Helstrup, 1988). Some attribute creativity to the 

observation that one can combine objects in  their mental images to reveal novel objects 

and relationships (Finke, 1989). Athletes often report using imagery or ñvisualization 

techniquesò to rehearse their motor skills prior to competition. People with certain forms 

of autism report relying almost exclusively on imagery in their thought processes 

(Grandin, 2006). Even to learn non-visual concepts, such as ñlove,ò they must have a 

visual, concrete representation of the concept (e.g. a heart). This research focuses on 
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using two forms of mental imagery, spatial and visual, for reasoning, decision-making, 

and problem solving.  

Spatial imagery assists humans with spatial reasoning tasks. For example, 

imagine that you are facing south and we ask you to simulate the following movements: 

step forward, turn right, step forward, turn right, and step forward. If we then ask you 

what your final location and orientation is, most people can respond that they are to the 

left of where they started facing north. This task requires you to infer a global spatial 

relationship (i.e. your final location and orientation) from a set of local spatial 

relationships provided in the task instructions. Your shape or contour characteristics as 

well as the shape of the area you are stepping are not relevant to the problem.  

Humans rely on visual imagery for the detection of spatial and visual properties 

not previously encoded as symbols where the specific shape or color of object(s) is 

necessary for the inference. For example, consider how you answer the following 

questions. Does the letter óAô have an enclosed space? What is the shape of a dogôs ears? 

What is wider in the center, Michiganôs lower peninsula or the state of Ohio? When 

asked, most people respond that they create a visual depiction of the object(s) and then 

ñlook atò the image to answer the question. This type of reasoning requires a depiction 

because the inference is directed at a feature (e.g. enclosed space) or spatial property (e.g. 

width) requiring specific shape to formulate an answer. On the other hand, if asked, 

ñWhat state is larger geographically, Alaska or Rhode Island,ò most American adults can 

formulate an answer without having to create an image. They know from previous study 

that Alaska is the largest state and Rhode Island is the smallest state, which is a general 

fact easily encoded with symbolic representations. 

General problem solving may use all three types of representations. If you are at a 

furniture store trying to choose a new sofa for your living room, you may imagine your 

living room to see if the shape and color of the furniture matches your current decorum 

(visual imagery) and possibly simulate moving your furniture around to ñseeò where the 

new sofa fits best (spatial and visual imagery). On the other hand, sometimes you use 

spatial imagery to form a general answer and then, if given time (or prodding), use visual 

imagery to form a more accurate inference. Consider another geography question. What 
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city is further to the west, San Diego, California or Reno, Nevada?
1
 Initially, you might 

build a quantitative spatial structure representing California and Nevada as geometric 

shapes (such as rectangles). Then using symbolic, factual knowledge that California is to 

the west of Nevada, arrange the geometric figures accordingly (Figure 1-1a). Again based 

on your knowledge that San Diego is in the southwest corner of California and Reno is in 

the west central section of Nevada, you place ñdotsò in those locations. You then reason 

that San Diego is west of Reno. This answer is a common mistake people make. 

However, if you add more ñdetailò by adding the specific shape of the two states (visual 

depictive), you can correctly ñseeò that Reno is west of San Diego (Figure 1-1b). Note 

that even though we illustrate the quantitative spatial representation as a picture in Figure 

1-1a, we can represent the objects (California, Nevada, San Diego, and Reno) as a set of 

points in a Cartesian coordinate systemða picture is not required. However, when we 

add shape to the specification (i.e. the shape of the states), an image is a more suitable 

structure where space is inherent in the representation. 

 

  

(a) Quantitative Spatial Representation (b) Visual Depictive Representation 

Figure 1-1: Representations Involved in Spatial and Visual Imagery 

 

What the previous examples illustrate is the power of being able to reason by 

combining these representations through imagery processing. Of course, to perform these 

tasks assumes: 

                                                 

1
 Example from (Stevens & Coupe, 1978) 
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¶ You have previously encoded a representation of each objectôs shape and 

color and stored it somewhere in memory (e.g. letter, states, or furniture). 

¶ You have previously encoded local spatial relationships between pairs of 

objects (e.g., California is west of Nevada, Reno is in Nevada, your sofa is 

in front of the T.V.). Note that the types of spatial relationships include 

direction (west, in front of), distance (number of steps), orientation (the 

orientation of the objects), topology (in), and size (sofa is larger than 

chair). 

¶ You recognize your current state and goal (e.g. determine if the letter ñAò 

has an enclosed space, determine what direction you are facing, decide 

what furniture you should purchase, etc.). 

¶ You are able to combine these different forms of knowledge and retrieve 

the desired information.   

¶ You can access the results of your retrieval to make a decision and form a 

response.  

These issues are the types we explore in this research to determine the computational 

mechanisms underlying spatial and visual imagery. The goals and relevant questions of 

our research follow: 

 

(1) To incorporate spatial and visual imagery within the context of a cognitive 

architecture inspired and constrained by behavioral, biological, functional, and 

computational evidence. 

 

¶ What are the representations and processes that are architectural? 

¶ What knowledge is necessary to create these representations and control 

the processing? 

¶ What is the relationship between spatial imagery, visual imagery, and 

visual perception? What underlying structures and mechanisms do they 

share? What components are unique to imagery? 

¶ Where is information stored and in what representational format?  

¶ Where is the information processed?  

¶ What information is transmitted between the architectureôs functional 

components? 

 

(2) To understand spatial and visual imageryôs capabilities and limitations. 
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¶ How does cognition use spatial and visual imagery to solve problems? 

What are the types of problems? 

¶ What are the environment and task conditions where spatial and visual 

imagery processing provides additional functional capabilities? 

¶ What types of tasks are computationally more efficient using a 

quantitative spatial or visual depictive representation versus using a 

symbolic representation? What are the tradeoffs? 

 

(3) To expand the integration between perception and cognition. We are focused 

specifically on how cognition uses perceptually based representations for 

reasoning and problem solving rather than how the system processes bottom-up 

perception into symbols (e.g. computer vision, robotics) or how perception 

constrains the timing, processing, and control behavior of the architecture (e.g. 

EPIC, ACT-R). 

 

(4) To determine and build appropriate tools for debugging and evaluating a spatial 

and visual imagery component within a cognitive architecture (software 

engineering aspect). 

 

As further clarification, the following is a list of what are not our research goals. 

  

(1) Detailed modeling of human behavior (Cognitive modeling). We are using 

psychological theories, experimental evidence, and neuropsychological results as 

inspiration in our architectural design. We would like the system to exhibit the 

general behavior and be plausible in accordance with how we believe humans 

solve problems using spatial and visual imagery. At this time, however, we are 

not concerned with matching human experimental results. 

 

(2) Building a stand-alone model of mental imagery. We are not trying to model 

mental imagery without taking into consideration how it fits into the overall 

architecture. Our goals are much more general in that we want to discover how 

the different representations are used for problem solving. The system has to work 

together as a whole with spatial and visual imagery processing as one of 

cognitionôs possible tools. 

 

(3) Designing and evaluating specific algorithms or attempting to claim we have all 

imagery functionality implemented. As a follow-up from the previous point, the 

scope of this work is general so that attempting to analyze, design, and evaluate 

the details of specific algorithms would take away from our focus.  

 

We organize the remainder of this dissertation as follows. Chapter 2 and 3 present 

our design space constraints and theory. We devote Chapter 2 to the discussion of the 

quantitative spatial and visual depictive representations, as they are central to our theory. 
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The chapter includes a summary of the mental imagery debate and its influence on our 

decisions. Chapter 3 presents the remaining design space constraints and summarizes our 

theory. Appendix A provides additional background on the relevant psychological and 

neuroimaging experiments supporting our theory. 

Chapter 4 compares previous work in Artificial Intelligence and Cognitive 

Science. Included in this chapter are computational approaches that have either modeled 

mental imagery or used it as motivation for a specific application. Chapter 5 summarizes 

task and environmental characteristics where spatial and visual imagery is useful. The 

chapter also presents an overview of our three experimental domains to facilitate the 

architectural discussion in Chapter 6. The three experimental domains include an agent 

using spatial imagery to solve a geometry problem, visual imagery to recognize features 

on individual alphabet letters, and both spatial and visual imagery to inform its decision 

making in a simulation of an Army small-unit leader. Chapter 6 discusses the memories 

and processes associated with the architecture that include Soar and its Spatial-Visual 

Imagery (SVI) component. Appendix B and Appendix C provided more details on the 

design and implementation of the system. Chapter 7 provides the subjective and objective 

evaluation of the architecture across the three experimental domains. The evaluation 

metrics include behavioral, biological, functional, and computational design space 

constraints; computational gain; functional capability;  and problem-solving quality. We 

conclude with our research contributions and future work in Chapter 8.  
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Chapter 2 

 

 

Spatial and Visual Imagery Representations 

 

 

 

A key result from mental imagery experiments is that humans use multiple types of 

representations during imagery processing. As the distinction between these 

representations is central to our theory, we focus exclusively on them in this chapter. We 

begin by summarizing the three representations that support spatial and visual imagery 

processing and discuss their functional and computational tradeoffs. We then summarize 

the mental imagery debate. The debate is important to understand as it directly influences 

the decision as to whether a cognitive architecture should include separate mechanisms 

for spatial and visual imagery. The alternative is to assume that symbolic cognitive 

architectures are sufficient for imagery processing and what an agent requires is simply 

additional knowledge.  

2.1 Symbolic, Quantitative, and Depictive Structures 

From a functional and computational perspective, our hypothesis is that spatial and visual 

imagery use at least three distinct representations to include (1) a symbolic, (2) a 

quantitative spatial, and (3) a visual depictive representation (Figure 2-1). The symbolic 

representation (first row of Figure 2-1) is the amodal, stable medium useful for general 

reasoning (Newell, 1990). Symbols may denote an object, visual properties of that object, 

and spatial relationships between objects. They are sentential, or sentence-like, in that 

their meaning is dependent on context and interpretation rather than their spatial 



 

 9 

arrangement. The power of symbols comes from their composability using universal and 

existential quantification, conjunction, disjunction, negation, and other predicate 

symbols. For example, the right-hand column of Figure 2-1 represents two objects, a can 

and a box with symbols denoting visual features (e.g. (can, yellow)) and spatial properties 

(e.g. on(can, box)). In addition to visual and spatial properties, symbols can represent 

non-visual or non-spatial content, which is necessary for associating an object with other 

modalities and concepts.  

 

Representation Aliases Modality  Processing Uses Example 
Symbolic  

¶ Visual Properties 

(optional) 

 

¶ Spatial Properties 

(optional) 

 

Sentential 

 

Propositional 

 

Descriptions 

 

P-Symbols 

Amodal Symbolic 

manipulation 

 

Logic 

 

Entailment 

General 

Reasoning 

 

Explicit 

visual 

feature 

recognition 

 

Qualitative 

Spatial 

Reasoning 

object (can) 

feature (can,curve) 

color (can, yellow) 

 

object (box) 

feature(box,corner) 

color (box, blue) 

 

on (can, box) 

 

Quantitative spatial 

¶ Visual Properties 

o General Shape 

(inferred from 

size dimension) 

¶ Spatial Properties 

(mandatory) 

o Direction / 

Distance 

(location) 

o Orientation 

o Size 

o Topology 

Sentential 

 

Metric 

 

Diagrams 

 

P- and I-

Symbols 

 

Perceptual 

Symbols 

Amodal Mathematical 

manipulation 

 

Laws of 

Dynamics 

(motion) 

Spatial 

Imagery 

 

Spatial 

Reasoning 

(General 

shapes) 

can  

   location <2,1,2> 

   orientation 0 

   height 5, radius 1 

 

box 

     location <0,0,0> 

    orientation -10  

    length 10 

    width 6  height 4 

 

Visual depictive 

¶ Visual Properties 

o Shape, Color 

o Explicit 

features 

o Explicit empty 

space 

 

¶ Spatial Properties 

o Direction / 

Distance 

(location) 

o Orientation 

o Size 

o Topology 

Iconic 

 

Analog 

 

I-Symbols 

 

Perceptual 

Symbols 

 

Visual Mathematical 

manipulation 

 

Depictive 

manipulation 

Visual 

Imagery 

 

Visual 

Feature 

Recognition 

 

Spatial 

Reasoning 

(Specific 

shapes) 

 

Figure 2-1: Imagery Representations 
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The quantitative spatial representation (second row of Figure 2-1) is also amodal, 

but is perceptual-based. That is, it is an interpretation of visual, auditory, proprioception, 

and kinesthesis senses based on a fixed frame of reference that asserts an objectôs 

location and orientation in space. The frame of reference can be relative to an agentôs 

viewpoint (egocentric) or another object (allocentric). Computationally, the structure uses 

scalar values and vectors in a three-dimensional Euclidean space to represent information 

with symbols labeling the objects. The processes that infer information from this 

structure use sentential, mathematical equations.  

Spatial imagery uses the representation for spatial reasoning and simulating 

motion through linear transformations (i.e. translating, rotating, and scaling) or laws of 

dynamics. The second example in Figure 2-1 represents the metric location, orientation, 

and size dimensions of the can and the box. Location is a combination of direction and 

distance from a fixed frame of reference. One may infer rough estimates of size and 

topology based on the general convex shape, or dimensions, of the objects. 

In contrast to symbols or quantitative spatial representations, both of which are 

sentential structures, space, including empty space, is inherent in the visual depictive 

representation (third row of Figure 2-1). The depiction is from a privileged viewpoint, 

and the spatial structure of the patterns resembles the objects in a perceived or imagined 

scene (Finke, 1989). Computationally, it is an image data structure where the processing 

uses either mathematical manipulations (e.g. filters, rotation, and scaling) or algorithms 

that take advantage of the topological structure and color of the representation (Funt, 

1976; Furnas, 1990; Furnas et al., 2000).  

Visual imagery uses the depictive representation for extracting an objectôs visual 

features (e.g. lines, curves, enclosed spaces, corners) or for spatial reasoning where non-

convex shapes are inherent to the problem. It also facilitates the identification and 

location of empty space between objects, exits between scenes, and topology between 

objects. Similar to spatial imagery, visual imagery can use the depictive representation to 

simulate physical processes. For example, visual imagery processing can simulate 

moving the can in Figure 2-1 to the right to determine where it falls off the box (Funt, 

1976). 
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Even though we only label the top structure in Figure 2-1 as a symbolic 

representation, each of the representations are symbols in the sense that each is a pattern 

denoting something where ñdenotation is a mapping of patterns onto their meaningsò 

(Simon, 1996). Although we typically think of symbols as linguistic patterns and 

reasoning as logic or mathematical equations, non-linguistic patterns, such as depictions, 

are also symbols, but the reasoning processes that infer information from it are not based 

on logic. In symbolic terms, the distinction between the representations is that some are 

pointer symbols (P-Symbols), such as what we call symbolic representations, and some 

are information symbols (I-Symbols), retinal input, for example, being an extreme case. 

Pointer symbols do not contain raw information, but rather serve as an abstraction of 

more detailed information. Information or perceptual symbols  (Barsalou, 1999), are 

carriers of information where the encoding pattern is primarily raw information such as in 

the depictive representation. Hybrids, such as the quantitative spatial representation, 

contain both P- and I-symbols.  

2.2 Functional and Computational Tradeoffs 

So why does a cognitive system use these three representations during thought 

processing? In short, each structure has functional and computational tradeoffs. From a 

functional perspective, there are tradeoffs between the representations that a specific task 

often highlights even when the environment remains constant. For example, given 

appropriate inference rules and the symbolic representation in Figure 2-1, one can infer 

that there is a yellow object (can) on a blue object (box). However, one cannot infer that 

the top of the can is a circle. One can infer visual properties from a symbolic 

representation only when the property is encoded explicitly as a symbol or when task 

knowledge supports the inference (e.g. if two lines intersect then there is a vertex). 

Consider another example from Ullman (1996). Figure 2-2 shows two enclosed 

regions. Assume that the region in Figure 2-2a is a quantitative spatial representation 

rather than the image shown for presentation purposes. That is, assume the region is a set 

of x, y points with indices specifying the connections, or line-segments, between the 

points. One way to determine if the dots in the figure lie inside or outside the enclosed 

region is to imagine a ray (again as a quantitative representation) from the point to 
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ñinfinityò and then count the number of intersections between the ray and the line-

segments making up the region. If the count is odd, then the point is inside the region; 

otherwise, it is outside the region.  

 
 

(a)  (b)  

Figure 2-2: Example of the Capability and Limitation of Representations 

 

Now consider the situation in Figure 2-2b where the environment is the same, but 

the task is to determine whether the two points lie in the same region. Using the same 

ray-based methodology will not provide the desired information as the number of 

intersections only tell you whether the point is in a region or not. It does not tell you what 

region (if there is more than one region). Rather than using rays to determine the region, 

assume now that the figure is a visual depictive representation (as presented). Start at one 

of the points and imagine ñcoloringò all the white area red until you reach a black 

boundary. If after coloring, red pixels surround the other point, then the two points are in 

the same region. Such a coloring or activation scheme is similar to the depictive 

algorithms we use in our architecture. In this example, the environment remains the same, 

but the task changes requiring a different representation to achieve the desired functional 

capability.  

From a computational perspective, the tradeoff is between scope (what it can 

represent) and processing cost (Newell, 1990; Simon, 1996) or alternatively, what 

Norman (2000) categorizes as discretion and assimilability. Symbolic representations are 

high in terms of discretion as they convey only the intended information required for 

general reasoning, nothing more or less. They purposefully leave certain aspects of the 

description indeterminate. The predicate description, ñon(can, box),ò is sufficient for 

general inferences used in logical reasoning. That is, you can assert very general 

statements such as ñif the can is on the box then grasp it.ò In terms of capacity alone, 

symbolic representations transmit much less information than visual depictions. The 
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symbolic representation in the right-hand column of Figure 2-1 is roughly 2
9
 (512) bits 

while the picture of the can on the box is 2
19 

(512K) bitsðthree orders of magnitude 

more.
 
Symbols may then provide a much more compact structure allowing us to retain 

context while reasoning and bring in details as required. 

Symbols can also represent uncertainty such as ñthe can is on the box or on the 

floor,ò and negation as in the statement ñif the can is not in the hand but is on the box or 

on the floor then grasp it.ò The quantitative spatial and visual depictive representations 

have to commit to a particular configuration and so cannot convey these general 

statements. Over specification is a disadvantage for perceptual representations as any 

learning may apply only to the particular situation. It is difficult to generalize and transfer 

to other tasks. A simple example illustrates this point. Assume an agent learns by 

imagining an óAô that does not have any curves. Now it can assert that the particular óAô 

it imagines does not have a curve, but it cannot assert that all óAôsô do not have curves 

(e.g. consider a cursive letter, A ). 

At the other extreme, depictive representations are low in terms of discretion (i.e. 

they provide many details), but for visual and spatial properties are computationally 

easier to assimilate. For example, from the picture in Figure 2-1, information such as the 

top of the can looks like a circle and covers about an eighth of the box is directly 

accessible. What we lose in representational scope, or expressiveness, we often gain in 

fewer processing cycles as we can exploit the space and color in the image to infer the 

visual and spatial properties. 

In terms of discretion and assimilation, the quantitative spatial representation falls 

in between the symbolic and depictive representations. It provides more details than the 

symbolic representation (i.e. direction, distance, orientation, size, and general topology) 

but less information (i.e. specific shape and color) than the depictive structure. A strip 

map of the New York City subway system is a good example. It leaves out the details of 

every turn and provides you with the general topological structure, direction, and distance 

information. In the middle, quantitative spatial example from Figure 2-1, you can infer 

the direction and distance between the center of the can and the center of the box, the 

location where the bottom of the can touches the box, and the relative size between the 
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two objects. The depiction also provides this information but at the cost of requiring 

greater capacity.  

There are two other computational reasons why the quantitative spatial 

representation is useful. First, there are some general spatial reasoning tasks where 

reverting from symbolic to metric information is necessary to infer new information 

(Edwards & Moulin, 1998; Forbus, Tomai, & Usher, 2003; Mukerjee, 1998). Forbus, 

Neilsen, and Faltings (1991) coin this lack of a general, purely qualitative representation 

of spatial properties as the poverty conjecture. Second, Marr (1982) stresses that bottom-

up visual processing uses incremental, increasingly abstract levels of representations.  

This rationale is also pertinent to imagery but in the ñoppositeò direction. Visual imagery 

cannot generate a depictive representation directly from qualitative symbols without first 

specifying metric properties, such as the location, orientation, and size of objects as the 

generation process requires this information to project the shapes to a depiction. 

The power of imagery processing emerges from the ability to combine the 

symbolic, quantitative, and depictive representations, taking advantage of the 

representation that provides a computational advantage or a specific functional capability. 

The support for this ability in a general, cognitive architecture is a major contribution of 

this research. One of the difficulties, however, is deciding when to use the appropriate 

representation. Although we provide hints throughout this thesis of where each 

representation is useful, we do not offer a conclusive theory. Therefore, our theory states 

that an agent, through procedural knowledge, decides which representation to use based 

on its current state and its estimate of the total cost of using the representation (to include 

transforming to that representation, using it, and then transforming back) is less than an 

alternative. 

One of the main criticisms of theories advocating the use of multiple 

representations is exactly this issue. As Simon (1996) articulates:  

 

"Transformation from one symbolic representation to another, in order to find one 

that is computationally efficient in dealing with a particular class of problems, is 

an essential, and little understood process in much problem solving."  
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The mental imagery debate highlights this criticism, so we will look at the issue from this 

perspective and articulate our reasons for incorporating both spatial and visual 

representations into the resulting architecture. 

2.3 Mental Imagery Debate 

Although to the casual observer the mental imagery debate may seem ludicrous (of 

course we have ñmental imagesò), it is actually quite complicated once one investigates 

the details. Few deny that when we engage in imagery we seem to be forming pictures in 

our heads. The question is, are we really? 

Philosophy and psychology have a long history of mental imagery theories (Tye, 

1991). Past theories have cast the role of mental imagery in thought processing at both 

ends of a spectrum. At one end, philosophers such as Aristotle, Descartes, and Hobbes, 

advocated visualization as the focal point of thought. They believed mental images were 

models of the external world. Introspection, or the process of explaining your internal 

thought processes, was the dominant method in the formulation of these ideas. In the 

early twentieth century the behaviorist movement, led by Watson (1913), rejected 

introspection as a valid methodology, arguing that imagery is simply a dramatization of 

what is actually occurring in a personôs mind. He concluded that introspection is not 

evidence of mental structures and processes.  

As cognitive psychology emerged in the 1960s, some began to argue that there 

must be mental representations used in imagery to explain the results of so many 

experiments. Hebb (1968) asserted that descriptions of someoneôs imagery experience is 

not necessarily introspection. As an example, he used the case of amputees, who after 

removal of an extremity, report pain and sensation in their ñphantom limb.ò This 

reporting of sensation is not introspection, he argued, but an imagined experience where 

the perception originates in a higher brain process rather than from the extremity. Hebb 

described imagery as the activation of cell-assemblies previously formed during 

perception. According to Hebb, vivid imagery is the activation of the lower order cell 

assemblies while higher order cell assemblies are the basis for ñless specificò imagery. 

The separation between vivid and ñless specificò imagery is analogous to our theory of 

visual depictive and quantitative spatial representations. 
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This change in attitude concerning the relevancy of reported imagery experiences 

coupled with behavioral experiments that were more scientific, solidified imageryôs role 

in cognition. The major question that remains, and what psychologists and neuroscientists 

have debated for over three decades is the representation of these internal images. The 

debate focuses primarily on visual imagery although the discussion of spatial imagery has 

recently emerged as the theorists refine their theories. Kosslyn is the protagonist for the 

depictive theorists who embrace the notion that visual images are quasi-pictorial, have an 

inherent underlying spatio-analogical representation, and share similar mechanisms with 

vision (Kosslyn, 1980; Kosslyn, Thompson, & Ganis, 2006). At the other end of the 

representational spectrum, there are those, such as Pylyshyn (1973; Pylyshyn, 2002), who 

argue that there has not been enough evidence to reject what he calls the ñnull 

hypothesis.ò That is, visual imagery uses the same propositional (i.e. symbolic) 

representations and processes as general, higher-level reasoning. The only difference, he 

contends, is that the content includes visual and spatial information such as shape, color, 

direction, and distance. Throughout the debate, cognitive scientists such as Anderson 

(1978) also raise the key point that a representation is dependent on the computational 

processing. Any theory must articulate how the representation facilitates the processing 

and what the tradeoffs are in terms of functional capability and computational efficiency.  

The modern debate began after Shepard and Metzler (1971) published their 

seminal work on mental rotations.  Their experiments showed subjects pairs of three-

dimensional, non-standard objects and asked them to determine if the objects were the 

same shape (Figure 2-3). Some pairs were identical but with one of the objects rotated at 

a different angle than another. Other pairs were mirrored reflections of one another so 

could not be matched by rotating. Af ter being shown a pair of objects, subjects responded 

as to whether they thought the objects were the same. Shepard and Metzler found that 

response times were linear with the rotation angle. Furthermore, the subjectôs post-

experiment reports claimed that in order to make the comparison they had to ñmentally 

rotateò one of the objects. These two pieces of evidence lead Shepard and Metzler to 

hypothesize that there is some sort of an imagined mental rotation process in three-

dimensional space. Some psychologists began describing the phenomena using a 
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ñpictureò metaphor to describe the representation and a ñmindôs eyeò as the process that 

ñlooks atò the ñpictureò to infer information. 

 

Figure 2-3: Examples Shepard and Metzler Used to Show ñMental Rotationò 

 

Leveraging Newell and Simonôs (1972) ideas that human problem solving uses 

symbolic computations,  Pylyshyn, wrote a strong argument against the ñpictureò 

metaphor for mental imagery. He suggested that imagery, like other thought processes, is 

amodal and symbolic. In the same vein as Watson (1913), he questioned experiments 

relying on introspection stating that the images in our head are epiphenomenal.  He also 

questioned the notion of a ñmindôs eyeò arguing that it is really a question of infinite 

regress. That is, if there is a ñmindôs eyeò then does that imply there is a ñbrainò for the 

ñmindôs eye?ò 

Kosslyn and Pomerantz (1977) countered Pylyshynôs arguments using empirical 

evidence and theoretical comparisons between their depictive account of visual imagery 

and a propositional account.  For example, in one of the experiments subjects were 

presented with a map of a fictional island and seven objects (lake, well, beach, etc.) 

located at various places on a map (Figure 2-4). They asked subjects to study the map, 

close their eyes, mentally picture it, and compare their visual image with the map. Once 

the subject had the map adequately memorized, they were instructed to close their eyes 

and imagine one of the locations (e.g. ñwellò). Kosslyn and Pomerantz then named 

another object (e.g. ñtreeò), and the subjects were instructed to ñscanò to the named 

object. Kosslyn and Pomerantz measured response times and found that the time to scan 

between pairs of objects was linear with respect to the distance between objects. They 

concluded that a visual image preserves distance and space. Symbolic accounts, Kosslyn 

and Pomerantz argued, cannot adequately explain these findings. 

Later, Kosslyn shifted the basis of his argument for depictive representations from 

behavioral experiments to neuroimaging evidence (Kosslyn, 1994; Kosslyn, Thompson, 
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& Ganis, 2006).  In monkeys it is known that the primary visual cortex
2
 (Figure 2-5) 

roughly preserves the spatial structure of the image on the retina (Tootell et al., 1982).  

That is, space on the cortex represents space in the world. Kosslyn and others asserted 

that if the visual cortex shows similar activation patterns during visual perception and 

visual imagery, then there is a strong indication that visual imagery, similar to vision, is 

using the topographically mapped or depictive, areas of the brain. 

 

Figure 2-4: Fictional Island Map  

 

 

Figure 2-5: Visual Cortex 

 

The typical methodology used during these neuroimaging experiments consisted 

of two groups of subjects. One group would perform a task using vision, and the second 

group would perform the same task using imagery. During evaluation, response times and 

brain activity was measured using positron emission tomography (PET) or functional 

magnetic resonance imaging (fMRI).
3
 For example, Kosslyn et al. (1993) had subjects 

either view (vision group) or imagine (imagery group) a letter in a grid (Figure 2-6). An 

óxô then appeared on the grid and subjects had to indicate (by pushing a button) whether 

                                                 

2
Also known as the striate cortex, V1, or Brodmann area 17. It is the first area of the brain to receive 

information from the retina. 
3
Positron Emission Tomography (PET) and functional magnetic resonance imaging (fMRI) are medical 

imaging techniques used to measure neural activity in the brain. 
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the óxô fell on or off the letter. They also had a baseline group (sensory/motor group) who 

simply pushed a button when the óxô disappeared from the grid to rule out any activation 

effects caused by sensing and responding. The results showed greater activation of visual 

cortex during the visual imagery task than during the visual perception task. They also 

found more activation in other brain areas
4
 indicating that there were additional 

mechanisms involved in generating the image. 

 

Figure 2-6: X On/Off Letter E xperiment.  

Subjects either saw a letter in a grid (visual perception task), visualized the letter in the grid 

(imagery task), or waited for the óXô mark to be removed (sensory/motor task).   

 

During this time Pylyshyn (Pylyshyn, 1981, 2002) was also active in the debate 

asserting that tacit knowledge and not architectural constraints (in the sense of another 

representation) explained depictive theorists behavioral experiments. For example, he 

argued that the reason response times for scanning between various imagined objects on 

the island map were linear with respect to distance was not because the imagery medium 

uses space to represent, but rather because the participants were instructed to ñscanò 

between pairs of objects. To test his theory, Pylyshyn ran a similar ñisland mapò 

experiment. First, he instructed subjects to memorize a map and refer to their mental 

image of the map. Next, they were instructed to close their eyes and imagine one of the 

locations. Pylyshyn then named another object on the map and instructed the subjects to 

determine the compass direction (NE, N, NW, W, SW, S, SW, and E) from the second 

object to the first object. The task instructions did not provide an indication as to how the 

subjects were to determine the direction (i.e. there was no instructions to ñscanò). 

                                                 

4
Specifically Broadmann area 44, 45, and 46. Area 46 is functionally part of a group known as the 

dorsolateral prefrontal cortex (DLPFC) and hypothesized to be responsible for executive functions. 
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Pylyshynôs results showed no correlation between response time and distance between 

the objects.  

Pylyshyn argued that if the task demands (i.e. ñscanò) alter the behavioral pattern 

(in this case the response time), then knowledge explains the results, not the underlying 

architecture. He calls this phenomena cognitive penetrability. When we are told to ñscanò 

our image, he argued, it takes a certain amount of time until we arrive at the next object 

because knowledge of how long it takes to scan a specified distance controls, or mentally 

simulates, our scan rate. The intrinsic properties of the architecture are not involved, only 

knowledge.   

Furthermore, Pylyshyn claimed that there was not enough evidence to show 

conclusively that a humanôs visual cortex is a topographically mapped representation 

during imagery. He claimed that most imagery studies only showed activation in the 

latter posterior cortex areas (such as the parietal cortex and inferior temporal lobe) rather 

than in the visual cortex. He claimed that for the few imagery studies showing activation 

on the visual cortex, none presented conclusive evidence of a topographically mapping. 

Although Pylyshyn conceded that reasoning using imagery is different from logical 

reasoning, he concluded that ñspatial displaysò (i.e. visual depictive representations) are 

inadequate for the representation of knowledge. 

2.4 Discussion 

Figure 2-7 summarizes the positions between the two camps. As the last column 

indicates, the theorists explain the experimental results as being either architectural 

mechanisms or knowledge. In order to design a general, computational system 

incorporating imagery capabilities, one must make a commitment as to whether imagery 

processing requires specific architectural mechanisms or can be realized with general, 

symbolic computations and knowledge. Again, our hypothesis is that spatial and visual 

imagery use at least three distinct architectural representations. We back this assertion 

with the following arguments and with our evaluation in Chapter 7.  
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Imagery 
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Figure 2-7: Summary of Mental Imagery Debate 

 

First, Kosslyn and others propose a cohesive and consistent theory. Propositional 

theorists do not offer any compelling, competing theories to embrace their viewpoint and 

cannot always explain the major phenomena (e.g. rotation) without resorting to ad hoc 

arguments. Even they agree that some of their theories require excessive computations 

(Pylyshyn, 2002).  Even though the propositional theorists disagree with the neurological 

evidence, they do not provide alternative explanations as to why the visual cortex is 

activated during some imagery experiments. If visual imagery is truly using only higher, 

amodal symbols, then why is there any activity in the visual cortex? 

Second, we agree with Pylyshynôs argument that tacit knowledge explains some 

imagery results as behavior emerges from a combination of the environment, knowledge, 

and the architecture. However, we disagree that this explanation implicates propositions 

as the exclusive structure for imagery processing. In addition to the ñisland mapò 

experiment, there have been many other behavioral experiments providing evidence that 

visual imagery representations use space. These experiments include image 

transformations, image size, and visual angle (Kosslyn, 1980). As further evidence 

neuropsychologists, such as Farah, Soso, and Dasheiff (1992) have shown that there is a 

visual field of view in both perception and imagery when, for medical reasons, they had 

to remove a patientôs occipital lobe from one cerebral hemisphere. After removal, they 

found that the horizontal visual angle was reduced in half for both perception and visual 

imagery. However, the vertical visual angle remained intact. Tacit knowledge alone 

cannot explain this result.  
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Third, one of the shortcomings in the mental imagery debate, and possibly a cause 

of confusion in the interpretation of whether knowledge, architecture, or a combination 

explains an experimental result, is that the focus of the theoristsô arguments is on visual 

imagery. Spatial imagery receives less attention yet there appears to be distinct brain 

structures, such as the parietal cortex, that are active during such tasks (Mellet et al., 

2000). As Grush (2004) articulates, a reason for the confusion is that spatial imagery does 

not fit either the propositional or depictive metaphors. As with propositions, spatial 

imagery representations are sentential and consist of objects with properties such as 

direction, distance, size, and motion. However, transformations between states does not 

follow logic or entailment but rather mathematical (e.g. translation, rotation, scaling) or 

dynamic (e.g. force, torque) manipulations. On the other hand, it is not a depiction either, 

such as an image or topographically organized visual cortex. The distinction between the 

two representations is difficult to appreciate because one can reinterpret the spatial 

representation into a depictive format. For example, a line can be represented in its 

algebraic, sentential format (y = x) or a depictive format (Figure 2-8).  

 

 

Figure 2-8: The Depictive Format of the Line, y=x 

 

We argue that the difference in the results between Pylyshynôs and Kosslynôs 

island map experiments are attributed to the type of imagery task (spatial versus visual). 

Pylyshynôs version of the island map experiment is clearly a spatial reasoning task as the 

subjects were to determine the absolute, cardinal direction between two objects. Our 

theory offers the following explanation. As the subjects were memorizing the map, they 

encoded the qualitative directions between the pairs of objects (e.g., the well is left-of the 

tree, see Figure 2-4) and used this information to infer the cardinal direction. Note that 

encoding these local spatial relationships facilitates rebuilding a depictive representation, 

but it is not required to complete this task. 

In Kosslynôs version of the experiment, the task was to ñscanò between the two 

objects. Therefore, even if the subjects had tacit knowledge that it takes longer to scan 
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between objects further apart, the subjects have to account for the distance between the 

objects. As it is unclear whether this is a spatial and/or visual task (individual preferences 

may be a factor in this determination), our theory offers two explanations. Either the 

subject, using a previously encoded or measured distance, builds a quantitative spatial 

representation and ñsimulatesò scanning between the two objects, or the subject generates 

a depictive representation and scans between the two objects by imagining a ñpath.ò In 

either case, perceptual-based representations and processes are in use. 

Our final thoughts are that depictive theorists, such as Kosslyn, have not denied 

that there are symbolic computations involved in imagery processing. On the contrary, he 

specifies how symbolic, associative memories are required to build or generate an image. 

Past research with Soar has focused almost exclusively on symbolic computations. 

However, as Newell (1990) stated in Unified Theory of Cognition, imagery may be a 

component with a different representation existing outside of central cognition. We have 

pushed Soar to its limits using symbolic computations. With mental imagery as our 

motivation, it is time to explore others.  
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Chapter 3  

 

 

Design Space Constraints and Theory 

 

 

 

As discussed in the previous chapter, the use of multiple representations is a core 

constraint of our theory. In this chapter, we discuss the remaining core constraints 

influencing the architectural design space. Our theoretical commitments closely follow 

the evidence provided by the depictive imagery theorists, specifically Kosslyn (1980; 

Kosslyn, 1994; Kosslyn, Thompson, & Ganis, 2006).  

Figure 3-1 categorizes our design space constraints into three areas: 

behavioral/biological, functional, and computational. We derive behavioral and 

biological constraints from a literature review of the theory and mental imagery 

experiments measuring behavioral or neural responses through neuroimaging techniques 

(i.e. PET, fMRI). Appendix A summarizes the notable experiments influencing our 

theory. Functional constraints emerge from the behavioral and biological constraints so 

there is some overlap. As we are extending the Soar cognitive architecture (Laird, 2008), 

we derive the last three computational constraints from Soarôs computational model 

(Newell, 1990). The integration of the functional constraints with a cognitive architecture 

and the computational support for efficient processing of the representations are the 

major contributions of this research.  
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Behavioral/ Biological Functional Computational 

¶ Integrate and use multiple 
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vision  

¶  Organize by parts 
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¶  Inspection / ñVisualizeò 
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visual depictive structures 
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¶  Transformation 

¶  Generation 

¶  Inspection 
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¶  Efficient processing of 

the representation  

¶  Clear separation of 

knowledge and 

architecture  

¶  Support reactive and 

deliberate behavior 

¶  Problem space 

computational model 
Figure 3-1: Design Space Constraints 

3.1 Behavioral and Biological Constraints 

There are many studies showing that vision and imagery share similar characteristics to 

include visual and spatial structure, resolution limits, field of view, laws of motion 

dynamics, motion aftereffects, short-term and long-term memories, and interference 

patterns (Farah, Soso, & Dasheiff, 1992; Finke, 1989; Gilden, Blake, & Hurst, 1995; 

Kosslyn, 1980; Palmer, 1999; Peronnet, Farah, & Gonon, 1988). Finke (1989) calls this 

the perceptual equivalence principle.  

 

ñImagery is functionally equivalent to perception to the extent that similar 

mechanisms in the visual system are activated when objects or events are 

imagined as when the same objects or events are actually perceived.ò 

 

The primary difference between vision and imagery is the source of information 

(i.e. retinal input versus memory activation) and the initiation of the processing (i.e. top-

down versus bottom-up).
5
 Imagery may build spatial and visual representations entirely 

from the combination of activated object and spatial memories or by augmenting a 

perceived scene with objects and their spatial configurations from these memories. Thus, 

the interpretation of an imagined representation can occur in the presence or absence of 

perceived stimulus. This design space constraint requires that spatial and visual imagery 

share components associated with vision rather than having their own, separate 

mechanisms. 

                                                 

5
 However, most present theories of visual perception include substantial, ñtop-downò processing that 

employs knowledge about objects to facilitate segmentation, recognition, and classification. Spatial and 

visual imagery are considered part of this top-down processing. 
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Neurological evidence shows imageryôs integration with vision begins at the 

visual cortex. The visual cortex is the region of the occipital lobe (Figure 3-2a) that 

processes visual information received directly from the lateral geniculate nucleus (LGN). 

The LGN, in turn, receives information from the retina. From a biological perspective, 

the visual cortex is the ñlowestò area of the brain where imagery experiments have shown 

activation. From a functional perspective, this area is associated with the visual depictive 

representation.  

 

  

(a) Human brain lobes (b) Ventral (ñwhatò) and dorsal (ñwhereò) 

pathways 
Figure 3-2: Shared Biological Mechanisms between Imagery and Vision 

 

Two pathways emanate from the visual cortex (Ungerleider & Mishkin, 1982). 

The ventral, or ñwhatò pathway, extends from the visual cortex to the inferior temporal 

lobe while the dorsal, or ñwhereò pathway, runs from the visual cortex to the posterior 

parietal lobe (Figure 3-2b). The ventral pathway includes processes that extract an 

objectôs visual features and attempt to recognize the object by matching the features to an 

object in a long-term memory (Kosslyn, 1994; Palmer, 1999; Ullman, 1996). This long-

term object memory, assumed to be in the inferior temporal lobe, encodes the shape and 

color of objects. Some researchers advocate a 3D model (Finke, 1989; Marr, 1982; 

Pinker, 1988). Others suggest a population code (Kosslyn, Thompson, & Ganis, 2006). 

We are non-committal in this regard, as it remains unclear from our research how 

information in this memory is encoded.  

What is clear is that the system is able to reacquire shape and color. The shape 

may be a prototypical representation of the object (e.g. a prototypical chair), or in some 

cases, where one is exposed to the object through multiple repetitions, a very specific 
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shape that represents the exact object (e.g. the chair in my dining room) (Weaver, 1993). 

Although the shape and color representation in this memory is unique, our theory does 

not address it as a separate representation as it is not directly used in reasoning (i.e. there 

are no processes that directly manipulate it). Rather, the representation is instantiated 

during imagery to support constructing the quantitative spatial or generating the visual 

depictive structure. 

As the processes along the ventral pathway are extracting visual object features, 

the dorsal pathway processes are extracting spatial properties from the visual cortex, such 

as an objectôs location, orientation and size, and transmitting this information to a short-

term spatial memory in the parietal lobe (Kosslyn, 1994; Palmer, 1999). This short-term 

spatial memory is associated with quantitative spatial representation. During perception, 

it is an egocentric representation (i.e. relative to the head direction), and during imagery, 

the representation can be either from an egocentric or allocentric viewpoint. Long-term 

memory for spatial representations are encoded as allocentric representations in the 

medial temporal lobe (Byrne, Becker, & Burgess, 2007). 

One of the problems with the ñwhatò and ñwhereò analogy is that there appears to 

be little understanding on how perceived objects are reconciled between the two 

pathways. That is, how do ventral path processes associate objects they are recognizing 

with objects from which the dorsal path processes are deriving spatial properties? 

Pylyshyn (2001) offers some insight here. In addition to a set of ñwhatò and ñwhereò 

processes, there seems to be a ñwhichò process responsible for indexing and tracking 

objects in the perceived scene even though their location and properties change. Pylyshyn 

calls his theory, visual indexing. As an analogy he compares it to a demonstrative in 

natural language, such as ñThat is red,ò where ñthatò is the visual index we picked out 

from our visual field.  

In Pylyshynôs theory, there is a preprocessing phase where a process selects and 

indexes a few objects (4-5) in the scene. This phase is distinct and precedes object and 

spatial recognition. How the preprocessing selects the salient objects is beyond the scope 

of Pylyshynôs theory, but Itti (2000), Marr (1982), and Ullman (1996) suggest that 

contour, color, motion, and orientation patterns from the depictive representation 

contribute to the determination of salient objects. Pylyshn states that only indexed visual 
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objects enter subsequent processing and argues that such an indexing scheme facilitates 

recognition and tracking the objects. This ñbindingò issue also has ramifications for 

imagery. That is, in order to inspect the features of a specific object or a spatial 

relationship between two objects there has to be an index, or referent, to the object(s) in 

question.  

Once we have adequately understood the visual and spatial memories and 

processes perception uses, we can begin to understand how imagery leverages these 

mechanisms. A commonly demonstrated phenomenon in behavioral imagery experiments 

is that the time to generate an image is linearly dependent on the number of parts, or 

objects, in the representation. The construction of mental images arises from the 

amalgamation of metric shape and descriptive, symbolic knowledge. The ease of 

visualizing an object is dependent on the number of parts composing the object and how 

the parts are arranged in the symbolic description (Finke, 1989; Kosslyn, 1980, 1994; 

Kosslyn et al., 1983; Kosslyn, Thompson, & Ganis, 2006). 

Another common behavioral phenomena, made famous by Shepardôs and 

Metzlerôs (1971) ñmental rotationò experiment, is the ability to imagine the 

transformation of objects in a scene.  One can change either their viewpoint from 

egocentric to allocentric or translate, rotate, or resize imagined objects. Finke (1989) calls 

this the transformational equivalence principle.  

 

ñImagined transformations and physical transformations exhibit 

corresponding dynamic characteristics and are governed by the same laws 

of motion.ò  

3.2 Functional Constraints 

The functional constraints emerge from the behavioral constraints. The architecture must 

account for how imagery processing constructs, transforms, generates, inspects, and 

maintains the spatial and visual representations. These functional constraints must show 

through the architecture in the following ways. First, the descriptive representations of 

the objects, or parts, must be organized in a compositional manner. Objects may be 

composed of other objects (ñhas-aò relationship), which in turn may be composed of 

more primitive objects. For example, a village is composed of buildings and roads. 
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Buildings in turn are composed of many rooms, which are composed of chairs, tables, 

beds, etc. Local spatial relationships between objects and their parts, such as the chairôs 

arm is above and to the right of the seat, are similarly organized. This organization occurs 

when the information is stored during perception rather than when it is retrieved from 

memory and is a result of the temporal or spatial sequence from which it was originally 

perceived in the environment (Kaplan & Kaplan, 1982). 

Second, imagery is an incremental addition or deletion of objects or shapes. It 

may involve a novel combination of objects (e.g. an elephant on top of a house), a 

previously seen object or scene (e.g. my living room), or novel patterns (e.g. imagining a 

path on a map) (Kosslyn, 1994). Object information, such as its shape and color originate 

from the long-term object memory. Spatial properties, specifying the location and 

orientation between objects, are activated from a declarative long-term memory and can 

be qualitative (i.e. left-of, above, disconnected) or quantitative. If in a qualitative format, 

the system must interpret the qualitative representation and convert it to a quantitative 

representation. In such cases the specification may be under constrained (e.g. imagine 

ñAò to the left of ñBò) and open to multiple interpretations. In these cases, task 

knowledge or default heuristics, such as the notion of an influence area (Kettani & 

Moulin, 1999) can define the distance between objects. 

The third way the architecture must reflect these functional constraints is to 

support the transformation, or manipulation, of a quantitative spatial or visual depictive 

representation. The quantitative spatial representation and associated processes must 

provide the ability to modify the viewpoint or change the location, orientation, or size of 

one or more objects in the scene. Manipulating visual depictive representations may be 

with mathematical processing (e.g. rotation, scaling, and filters) or algorithms that take 

explicit advantage of the topological structure and color.  

The fourth functional constraint, generation of a visual depictive representation, 

requires the architecture to provide mechanisms to render a scene from a privileged 

viewpoint. Again, rendering must be efficient and support the acquisition of an image. In 

Chapter 6 we will discuss how the transformation and generation constraints together 

influence our choice to use a scene graph for the quantitative spatial representation. 
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The ability to ñvisualize,ò or inspect, a quantitative spatial or visual depictive 

representation to infer spatial or visual properties reflects the primary purpose for spatial 

and visual imagery. Imagery does not have its own set of inspectors, or feature and 

spatial detectors. It simply relies on those mechanisms it shares with vision. Therefore, 

after the system constructs and, if necessary, transforms and generates the image, the 

flow of information proceeds as in bottom-up perception. 

Finally, since visual imagery and visual perception coexist, sharing the same 

region of the visual cortex, the architecture must support maintenance of the visual 

depictive representation. Our resulting architecture does not support image maintenance 

in the sense that the visual depictive representation must continually be ñrefreshedò or it 

begins to fade (Kosslyn, Thompson, & Ganis, 2006). However, we do include 

architectural mechanisms that inhibit additional incoming stimuli from disrupting the 

focused representation. Otherwise, perception always trumps imagery, never allowing it 

to finish. 

3.3 Computational Constraints  

A cognitive architecture is the fixed set of memories and processes underlying an agent 

(Newell, 1990). The motivation behind a cognitive architecture is that with the addition 

of knowledge, it can support intelligent behavior across a wide variety of tasks and 

environments. The architecture must support knowledge acquisition through perception 

and learning and provide mechanisms to encode, store, retrieve, and process the 

knowledge to enable planning, coordinating, and executing actions in the world. 

Cognitive architectures have traditionally represented knowledge as symbolic 

(e.g., rules, semantic nets, frames) structures. Perceptual-based representations have 

received less attention as a form of knowledge representation. One of our motivations, 

reflected by our first two computational constraints (Figure 3-1), is the possibility that an 

agent can achieve a computational gain using perceptual-based representations while 

maintaining clear separation between knowledge and the architecture.
6
 As we will 

                                                 

6
 In a depictive representation, some of the ñknowledge" is tacitly in the architecture -- the grid geometry 

embeds knowledge of the plane that would have to be explicitly encoded in a purely symbolic system. That 

is one of the strengths of the depictive representation. 
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demonstrate through our architecture description and evaluation, specialized, 

architectural components processing these representations can achieve an order of 

magnitude (or more) gain over symbolic processing without trading off generality. 

Supporting reactive and deliberate behavior, our third computational constraint, 

is a hallmark of Soar and one that we wish to maintain with the addition of spatial and 

visual imagery. That is, the computations that the imagery subsystem performs must meet 

practical computational requirements. The computational cost of a single ñstepò of 

building, transforming, generating, or inspecting a spatial or visual representation should 

work within the time constraints of one Soar decision cycle that is hypothesized to be 50 

milliseconds in humans. Otherwise, the system is not responsive to changes in the 

environment. Note that this constraint is different from the first computational constraint 

(support efficient processing of the representation). A specialized perceptual process 

could be more efficient relative to performing the same operation with symbolic 

computations, but not responsive. For example, one of our implemented feature detectors 

for identifying curves in a depictive image is much more efficient than trying to detect 

curves using symbolic computations (in fact, we are not sure if it is even possible). 

However, it requires too many computational cycles (~6 seconds real CPU time) to be 

considered reactive to the environment. This shortfall may be a result of the wrong choice 

of an algorithm, poor implementation, or non-parallel hardware, but as it is currently 

implemented, it is not reactive and thus violates this constraint.  

The final computational constraint (Figure 3-1), the problem space computational 

model (PSCM), provides the control constraint necessary for imagery processing. PSCM 

is a paradigm for realizing intelligent behavior and is the basis for Soar (Newell et al., 

1991).  A problem space consists of a set of states and a set of operators. An agent, by 

iteratively selecting and applying operators, effectively conducts a search through its 

problem space. During each cycle, the agent executes a knowledge search to bring all the 

relevant knowledge to bear in deciding what operator to choose next. 

In this computational model, imagery is a special problem space using specialized 

mechanisms for general spatial and visual processing. The architecture maintains control 
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with operators for constructing, transforming, generating, and inspecting a quantitative 

spatial or visual depictive representation. During each imagery cycle, the agent conducts 

a knowledge search of its memories to build a quantitative spatial representation, 

generate a visual depictive representation, or transform or inspect either representation to 

facilitate further reasoning. The imagery process is conditional and iterative. The agent 

may add more detail to its representation(s) and inspect it to refine the search. 

3.4 Theory Summary 

Figure 3-3 summarizes the theory. What Newell describes as central cognition 

encodes knowledge in the form of amodal, symbolic representations (Newell, 1990).  

Some of the knowledge is a representation of objects in the world or visual objects. 

During perception or memory retrieval, the architecture creates visual symbols 

representing these visual objects. The visual symbols denote either a prototypical object 

(e.g. a chair), a specific instance of an object (e.g. the chair in my dining room), or 

multiple objects (e.g. my dining room).  

Imagery is the combination of the imagery problem space and the specialized 

imagery subsystem. The agent initiates the imagery problem space when there is an 

impasse in problem solving and wants to resolve the impasse using spatial or visual 

imagery. Task operators direct the imagery problem space that in turn controls and 

communicates with the imagery subsystem through its operators (construct, transform, 

generate, inspect).  

The construct operator triggers the construction of a quantitative spatial 

representation. The imagery subsystem builds the structure by combining the general, 

metric shape of objects from a long-term object memory with qualitative or quantitative 

spatial information from a symbolic memory and encodes the resulting representation in a 

spatial short-term memory (STM). The transform operator controls the transformation of 

the spatial representation by manipulating its viewpoint or specific objects within it. An 

imagery generate operator creates a visual depictive representation in a visual STM by 

combining the quantitative spatial representation with each objectôs specific shape and 

color from the object LTM and renders it from a specified viewpoint. A transform 

operator manipulates the depictive representation by activating specific regions. During 



 

 33 

inspection, perceptual visual and spatial processes perform reasoning by searching the 

visual STM or spatial STM for visual and/or spatial properties. The results of the 

inspection are transmitted to central cognition where the imagery problem space 

operators build the internal symbolic memories. Central cognition uses the inspection 

results to continue progress through the current taskôs problem space.   

 

 

Figure 3-3: Summary of Spatial and Visual Imagery Theory 

 

Note that although we have assigned the symbolic representation to central 

cognitionôs associative memories, the quantitative spatial representation to the spatial 

STM, and the visual depictive representation to the visual STM, this is not to claim that 

each memory contains that type of representation exclusively. Symbolic memories in 

central cognition may have quantitative representations; the spatial and visual memories 

may contain symbols, and so forth. What we do claim, however, is that each memory has 

specialized processing mechanisms for their primary representation, and these 

mechanisms are what distinguishes the memories. Therefore, although a symbolic 

computation in central cognition may be able to process a quantitative or depictive 

representation, it cannot do so as efficiently. Although it is not an established part of our 
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theory or resulting architecture, what it does indicate is that there is some redundancy so 

if one component is resource-constrained or incapacitated, alternate memories and 

processes can assist. 

In summary, decision-making proceeds by combining perceptual representations 

with task specific knowledge to construct an imagined scene. Analysis emerges through 

the manipulation of both sentential and depictive representations. Retrieval or inspection 

of the resulting representations provides new information that the agent uses to reason 

and produce action in the environment. We will reiterate how these design space 

constraints influence the architectural design in Chapter 6. First, however, we turn to 

describe previous computational approaches. 
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Chapter 4 

 

 

Related Work 

 

 

 

4.1 Cognitive Architectures 

Although cognitive science and artificial intelligence (AI) researchers have made 

enormous progress in peripheral disciplines, there has not been a previous effort to 

support spatial and visual imagery processing within a cognitive architecture. Until 

recently, architectures such as Soar (Laird, 2008) and ACT-R (Anderson et al., 2004) 

focused on higher-level cognition, or what Newell calls central cognition (Newell, 1990) 

and typically ignored perceptual and motor mechanisms.  There is strong evidence, 

however, that the environment plays a key role in cognitive processing and the perceptual 

and motor systems serve as the link that integrates the environment to higher-level 

cognition (Barsalou, 1999; Kaplan & Kaplan, 1982) .  

From its inception, the EPIC architecture (Kieras & Meyer, 1997) emphasized the 

perceptual and motor systems. However, rather than specifying and implementing the 

low-level details of perception and motor processing, (e.g. edge detection, joint 

coordinates), EPIC focuses on temporal constraints between perception, motor, and 

cognitive components to account for human dual-task performance. Perception provides 

symbolic input to cognition and cognition sends symbolic output to the motor system. 

There are no quantitative or depictive representations involved in the reasoning. 
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Following EPICôs lead, Soar and ACT-R extended their architecture to include 

integrated perceptual and motor systems. EPIC-Soar (Chong & Laird, 1997) integrated 

EPICôs perceptual and motor processor modules with Soar to evaluate the performance 

and acquisition of executive process knowledge that is required to support the execution 

of two concurrent tasks (i.e. dual-task). The architecture was similar to our approach in 

the sense that EPIC provided perceptual input to Soar, and Soar sent motor commands to 

EPIC. However, the EPIC-Soar hybrid architecture was two independent processes and 

not integrated where one component can take advantage of anotherôs mechanisms. 

The current version of Soar takes a more functional approach, using an external 

module that translates an environmentôs perceptual information into a symbolic 

representation Soar can use for reasoning. Likewise, a module external to Soar, 

transforms the symbols Soar sends from its working memory into a format that produces 

behavior in the environment. Using these perception and motor modules, Soar has 

demonstrated success in modeling human behavior in dynamic environments to include 

military simulations with pilots flying fixed-wing or rotary-wing aircraft and soldiers 

conducting Military Operations on Urban Terrain (MOUT) (Jones et al., 1999; Tambe et 

al., 1995; Wray et al., 2005). Again, however, these modules do not perform any type of 

cognitive functions. 

Similar to EPIC, ACT-Rôs perception and motor modules focus more on the 

timing and content of modalities rather than the representational format and low-level 

processing capability (Anderson et al., 2004).  In the case of perception, productions 

request the visual module for information based on constraints. For example, a 

production may request the ñredò object or the object that is located ñon-topò of the 

current scene. One of ACT-Rôs important extensions to EPICôs model of the visual 

system includes breaking visual perception into two modules each with a short-term 

memory (buffers in ACT-R terminology). The visual-object, or ñwhat,ò module holds the 

symbolic features of the object currently being attended to by the visual-location, or 

ñwhere,ò module. The visual-location module maintains the location of all the objects in 

the current scene. However, there is not long-term perceptual memory enabling the 

persistence of an objectôs shape or color and no short-term memories for manipulating 

perceptual representations and drawing inferences from them.  
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Gunzelmann and Lyon (2007) have recently proposed an extension to ACT-R that 

includes a module specialized for spatial information processing. The proposed module 

contains processes to perform both qualitative and quantitative, mathematical 

comparisons of spatial relationships between objects, such as direction and distance. 

They recommend that the spatial module have connections to the visual and motor 

modules (contrary to ACT-R theory of no direct connections between modules) for the 

purpose of extracting spatial properties from perceptual input and executing motor 

control. Their proposal appears to be similar to our theory of spatial imagery and 

corresponding implementation. Their proposal does not include plans for incorporating 

depictive representations and processing. 

Wintermuteôs and Lairdôs (2007) Soar Spatial Reasoning (SRS) system focuses 

on how the architecture projects qualitative predicates into a quantitative spatial 

representation, providing a more detailed implementation of the capability than our 

current system provides. Kurup and Chandrasekaran (2007) have also argued for multi-

modal architectures and augment Soar with their diagrammatic reasoning system. We 

will discuss the similarities and differences between our approaches shortly.  

There have been several other efforts to extend the perception and motor 

capabilities of each of these architectures (Hill, 1999; Hill, Han, & Van Lent, 2002; St. 

Amant et al., 2005).  Each contribution effectively pushes the architecture closer to the 

environment. The problem with these approaches, however, is that they assume the 

cognitive system abandons the perceptual representations rather than using them to 

participate in problem solving. Discarding these representations adversely affects the 

systemôs ability to perform visual and spatial reasoning and requires ad-hoc, bolted-on 

components that are tailored for specific domains (Best, Lebiere, & Scarpinatto, 2002; 

Wray et al., 2005). What we are missing from these architectures is the ability to 

amalgamate the cognitive and perceptual representations in a general-purpose way and 

then use the resulting information for reasoning.  

4.2 AI Systems 

There have been several AI diagrammatic reasoning systems built that use both symbolic 

and quantitative representations. Gelernterôs (1959) geometry theorem proving machine 
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is perhaps the earliest. Kurupôs and Chandrasekaranôs (2007) biSoar (discussed below) is 

the most recent and is the closest parallel with our work. With the exception of Funtôs, 

(1976) WHISPER system, there have been few systems that reason with depictive 

representations. Funt argued that people solve problems on four levels, and AI was 

ignoring the last level. The levels were (1) the goal-oriented approach where the system 

searches for a solution; (2) the mathematical level where sentential equations enable 

progress; (3) the relational level where a complete structure of the explored search space 

is used for reasoning; and (4) the image level where representations were analogues of 

the situation. Funt argued that depictive representations overcame the ñframe problemò 

because objects move together so the system does not have to use computational cycles to 

infer new features and relationships. Empty space and new shape just emerge. Despite 

Funtôs seemingly convincing arguments, the mainstream AI community has continued to 

ignore the use of depictive representations as a form of knowledge representation and 

reasoning. 

The specific problem WHISPER solved was determining the stability of a stack of 

arbitrarily shaped rigid bodies. WHISPER consisted of symbolic qualitative physics rules 

(ñif a block is on a slant, it will slideò), an image of the situation, encoded as a two-

dimensional array, and basic algorithms for modifying the image. The rules directed a 

simulated parallel processing ñretinaò capable of extracting basic, domain independent 

features (e.g. object contact, object symmetry, finding the center area of an object). Each 

unit in the retina was constrained to communicate only with its immediate neighbors and 

a ñretinal supervisorò that consolidated each unitôs inspection results for a particular 

query. The local communication constraints between retinal units resulted in algorithms 

similar in spirit to Furnasô (1990; Furnas, 1991; Furnas et al., 2000) pixel rewrite system 

that we use as motivation for some of our depictive processing. 

Marr (1982) addressed many of the underlying issues of how the visual system 

recognizes object features in a scene with his seminal work in computational vision   His 

work influences our design space in two important ways. First, we apply his notion that 

visual processing produces incremental, increasingly abstract levels of representations 

(i.e. the pixel image, raw primal sketch, 2 ½ D sketch, 3D model, symbols). In a similar 

manner, but in the opposite direction, imagery starts with the symbolic representation, 



 

 39 

combines it with stored perceptual memories to produce increasingly concrete 

representations. Marr stressed how certain formats made certain types of information 

explicit and accessible. From the perspective of top-down cognitive processing, we can 

also make this argument,ðwhich is a primary reason for pursuing quantitative spatial 

and visual depictive representations in problem solving. If certain representations are 

useful for extracting features such as surface contours, object orientations, or spatial 

relationships in bottom up visual perception, then these representations are also useful in 

top-down processing when the information is not explicitly encoded as symbols. This 

principle is in accordance with Newellôs theory that intelligent systems should bring all 

knowledge to bear in solving a problem (Newell, 1990). 

Second, Marrôs theories concluded that visual perception stores an objectôs 3D 

model, so it can recreate its shape if required. An important part of our architectural 

assumptions is that we assume the system does not just throw this shape information 

away after it recognizes the object. At a minimum, it must be encoded for subsequent 

recognition. In the case of spatial and visual imagery, it is activated to support further 

reasoning. 

Tolman (1948) articulated how rats represented spatial knowledge, or cognitive 

maps, to assist them in finding food in a maze. The cognitive map metaphor, or the 

representation of large-scale space, provide a psychological theory of how we acquire an 

objectôs location, orientation, and size relative to other objects in the currently perceived 

scene (Kaplan & Kaplan, 1982).  The theory also specifies how we connect individual 

scenes together. Cognitive map theory says that as you explore the world, you begin 

building up representations of the relationships between static objects or landmarks in the 

environment and the relationships between objects in individual scenes. Cognitive maps 

provide important concepts for spatial imagery because they provide a starting point as to 

how spatial knowledge is organized. Spatial imagery can rebuild scenes by composing 

objects together using the same local spatial relationships derived from cognitive maps. 

This provides a methodology for reconstructing representations of previously seen 

objects to infer new global spatial relationships. Cognitive map theory also advocates the 

idea that there is a viewpoint associated with the stored spatial relationships. Some have 
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hypothesized that these maps are stored from a first-person, egocentric viewpoint with 

gateways, or exits, separating the scenes (Chown, Kaplan, & Kortenkamp, 1995).   

Cognitive map theory differs from spatial and visual imagery in that it does not 

address how specific knowledge about an object (i.e. shape) is stored or later retrieved. 

The theory also does not address how task knowledge, information from other modalities, 

or dynamic objects are combined to form new spatial representations. For example, using 

cognitive map theory, you can recall the main intersection in the center of a small town. 

Your scene may contain the roads, buildings, and traffic signs but does not include 

dynamic objects, such as cars or people walking. The scene is ñrememberedò from one 

particular vantage point. Spatial imagery enables one to imagine the scene, add dynamic 

objects to it, transform either the viewpoint or specific objects, and then inspect the scene 

for specific knowledge. 

Kuipers, leveraging the cognitive map metaphor, developed the Spatial Semantic 

Hierarchy (SSH) with the goal of explaining how a robot learns the spatial structure of 

the environment. Each hierarchical layer has qualitative and quantitative representations 

with global knowledge of the environment increasing as you move up the hierarchy from 

very specific control laws to topological maps of places, paths, and regions. At the 

highest level, or what Kuipers calls the global metrical map, SSH combines the 

qualitative (symbolic) topological relationships with the local, two-dimensional geometry 

to form a structure with one global, allocentric frame of reference. Whereas Kuipers 

focuses on how spatial structures are acquired, we concentrate on how the spatial 

structures are used in general problem solving. 

The closest parallel to our work, is that of Kurup (2008) and Chandrasekaran 

(Kurup & Chandrasekaran, 2007). Their system, biSoar, combines the Soar cognitive 

architecture with their diagrammatic reasoning system (DRS) and reasons using both 

symbolic and diagrammatic representations. Similar to imagery construction, 

transformation, and inspection, their system has a set of action routines to add 

diagrammatic elements and perceptual routines to extract spatial relationships from the 

diagram.  

There are a few key theoretical and implementation differences between our 

approaches, perhaps because they have focused more on diagrammatic reasoning and we 
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have considered the psychological and neurological constraints of imagery. First, they 

propose a single, working memory containing both symbolic and diagrammatic 

representations while we advocate separate symbolic and perceptual memories where the 

symbolic, procedural memory does not have direct access to perceptual-based 

representations. We base our decision on evidence that modality-specific representations 

(i.e. spatial, visual, auditory) are distinct posterior neural systems (see (Jonides et al., 

2008) for a review of working memory theories). From a computational standpoint, a 

primary reason for having a multi-representational system is to gain a computational 

advantage using processes that are specific to the representation. By embedding the 

perceptual representation into a symbolic computational system, you lose this efficiency 

without mechanisms to distinguish the two. Although the two implementations are 

similar (i.e. their diagrammatic reasoning system is outside of Soar), Kurup and 

Chandrasekaran base their theory on the notion that by having a single, multimodal 

working memory, automatic learning of both symbolic and diagrammatic representations 

can occur using Soarôs chunking mechanism. We currently do not have such a theory of 

how results from imagery processing are learned (except, perhaps as an encoded 

episode), and are not clear as to how such a theory would be realized from a practical 

standpoint.  

Second, their diagrammatic reasoning theory specifies the type of objects (point, 

curve, and region) a diagram can contain while we leave the type of object open-ended to 

any shape and color the agent experiences in the world, imagines by composing known 

objects, or emerges from the manipulation of a depiction (i.e. a new shape). Our approach 

leaves the complexity, detail, and richness of an imagined scene much more open where, 

in addition to specifying distance, direction, and topology our representations and 

processes also consider the orientation (i.e. front), specific shape, and color of an object. 

 Finally, they are noncommittal as to whether diagrams are quantitative, algebraic 

equations or depictive, image representations. Their current implementation uses 

sentential, metric structures. For example, points are two-dimensional, Cartesian 

coordinates, lines are composed from two points, a curve is a sequence of straight lines, 

and a region is a closed curve. We make a distinction between the two representations, as 

there are different types of reasoning that can be performed on each (e.g. extracting visual 
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features from a depictive representation). In the end, however, we are both motivated by 

how a task-independent architecture uses amodal symbolic and perceptual representations 

in reasoning. 

4.3 Computational Models 

Previous efforts to build computational models of either spatial or visual imagery have 

not included the constraints of a general cognitive architecture. Kosslyn (1980) composed 

a detailed computational model of visual, depictive imagery. Although the model 

clarified his theories, Kosslyn did not build it with the intent of incorporating it into a 

cognitive architecture.  

Baylor (1971) implemented a computational model of the block visualization 

task.
7
 What is interesting about his approach is that he divided the knowledge into two 

problem spaces. The symbolic space manipulated generic information about blocks, and 

the image space (implemented with symbolic representations) had specific operators that 

manipulated visual information. This problem space division is similar to our 

computational theory. 

Moran built a computational model of spatial imagery using a production system 

(Moran, 1973).  The task he chose to model began with the agent at a specific location. 

The agent is then issued a series of directions (e.g. move north one-step, turn east, move 

forward one-step, etc.) and is to ñreportò its final location and direction. Moran raised 

some valid points such as how these representations are constructed and controlled. 

However, we disagree with his hypothesis that imagery is entirely symbolic in nature. 

Since the task was spatial, rather than visual, depictive representations were not required. 

Moran argued that pictorial representations are uneconomical, as they require a large 

amount of information to be stored. We agree that recording every scene would quickly 

exceed our memory capacity. That is why an object long-term memory only stores 

compact shape and color representations. It is the task of imagery to recreate the picture. 

                                                 

7
The task requires a subject to start by visualizing a three-inch cube and imagine one of its sideôs red. Next, 

the experimenter instructs the subject to imagine two sides blue. The blue sides are adjacent to the red side 

but opposite each other. Finally, the subject imagines breaking the cube into one-inch cubes and deciding 

how many of the resulting cubes have exactly one red and one blue face.   
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Glasgow and Papadias (1992) built a molecular scene analysis application using 

mental imagery as motivation. Their system uses three separate representations 

(descriptive, spatial, visual) and the visual representation (occupancy array) is similar to 

our depictive representation with the exception that they only render convex shapes. 

Their long-term memory, where they store descriptive representations is similar to our 

symbolic representations in Soar. There are, however, three major differences. First, they 

built a specific application while we are taking a more general approach. While Glasgow 

and Papadias took significant strides to incorporate key findings in mental imagery, they 

did not design it with the overarching constraint of a cognitive architecture. Second, they 

represent spatial information using symbolic arrays rather than a quantitative format. 

Finally, they make no commitment as to how the visual representation is constructed, 

where the shape information is stored, or how more than one object is arranged in the 

visual representation. 

Tabachneck-Schijfôs et al. (1997) CaMeRa model uses multiple representations 

and simulates the cognitive and visual perceptual processes of an economics expert 

teaching the laws of supply and demand. Their system includes both visual short-term 

and long-term memories that complement verbal memories. Visual STM includes a 

quantitative (node-link structure) and a depictive (bitmap) representation that is similar in 

design, although not in implementation, to our representations. The architectureôs overall 

generality is unclear although it appears to be their intention. Their shape representation 

is limited to algebraic shapes (i.e. points and lines) and their spatial structure only models 

an objectôs location while ignoring orientation and size.  

Barkowskyôs (2002) MIRAGE application relies on mental imagery evidence to 

reason about space in a geographic context. It focuses primarily on how mental images 

are constructed from qualitative geographic spatial relationships. Barkowsky (in press) 

proposes that any model of mental imagery must include the following: 

 

(1) Hybrid representational formats to include propositional and visual structures 

involving shape. 

(2) Coupling between imagery and visual perception.  

(3) Construction of images from pieces of knowledge. 
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(4) Processing with or without external stimuli. 

(5) Multi -directional distributed processing and control. 

 

Our architecture addresses (1) ï (4). Our control structure initiates imagery 

processes in a top-down manner while perceptual mechanisms process results in a 

bottom-up fashion. In Soar, the contents of working memory determine which memories 

and processes are active without any centralized control (5). In addition to Barkowskyôs 

list, we also propose that the architecture must support transformation and generation of a 

depictive representation.  

  



 

 45 

 

Chapter 5 

 

 

Tasks and Environments 

 

 

 

When does an agent use spatial and visual imagery? How does it know which 

representation to use? This chapter begins by summarizing characteristics of the tasks and 

environments where spatial and visual imagery is useful. The characteristics include a 

discussion and examples of general tasks and specific sub-tasks requiring spatial or visual 

imagery. We then provide three concrete examples by introducing the tasks and 

environments we use to evaluate the architecture. The first two tasks are primarily 

internal problem-solving tasks where there is limited interaction with an external 

environment. The final task extends the first two tasks to a dynamic and continuous 

environment where the agent must interpret and act upon information from multiple 

sources and perception and imagery must interact and share the same resources. 

5.1 Characteristics of Tasks and Environments 

In general, spatial and visual imagery is useful in tasks requiring the inference of spatial 

relationships (direction, distance, orientation, topology, size) between two or more 

objects or detection of an individual objectôs spatial (e.g. width, height, orientation) or 

visual (e.g. shape, color) properties. In both cases, imagery is useful because the spatial 

or visual information required to make a decision is not directly accessible from either 

perceptual input or memory retrieval. These situations include circumstances where 

vision would normally perform the analysis, but the relevant objects or spatial 
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configurations are hypothetical, missing details, or not present. However, by combining 

the information into a quantitative spatial or visual depictive representation, one can infer 

the relevant spatial or visual detail. The external environment may have many spatial and 

visual characteristics or none at all, but the task is such that imagining the situation helps 

clarify its spatial and/or visual properties. 

As an example, consider a young child playing hide-and-go-seek with a parent 

inside their home. The parent, playing the role of the ñhiderò may provide audio clues to 

assist the childôs search. The child, having inadequate perceptual input (he or she does 

not see the parent), may use spatial imagery to retrieve a stored representation of the  

spatial layout of each room and combine it with the parentôs audio signal to guide the 

search. As the child ñseeks,ò she may use visual imagery to focus in on specific locations 

where the parent might ñfit.ò In this example, both the environment (rooms in house) and 

the task (hide-and-go-seek) have many spatial and visual characteristics. The rooms have 

direction, distance, and topological relationships, hiding places have size, and the task 

requires filling in the missing spatial and visual details (e.g. what direction should I move 

to next? Will daddy fit in the closet? In the cupboard?)  

On the other hand, the immediate environment may not always include spatial or 

visual features. Consider when you read a story or someone is giving you verbal 

directions. In these examples, you may create an imagined scene to achieve a better 

understanding of the spatial and visual properties of the task. However, the surrounding 

characteristics of the environment are irrelevant. Even if the environment includes many 

spatial and visual features, imagery may not be useful if the task is repetitive and highly 

learned (e.g. driving to work). 

We suggest there are four general tasks where using imagery is useful to infer 

spatial and visual properties. 

 

¶ Filling in missing details of a situation 

¶ Recognizing novel shapes and spatial properties if not present visually 

¶ Analyzing or rehearsing an outcome of an action before executing the 

action 

¶ Replay of a previous event to inform a future decision 
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The previous two examples (hide-and-go-seek, imagine a scene from a story) are 

instances of the first two tasks where perception provides none or only part of the spatial 

and visual properties required for reasoning. Our three experimental domains described 

below are also instances of these first two tasks. The third general task uses imagery as a 

simulator to analyze or rehearse the possible outcomes of future actions where simulating 

actions involve moving imagined objects or looking at the scene from a different 

perspective. We explore this general task in our third experiment. The last general task 

also uses imagery as a simulator, but rather than simulating potential future states, 

reasoning simulates a previous state or event to inform a future decision. This form of 

reasoning requires the retrieval of previous experiences from an episodic memory. We do 

not evaluate this task but will address it as part of our future work. 

Each of these general tasks will include specific spatial and visual subtasks, some 

of which we describe next. Schultheis et al. (2007) have suggested the following criteria 

to distinguish between tasks and environments requiring a spatial or visual representation. 

The greater the number of criteria is an indicator that a visual depictive representation is 

more likely required rather than a quantitative spatial representation. Although they 

propose that these representations fall on a continuous spectrum, we ignore that for now 

as our theory states that the agent must make a commitment to one or another 

representation. The criteria are (with our slight modification):  

 

(1) Number of different types of spatial relationships (direction, distance, 

orientation, topology, size) 

(2) Number of spatial relationships 

(3) Specificity of the shape 

(4) Specificity of the color 

 

The following are the specific spatial and visual subtasks, one or more of which, 

support a general task. We provide a figure to illustrate some of these subtasks. Before 

looking at the figure, first try ñimaginingò the situation. 
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(a) Infer global spatial relationships (i.e. direction, distance, orientation, topology, 

size) or visual properties (i.e. new shapes or color) derived from the combination 

of objects and their perceived or retrieved local spatial relationships.  

 

Example 1 (Figure 5-1a, NOTE: ñyouò are the ñXò): Target A is 500m to your left 

front. Target B is 250 meters to your right. What is the direction between Target 

A and Target B? What is the distance between Target A and Target B? In this 

example, there are two different types of spatial relationships (direction and 

distance) and three spatial relationships (X-A, X-B, A-B). Shape and color are not 

required so a spatial representation is sufficient for this example. 

 

Example 2 (Figure 5-1b): What is the angle between a ray from you to target A 

and a ray between you and target B? In addition to the direction and distance 

relationships, you now have an orientation to consider. This task is again spatial, 

but with an increase in the type and number of spatial relationships moves it 

closer to a task where visual imagery may be necessary. 

 
 

(a) (b) 
  

 
 

(c) (d) 

 
 

Figure 5-1: Spatial and Visual Task Spectrum 
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Example 3 (Figure 5-1c): Add a triangle with a vertex at your location and a base 

to your direct front. The interior angle of the vertex is 60 degrees and the height 

of the triangle is 750 meters. Is target A inside the triangle? Target B? Again, we 

have increased both the type of spatial relationships (triangle size and topologyð

inside/outside) and the number of spatial relationships. 

 

Example 4 (Figure 5-1d): Superimpose what you currently have imagined onto 

the background in Figure 5-1d. Ignoring the triangle, are A and B in the same 

topological space (i.e. can you get from A to B without crossing a gray area)? The 

background contains non-convex shapes and more spatial relationships to 

consider. Visual imagery and a depictive representation are likely to be necessary 

for this task. 

 

Example 5: Are there any parts of a head of Iceberg lettuce that are a darker green 

than any parts of a Christmas tree? [Answer: yes ï if the tree has some light green 

ornaments on it.] In this example, you have to combine the two objects in a visual 

depictive representation to make the specific color comparison. 

 

(b) Infer results after a transformation.  

 

Example 6 (Figure 5-1c Notice we are back to figure ñcò): Rotate the triangle 

counterclockwise 45 degrees. Is target A inside it? Now rotate the triangle 

clockwise 90 degrees. Is target B inside it? Without specific shape, the spatial 

representation is sufficient. 

 

Example 7 (Figure 5-1d): Starting from the triangleôs original orientation (i.e. 

north), rotate the triangle clockwise 90 degrees. Is there an enclosed gray region 

between you and target B? Similar to example 4, the task might benefit 
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significantly from visual imagery because of the specific shape and multiple types 

and number of spatial relationships.  

 

(c) Retrieve the spatial or visual properties from an exemplar. 

 

Example 8 (Figure 5-1d): Imagine a path from A to B avoiding all enclosed 

regions. Is there a location where the path turns approximately 90 degrees? 

Retrieving spatial or visual properties of an exemplar requires visual imagery as 

the exemplarôs specific shape and, possibly color, are involved. In this example, 

the imagined path is a specific exemplar. 

 

Example 9: In what hand does the Statue of Liberty hold the torch? A specific 

instance of a visual object (i.e. Statue of Liberty) likely necessitates a visual 

depictive representation. 

 

(d) Retrieve a prototypical objectôs spatial or visual properties when the property 

was not explicitly encoded 

 

Example 10: Does the letter óAô have an enclosed space? The letter óBô? óXô?  In 

these examples, the prototypical letter may have an explicit symbolic description 

(e.g. the letter óXô is two intersecting lines), but not enough information to 

perform the reasoning in the question. Since specific shape is involved, a visual 

depictive representation is likely necessary for the task. 

 

In summary, the previous discussion highlights the general tasks where imagery is 

useful for reasoning to include filling in missing spatial and visual details of a situation, 

recognizing novel visual features and spatial properties, analyzing or rehearsing the   

outcome of an action before executing it, and replaying a previous event to inform a 

future decision. One or more subtasks support these tasks and may require spatial or 

visual imagery depending on the number and types of spatial relationships and the 

specificity of the shape and color. The agent decides what representation is suitable for 
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the task. Subtasks include, but are not limited to, inferring global spatial relationships or 

visual features from perceived or retrieved local spatial relationships, inferring new 

spatial and visual properties after a transform, and retrieving a spatial or visual property 

from an exemplar or a prototypical object where the feature was not explicitly encoded. 

The environment may or may not play a role in determining the characteristics of the 

tasks. We now summarize our three experimental domains as concrete examples. We will 

refer to these domains when we discuss the architecture in the next chapter and revisit the 

tasks in more detail when we evaluate the architecture in Chapter 7. 

5.2 Geometry Gymnastics 

The geometry problem derives from Larkinôs and Simonôs (1987) work demonstrating 

the computational advantage of diagrams. In one of the problems they investigate, the 

agent must locate visual properties (e.g. vertices, line segments, triangles) and infer 

relationships (e.g. angles) that initial task knowledge does not specify. The problem, 

shown in Figure 5-2, consists of four lines (A, B, C, D). Line A is parallel to line B and 

line C intersects line A. Line D bisects the line segment formed by the intersection of line 

C with lines A and B. The goal is to show that the two triangles formed are congruent. To 

prove congruency, the model must employ a basic geometry rule, such as the angle-side-

angle (ASA) rule. The ASA rule states if two angles and the included side of a triangle 

are congruent to two angles and the included side of another triangle, then the two 

triangles are congruent. In Figure 5-2, the model must show E1=E2, e1=e2, and c=b.  

 

 

Figure 5-2: Geometry Problem 
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The environment is irrelevant in this task, as it only requires internal problem 

solving. The general imagery tasks are to fill  in the spatial and visual details and 

recognize novel features and spatial relationships by combining objects (i.e. lines) based 

on their local spatial (i.e. direction, distance, orientation) relationships. Another way to 

look at the problem statement is that line B is in front of line A. Line C is in between line 

A and line B and oriented counterclockwise some random orientation between 30 and 60 

degrees from line A. Line D is also in between line A and line B oriented clockwise from 

line A. Because the number and type of spatial relationships are more than a few but 

specific shape and color are not required, this task only requires spatial imagery. In the 

results chapter we will discuss the comparison between an exclusive symbolic and a 

combined symbolic/quantitative spatial implementation. 

5.3 Alphabet Soup 

An experiment from Thompson et al. (in press) motivates the second domain. In 

their experiment, the subject hears a letter from the English alphabet, and the investigator 

asks the subject to visualize the letter in its uppercase format (Figure 5-3). Next, the 

subject hears a cue, such as ñcurve,ò ñenclosed-space,ò or ñsymmetryò and indicates (by 

pushing a button) whether the letter has the particular feature. For example, the letter óAô 

has an enclosed space and vertical symmetry while óUô has a curve and vertical 

symmetry. The Soar agent also ñhearsò a question, visualizes the letter, searches for the 

desired feature, and then ñverballyò responds.  

While there are environmental cues in this domain (i.e. the agent ñhearsò a 

question), like the geometry problem, it is primarily an internal problem-solving task. 

The general imagery task is to fill in the visual details by retrieving a specific feature 

from a prototypical, uppercase letter. As specific shape is necessary to infer the visual 

features, this task focuses on the depictive representation. Unlike the geometry domain, 

symbolic or quantitative representations may have significant challenges, both 

computationally and functionally, solving this task without explicitly encoding every 

feature.  
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(a) (b) 

Figure 5-3: Alphabet Experiment 

5.4 Scouts Out 

This evaluation environment is motivated by the U.S. Armyôs work in developing 

robotic scouts to provide situational awareness for a mixed manned/unmanned military 

force (Jaczkowski, 2002).  Supporting intelligent tactical behavior, rather than serving as 

a sensor platform on wheels, is one of the goals for the robotic scouts. That is, in addition 

to autonomously maneuvering to a position and transmitting video data, we would like 

the scouts to coordinate and attempt to improve their positions based on sound tactical 

behavior.  

In support of this effort, we built a simulation to model a section of two scout 

vehicles that must cooperate to maintain visual contact with an approaching enemyôs 

three-vehicle reconnaissance element (Figure 5-4a). One scout, the section lead, is a Soar 

agent. The other scout, the teammate, is scripted. The teamôs primary goal is to keep its 

commander informed of the opposing forceôs movements by periodically sending 

observation reports (through the lead) containing their best assessment of the enemyôs 

location. The agent cannot observe its teammate because of terrain occlusions. However, 

the teammate periodically sends messages regarding its position. The teammate scans the 

area in front of it and sends reports to its lead when it observes enemy vehicles (Figure 

5-4b). The teammate also responds to orders from the lead to reorient its view. The agent 

can look at the environment or its map (Figure 5-4c-d) and can reorient its view. We 

assume the agent and its teammate can distinguish enemy vehicles from other objects. 

However, the agent has to decide whether a sighted or reported enemy is a new or 

previously identified entity. 
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To motivate the capabilities of multiple-representations, consider how the agent 

makes decisions in this domain. Typically, a scout leader follows these steps after initial 

visual contact (Army, 2002).  

 

(1) Deploy and report 

(2) Analyze the situation 

(3) Choose and execute a course of action 

 

Analyzing the situation involves reasoning about known friendly and enemy locations 

and orientations, terrain, and obstacles. If the scout lead does not know the locations of 

all expected enemy, then he might hypothesize where other enemy vehicles are and 

imagine their positions (Figure 5-4d). Based on the analysis, the scout leader then decides 

if he should reorient himself, his teammate, or both. 

 

  

(a) Actual Situation (b) Teammateôs View 

  

(c) Agentôs View (d) Agentôs Perceived Map / Imagined Situation 

Figure 5-4: Scout Domain 
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Analysis often involves visualizing the situation and mentally simulating 

alternatives. Military leaders rely on imagery to assist with decisions in the ñfog of war.ò 

The U.S. Armyôs doctrine even goes so far to state: 

 

Visualize means to create and think in mental images. Human beings do 

not normally think in terms of data, or even knowledge; they generally 

think in terms of ideas or imagesðmental pictures of a given situation 

(Army, 2003).  

 

Using spatial and visual imagery, an agent can imagine each observed entityôs 

map icon on its external map. If the agent is confident in the information, it can write it 

on the external map, in effect making it persist. As information changes the agent updates 

the map, keeping its perceived map of the situation up to date. Note that the agent may, 

but does not have to, keep the location and orientation in its head. It can simply ñlookò at 

its external map and ñreadò the information. In this sense, then the map serves as an 

external store. Using the external map as perceptual background, the agent can then 

imagine key terrain (enemy objectives), hypothesized enemy, possible enemy paths, its 

viewpoint, and its teammateôs viewpoint. It can then imagine alternative course of action 

by simulating different viewpoints.  

This domain has environmentally rich spatial (e.g. relationships between entities, 

obstacles, terrain, etc.) and visual (e.g. terrainôs topological shape and color) properties. 

In addition to the general imagery tasks of filling in the spatial and visual details and 

recognizing novel shapes by combining perceptual input with retrieved memories, 

imagery is used to analyze the outcome of an action before executing the action (e.g. 

imagining different viewpoints for the teammate and self). The sub-tasks cover both 

spatial and visual tasks with similarities to the examples provided in the beginning of this 

chapter. 

In summary, decision-making proceeds by combining perceptual representations 

with task specific and declarative knowledge to construct an imagined scene. Analysis 

emerges through the manipulation of symbolic, quantitative spatial, and visual depictive 

representations. Retrieval or inspection of the resulting representations then provides new 

information that the agent uses to reason with to produce action in the environment. 
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Chapter 6 

 

 

Architectural Design 

 

 

 

The previous chapters present the background necessary to appreciate the architectural 

design decisions. Although we introduce the theory and design space constraints at once, 

our research strategy is an iterative process. First, we analyze specific behavioral 

phenomena supporting a desired functionality. In our case, it was how humans use mental 

imagery, or visualization techniques, to make decisions and solve problems. We then 

determine plausible computational approaches motivated by the behavioral and biological 

evidence. Next, we design and implement a complete (i.e. perception, cognition, action), 

although rudimentary software system. Finally, we evaluate the system starting with 

simple tasks and progress to more complex scenarios. The evaluation process drives our 

future direction and requirements for subsequent iterations. 

For example, we initially did not consider how perceptual mechanisms 

constrained imagery. As we investigated the literature, however, it became clear that 

imagery and visual processing are not disjoint components, but rather use and share 

similar structures and processes. As part of that oversight, we did not include the visual 

depictive representation, as it initially seemed odd to us that humans would resort to such 

a low-level representation for reasoning after perception performed so much work 

extracting abstract representations. It became evident, especially when we began 

evaluating the requirements for the alphabet experiment, that a depictive representation 

was not only useful, but appeared necessary to achieve the desired functionality. Finally, 
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when we evaluated the system in a more perceptually demanding environment (i.e. the 

Scout domain), where bottom-up, visual processing and imagery must cooperate and 

share resources, we had to look at issues such as the differences between perceived and 

imagined objects, synchronization of processes, race conditions between perception and 

imagery, and truth maintenance issues. While we do not claim to have implemented all 

functionality that humans show during spatial and visual imagery, the goal has been to 

design and implement a complete and general architectural framework with a few 

demonstrated capabilities that can motivate future work.  

Soar and the Spatial-Visual Imagery (SVI) module are the two major components 

in the architecture (Figure 6-1). Soar encompasses the symbolic representation and 

computations. SVI includes the quantitative spatial and visual depictive representations 

and processes. It encapsulates high-level visual perception, spatial, and visual imagery. 

Our modeling of visual perception, to include the separation between ñwhatò and 

ñwhereò pathways, is theoretical and an approximation, but we include it for 

completeness. The architecture makes a distinction between memories (rectangles) and 

processes (rounded rectangles), and the terminology is either Kosslynôs et al. (2006) or 

our own.  

We present the architecture as follows. First, we provide an overview focusing 

primarily on the memories and corresponding data structures associated with Soar and 

SVI (Soar+SVI). Next, we suggest, primarily from a theoretical perspective, how 

perceptual visual processing emerges. We then describe our implementation of spatial 

and visual imagery processing. For more details, Appendix B illustrates some algorithms 

for manipulating and inspecting the visual depictive representation. Appendix C details 

the software engineering aspects and provides examples of the Soar symbolic structures 

used to represent and control imagery processing.  

6.1 Soar 

Soar (Laird, 2008; Lehman, Laird, & Rosenbloom, 2006) provides a fixed set of 

symbolic memories and processes (top of Figure 6-1). The symbolic memories include a 

declarative, short-term memory (STM), a procedural long-term memory (LTM), two 

long-term, declarative memories (episodic and semantic, not shown in Figure 6-1), and 
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two learning mechanisms (chunking and reinforcement learning). The short-term memory 

is a graph structure representing the agentôs knowledge of its goals and current state. A 

symbolic structure in Soar may represent many things, including concepts (e.g., cheetahs 

run fast) or objects in the world. Within the Soar+SVI architecture, there are special 

annotated symbols that represent an object and its explicit spatial and visual properties. 

We call these symbols visual symbols. These symbols arise from perception, activation of 

a previously stored memory, or results from an imagery inspection. Visual symbols may 

be associated with other, non-visual symbols. We will discuss visual symbols in more 

detail later. 

 

 

Figure 6-1: Architecture Overview 

 

Soarôs procedural long-term memory is a set of productions that control behavior. 

Each production has a set of left-hand side (LHS) conditions and right-hand side (RHS) 

actions. If a symbolic pattern in STM matches with the LHS of a production, then the 

production ñfires,ò creating or removing symbolic structures in STM based on the RHS 


