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Within the space of knowledge representations in the Artificial Intelligence literature, the existence of some subset is chiefly justified for their amenability to automation, others are well automated but also have implications to the modeling of cognition, while a still smaller subset is directly motivated by cognitive problems.  This paper gives a review of those knowledge representations and ideas most relevant to the computational modeling of human cognitive problems, which we term humanesque cognition; it is an attempt to re-present and synthesize the literature’s diverse corpora of ideas, and an effort to reinvigorate these ideas by re-articulating their relevance to problems of humanesque cognition, including, remembrance, instinct, rationality, attention, understanding, learning, feeling, creativity, consciousness, and homeostasis.

Building Blocks of Humanesque Cognition

“Do not stay in the field!

Nor climb out of sight.

The best view of the world

Is from a medium height”



- Friedrich Nietzsche, The Gay Science
An appeal for a medium height. Early in the history of Artificial Intelligence, it was thought that singular knowledge representations— be they logic-based symbolic systems, or artificial neural networks – would quickly vanquish the human intelligence problem, but more than fifty years later, this dream has not (some would add, yet) materialized.  After some reflection on the nature of knowledge representations, and with the benefit of hindsight, we observe that the very act of formalizing a knowledge representational idea into a computable entity requires some compromises to its expressive power; these limitations have been variously noted as “ontological commitments” (Davis, Shrobe & Szolovits, 1993), and degradative transformations into “formal syntactic manipulations” (Searle, 1980).  We understand that it is this class of limitations which prevents a knowledge representation from being good at modeling all cognitive problems.  So to bring this point to its natural conclusion, there is a sense that perhaps the human intelligence problem might best be tackled piecewise, bringing to bear multiple representations (Minsky, 1986, forthcoming), pairing each particular cognitive problem with the knowledge representation best suited to it.  Some purists would argue that brains work on a common representational substrate, however, our work is not to replicate a brain, it is, more pragmatically, to draw inspiration from human capabilities to build humanesque cognition.  To clarify, we want to follow a path not of deep AI, or weak AI, but of medium AI.  It is scruffy because the field collectively does not yet know enough to do things neatly.

Motivated by this spirit of a medium height, we regret that so many ideas and knowledge representations in the Artificial Intelligence literature that were originally conceived with grand cognitive problems in mind, have slowly evolved into vanilla computational tools now belonging only to weak AI.  From the initial seeds of this paper, we hope to begin a fresh dialogue to reinvigorate the space of AI knowledge representations by re-articulating their relevance to problems of humanesque cognition, including, remembrance, instinct, rationality, attention, understanding, learning, feeling, creativity, consciousness, and homeostasis.  We cannot claim that this paper is completely unique in its motivation or in its structuring, or that the arguments contained within are completely rigorous, but there is a sense that this kind of gestalt narration about AI is perhaps more lacking than it ought to be.  If you will, think of this an attempt to poeticize rather than to didacticize.

On that note, we dive straightaway into the following problems of humanesque cognition: remembrance, instinct, rationality,  attention, understanding, learning, feeling, creativity, consciousness, and homeostasis.

REMEMBRANCE

The word ‘remember’ itself derives from the etymon, memor in Late Latin, meaning mind; so quite literally it means to put back again into the mind.  Yet when we examine the work on case-based reasoning (CBR) (Schank & Abelson, 1977; Riesbeck & Schank, 1989; Leake, 1996) and memory-based reasoning (MBR) (Stanfill & Waltz, 1986) in the literature, we regret that the sanitized vanilla versions of these computational structures which have been embraced by weak AI and pop AI only pay lip service to the spirit of remembrance; more specifically, the recollection of a case or a memory in MBR entails only the rote selection of a symbolic expression from a base of symbolic expressions, rather than the reactivation of some contextual pattern-state of some computed mind.  In defense of computing, we know that a mind is a hard thing to instantiate computationally, particularly because there are so many unknowns about how such a program might be written or how this mind would even behave; however, one solution is simply to build some simpler mind for the particular purpose of exploring the memory question, not a human mind, but simply some computational apparatus which is capable of remembering with any kind of contextual and attentional sophistication.  Luckily, much of the work outside of the vanilla versions of CBR and MBR are full of clues and enticements toward a more cognition-centric computational modeling of remembrance.

Properties of memory. Cognitive scientists who have studied the human memory faculties like to make the useful bifurcation of ‘memory’ into reflexive memory (RM), and long-term episodic memory (LTEM). While long-term episodic memory deals in salient, one-time events and must generally be consciously recalled, reflexive memory is full of automatic, instant, almost instinctive associations.  In this section on remembrance, we address chiefly LTEM, and defer discussion of RM to the next section on instinct.

One of the most dominant ideas with respect to LTEM is Tulving’s Encoding Specificity Hypothesis (1983), which stated simply, portrays a LTEM as including within its boundaries a set of contextual features such as affect, scents, sights, sounds, persons in the scene, et cetera.  The intersection of these contextual features generate a specific encoding signature for that episode.  Later, that memory is possibly retrievable by any of the encoded features, including the contextual ones, although the presence of more features will improve the chances of recalling that particular episode; thus we think of LTEM as content-addressable.

Case-based reasoning and rote remembrance.   In case-based reasoning (Schank & Abelson, 1977; Riesbeck & Schank, 1989; Leake, 1996), a case is a computational unit typically organized as a frame, with slots and slot values. Sometimes, a case frame simply has two types of slots allowing it to behave as an expert-systems rule: antecedents, and consequents (and this particular variety of limited CBR is called knowledge-based reasoning). The act of remembrance within this framework is initiated by the formulation of a search frame describing the present situation, and a matching algorithm, often heuristic and “fuzzy,” identifies some subset of all cases in the case-base as being “relevant” to the current situation.  This simple formulation of remembrance has been successfully applied to a broad range of problem domains varying from medical diagnosis (where memories are expert-crafted rather than augmented experientially by the computer program) to modeling creative processes, e.g. (Turner, 1994), in which past situations might suggest relevant solutions to a present situation.

One of the limitations to the CBR approach to remembrance is in fact a limitation to all symbolic systems, and that is the problem of ontological commitment (Davis, Shrobe & Szolovits, 1993).  In a cognitively interesting memory system, each memory might be encoded drawing from a larger repertoire of slots than those typically available to CBR systems, including plenty of contextual features.  Rather than having a flat organization, the slots themselves would have many inter-relationships and be partially structured by inner hierarchies.  The space of cases or memories, while flat and homogeneous in typical CBR, would have more interesting topologies in a cognitively interesting memory system, perhaps distorted by many idiosyncrasies and biases.  And the memory itself would evolve, with cases or memories merging, and others garbage collected.  After all, in a humanesque cognition, minds undergo forgetting, belief revision, and theory change.

Contextually fluid remembrance.  Recognizing that people remember in much more sophisticated fashion than symbolic approaches like CBR, there are some proposals in the literature which aim to increase the contextual sophistication of representing memories.  In The Society of Mind (1986), Minsky proposes a more connectionist approach to memory aimed at tackling the context problem by improving the number of interconnections between symbolic features involved in memories.  In Minsky’s theory of memory, K-Lines are conceptualized as threads which weave together many symbolic features, and may also activate other k-lines.  Anytime a symbolic feature is triggered, all the k-lines threading through it are also potentially triggered. Minsky also proposes two specializations of K-Lines called nemes and nomes.  The neme idea is particularly relevant to the present discussion.  We have thus far described a need for more sophisticated remembrance—one which pattern-activates the mind, inducing it into a particular state; unfortunately rote memory recall a la CBR is a far cry from achieving this.  However, Society of Mind theory’s neme idea is closer to the mark.  In Examining the Society of Mind (2003), Singh describes two useful nemes, polynemes, and micronemes.

For example, recognizing an apple arouses an ‘apple-polyneme' that invokes certain properties within the color, shape, taste, and other agencies to mentally manufacture the experience of an apple, as well as brings to mind other less sensory aspects such as the cost of an apple, places where apples can be found, the kind of situations in which one might eat an apple, and so forth.

Micronemes provide ‘global' contextual signals to agencies all across the brain. Often, they describe aspects of our situation that are too subtle for words and for which we otherwise have no more determinate concepts, such as specific smells, colors, shapes, or feelings.  

– Singh, Examining the Society of Mind (2003)

Thusly viewed, polynemes enable pattern-activation type of remembrance, and micronemes draw subtle contextual factors into remembrance, many of which exist liminally or fall below the threshold of articulation.

Minsky also offers mechanisms for varying the strengths of relevance of particular details to a memory.  Level bands (Minsky, 1986, p. 86), for example, allow symbolic features sitting along the same K-Line to activate with different strengths, depending on which level-band of detail that particular feature sits in.  For example, given the remembrance of a kite, features like “paper” and “string” sit in the relevant level band of detail and get activated more strongly than features in either the “upper fringe” band (e.g. “toy,” “gift”) or  “lower fringe” band (e.g. “diamond shape”).  Activations in the fringe bands are weak and may be overwritten, but they are useful as default assumptions. Level-band theory affords a reconciliation of representational granularity, and there is a sense that such reconciliations are key to building contextually fluid memory systems.

Blurring and forgetting.  One of the features of CBR limiting its cognitive plausibility is that cases are largely static and homogenous entities; each experience is afforded exactly one case, and there is no account of how these memories evolve, combine, or degrade.  In The Muse in the Machine (1994), Gelernter raises this very issue and his FGP (Fetch-Generalize-Project) computer program is an attempt to address blurring and forgetting.  In FGP, a present situation prompts the recall of some set of memories.  These memories are compacted into a memory sandwich and a set of features present in all the memories emerge in an overlay.  This overlay is essentially a memory blur, and one interpretation of Gelernter’s theory is that memories can evolve when many memories combine into an overlay, and the overlay is kept but the original memories are garbage-collected.  Over the course of a memory’s lifetime, aspects of the memory which do not emerge in any overlays may be deemed to fall below some forgetting threshold, and thus be garbage-collected to economize the memory.

Narrative memory.  So far we have considered memories as static moments, however, some memories are animated, including narrative memory— a remembrance of a dynamic sequence of events.  In Scripts, Plans, Goals, and Understanding (1977), Schank and Abelson put forth a script as a knowledge representation for a narrative memory.  A script is usually a simple linear causal sequence of events, which taken together encapsulates a simple narrative.  Many interesting elaborations to this basic unit of narrative memory have been explored. For example, in Daydreaming in Humans and Computers (1990), Mueller explores imaginative memories in which the space of all narrative memories, both what has happened and what might conceivably have happened or could happen, is explored.  We see the reconciliation of actual narratives and potential narratives as a positive exploration of narrative memory’s fluidity.  
INSTINCT

The word instinct is a provocative one, and those philosophically minded will no doubt demand clarification.  Instinct is a suitcase concept which has been taken to refer to different things, including inter alia, evolutionary dispositions, genetic dispositions, habitualizations, intuitions, and hard-wired behaviors.  From these different meanings taken together, three essentials seem to emerge: 1) an instinct is a consequence or side-effect of some mechanism or machinery such as a mind; 2) there is a sense that its representation is somewhat muddled, indirect, or emergent (ruling out programming instincts by explicit symbolic rules, which somehow seems to violate the spirit of the idea); 3) an instinct manifests as a reaction without deliberative thought.  

Instinct and reactive AI. In the literature, the line of research on reactive AI, including insect AI seems to centrally address the notion of instinct. In “Intelligence Without Representation,” (1991a) and “Intelligence Without Reason,” (1991b), Brooks lays out what is a manifesto for a low-representational approach to creating intelligent robots using hidden markov models (HMMs) organized into subsumption hierarchies to govern behavior.  Intelligent creatures built this way might be called instinctive because the three essentials apply here: 1) a creature’s behavior is a consequence or side-effect (since non-symbolic HMMs do not demonstrate intention) of the HMM machinery; 2) the representation of behavior is not explicit, but rather, arises out of some emergent coordination between distributed mechanisms; 3) a creature’s behavior is reactive, and involves no deliberation.

The success of reactive AI in robotic creatures is a statement that not all intelligence must be explicitly programmed, or can be reasoned through protocols of rationality. Some intelligent behaviors inevitably arise out of idiosyncrasies in a representation, without an explicit symbol or rule which could be pointed to as holding responsibility.

Instinct as reflexive memories.  Instinct is not only relevant to creatures, but also to minds.  Idiosyncratic tendencies of a mind such as “personality” might be considered instinctive, and so might “intuition” and “habit” (if one accepts that what results from ontogeny and acculturation can be considered instinct still).  

Here we wish to pick up on a representational idea we first raised in the previous section on Remembrance.  Earlier, we distinguished between long-term episodic memories, and reflexive memories. While long-term episodic memory deals in salient, one-time events and must generally be consciously recalled, reflexive memory is full of automatic, instant, almost instinctive associations. Tulving equates LTEM with “remembering” and reflexive memory with “knowing” (Tulving, 1983).

We raise the issue of “reflexive memories” here because it exhibits some of the nice properties of instinct, and provides a potential account of how some instinct could be acquired or honed through classical conditioning.  First, a reflexive memory is an immediate reaction which requires no deliberation (if could have once required deliberation but through the course of habituation, become cached as a reflex).  Second, the reflexive association learned between stimulus and reaction depends on the idiosyncratic features of the training set responsible for the learned response.  Third, the explanation behind why the particular reflexive association was learned is certainly unavailable, outside of pointing back to all the different exposures in the conditioning process which reinforced that association; in other words, the association emerges out of experience with the training set.

Instinct out of forgotten deliberations. Of course, reflexive memories could arise in an alternate fashion.  Consider that given some stimulus, a response was formulated after some deliberation.  However, over repetitions of the stimulus and the selection of the same response, the stimulus-response pair became habituated, and in fact the original deliberation responsible for formulating the original response is no longer valid, but the stimulus-response pair persists out of habit. In this account, reflexive memories are formed when original deliberations are forgotten, but the reflex continues out of habit.

But why instinct? Of all the “interesting cognitive problems” presented in this paper, the topic of instinct most warrants justification.  At first, it may seem to be a lesser cognitive problem more relevant to lesser animals than to human cognition.  However, there are actually some high-level very human capabilities which seem to be at least in part instinctive, such as personality, and aesthetic tastes.  How is it, for example, that a person can know quite instantaneously whether or not they like a cuisine or a type of music, yet not be able to articulate the reasons why?  Many insights might be gained but looking analogically at how behaviors emerge out of the system dynamics of reactive AI systems, and at how reflexive memories are formed through classical conditioning or from once deliberative processes.

RATIONALITY

Rationality is perhaps the most well-covered cognitive topic in the literature, and in fact, the logical tradition factors prominently into AI’s heritage.  Concepts ranging from logical reasoning, to goals, to planning, to action selection in autonomous agents epitomize rational thinking.  Some however stress that rational thinking is only one type of thinking. Gelernter, for example, describes a spectrum of thought (1994) where rational thinking like deduction lives at the high focus end, dreaming and discursive thought at the low focus end, and creative, analogical thinking as somewhere in the middle.  Ultimately, rationality represents an idealization of human thought, inspired by logic, economic theory, and decision-theoretics.  Because this ideal is widely understood and obeyed socially, rational thinking is useful because it becomes a protocol for communication, socially-defensible behavior, and prediction of the behaviors of others.

The appeal of logic. Part of the appeal of rational thinking is the general perception that it is the discovery of some objective truth, and for this reason, logic is often regarded as quintessential framework for objective truth. For its part, logic offers various assurances about the condition of truth.  The most common type of logic, the first-order predicate calculus (FOPC), has an ever appealing property called monotonicity, which assures that the truth of any proposition will not change when new axioms are added or old axioms deleted.  Traditional logics are based on deduction, which is a method of inference which is quite exact and foolproof.

While logics are good at modeling formal discourses, they are arguably ill-equipped for real world common sense reasoning, which calls for more heuristic reasoning in the face of incomplete, inexact, and potentially inconsistent information.  Nevertheless, devout logicians have attempted to model the common sense reasoning problem via the FOPC, beginning with McCarthy’s suggestion (1958), and culminating in the Cyc Project (Lenat, 1995) in which common sense knowledge is represented in two million logical assertions.  

Economic theory and decision-theoretics.  Much of what is considered the protocol of “rational thinking” is thinking within a decision-theoretic framework, with the guidance of economic theory (Good, 1971).  Generally, a rational agent should make decisions which maximizes goodness.  For example, the action selection process in autonomous agents research is modeled according to economic laws (Maes, 1994). Given the current state of the world, and a set of goals, the ideal next action for an agent should result from a cost-benefit-risk analysis, where goals are scored by their priorities, or organized into goal-subgoal hierarchies.  Other classic examples of idealized rational thought in the AI literature include the SOAR cognitive architecture’s model of goal selection and impasse fixing (Newell, 1990; Lehman et al., 1996); and the planning systems for the STRIPS blocks world solver (Fikes & Nilsson, 1971) and the early mobile robot Shakey (Nilsson, 1984).  In the AI planning literature, utility theory from economics is responsible for the filtering principle, i.e. constrain reasoning by eliminating lines of reasoning which conflict with goals, and the overloading principle, i.e. try to construct a plan which satisfies the greatest number of goals (Pollack, 1992).

Rationality and mindreading.  One of the most compelling uses of the rationality principle is for predicting or explaining the behaviors of other social actors, often referred to as mindreading in the Cognitive Science literature (but not to be confused with the psychic powers of fortune-tellers and the like). The way in which humans understand and predict the behaviors of other social actors is best captured by Dennett in his postulation of the Intentional Stance (1987).  Dennett postulates that in order to predict the behavior of a social actor, one would view that social actor as an intentional system possessing beliefs and desires, whose behaviors result from rational deliberations on those beliefs and desires based on primarily on the economic principle of utility.  For example, I believe I have 1.00$ to spend and I believe I see an ice cream, and I desire an ice cream; therefore the intentional stance would predict that I intend to buy the ice cream.  Mindreading and the associated concept of theory of mind also emerges in the autonomous agents literature, because autonomous agents often find it necessary to predict the actions or explain the beliefs or desires of other agents, and a popular representation for this kind of agent modeling is the Belief-Desire-Intention model of agency (Georgeff et al., 1998), closely tied to Dennett’s formulation.

ATTENTION

Attention is important enough a cognitive faculty to warrant discussing it specifically.  The capacity to attend, together with the capacity to intend, account for much of the directedness of conscious experience.  And directedness is vital; without it, crisp thoughts could not form, and learning would not be so keen or nimble.

Stereotyped attention. The capacity to attend to visual items in a scene; story items in a narrative; particular aspects of a person, object or situation; and the capacity to focus on a train of thought or on aspects of a memory represents a remarkable capacity whose elegance has yet to be replicated on any machine.  Gelernter’s suggestion that that thought can be understood as occurring with varying degrees of focus is a statement that minds are able to select some idea, focus on aspects of it, and keep them juggled in the working memory, for as long as they are needed.  

Many knowledge representations have implicit capacity for attention, but this fact is not always noted.  The psychologist Bartlett’s work on frames of reference (1932) explored the phenomenon of how minds can “pick items out of their general setting,” or put another way, have minds can foreground certain items or concepts while backgrounding others; Bartlett concluded that minds employ something like a frame, with pairs of slots (stereotyped expectations) and values (actual item referenced in the current setting). Minsky imported Bartlett’s frames of reference idea into the AI knowledge representation literature, with some nifty elaborations such as default values and frame-arrays, and the frames knowledge representation was born, in his seminal paper, A Framework for Representing Knowledge (Minsky, 1974). A frame is a mechanism of attention for a computer program.  Suppose for example that an information extraction program has the task to gist out the details from a newspaper article.  One way to implement the program is to author a set of stereotyped semantic frames for common news stories like a sporting match or a natural disaster.  First, the computer reader selects the appropriate frame, and then fills its slots with details found in the text.  An “earthquake frame” might have slots like “magnitude,” “number of people killed,” “damage cost,” and may inherit some slots from a more general frame on “events” with its own slots of “location,” “date and time,” et cetera.  

By identifying certain “roles” or “slots” as being more prototypical or important to understand, a frame causes a computer to attend to just those aspects.  However, it is worth saying that a computer, like a person, cannot attend to anything unless it is programmed to do so, and the typical computer’s general lack of curiosity prevents it from discovering and learning new items of attention.  Also, the notion of ontological commitment relevant to all knowledge representations is a mechanism for attention in that a computer program is constrained to only be able to think about the features given in the ontology.  Provocatively, the psychoanalyst Lacan says that natural language similarly constrains the thoughts of people who speak those languages (Lacan, 1966).

Minsky’s original paper anticipates a very broad range of uses, into the use of syntactic, semantic, and thematic role frames in language understanding, and the use of visual frame arrays to see objects like cubes.  The analog of frames in some of the story understanding literature is the conceptual schema which similarly is a unit of stereotyped understanding with slots and values (Schank & Abelson, 1977).  Conceptual schemas are also the basis for the representation of a memory in case-based reasoning.

Triggers of attention.  Attention shouldn’t completely be determined by a priori knowledge in the form of patterns for stereotyped understanding; these have dominated much of the literature, including frames, conceptual schemas, expert systems, microworld systems, scripts, plans, and explanation patterns; by contrast far less work in literature with attentional fluidity, that is, in human minds, attention is a spotlight, moved fluidly from one item to the next as the situation evolves.  Within the small corpus of interesting work which has been done is work on cognitive reading. This research sheds light on how shifts of attention may be triggered in the process of understand what one is reading.  For example, Ram’s AQUA story understanding system (1994) operates on the premise that expectation violation is a usual trigger of attention in the understanding process.  For example, a new story about a suicide bomber causes the recall of some stereotypical expectations such as the fact that the suicide bomber is usually an adult male and is religious.  However, as the reading process unfolds, it becomes known that the suicide bomber is actually a teenager and not religious.  The expectations about the situation have been violated, and Ram’s thesis is that this constitutes an understanding anomaly, which demands attention to its resolution.  Ram argues that in addition to anomalies, questions asked internally by the reader also drives reading attention.

UNDERSTANDING

The classic ELIZA AI psychiatrist program (Weizenbaum, 1966) parses an input using generic sentence patterns and spits back canned responses with key words substituted in, but does that mean that ELIZA understands the user’s utterances?  This has always been hotly debated within the philosophy of Artificial Intelligence, the classic poignant attack on machine understanding coming from Searle’s Chinese Room argument (1980). Our position in this paper is not to pick a fight about the metaphysics of understanding, we simply point out that understanding comes in shades; not all understandings are equal.  Also, there is a strong sense that understanding is somehow deeper than rote memorization.  We consider rule-based systems whose knowledge base of rules is relatively small to be closer to rote memorization. In contrast, understanding based around lucid simulation models such as physical models feel deeper, and much of the work on AI grounding (Roy, 2002) can be thought of as efforts to deepen understanding by connecting symbols to richer physical or embodied representations. Ultimately, our judgment of the goodness of an understanding involves aesthetic factors in addition to more objective utility-theoretic factors. 

In this section, we deliver three lines of thought.  First, that human understanding is metaphorical; second, that lucid simulation models provide deeper understanding than simple rule-based systems; third, that understanding can be further deepened when multiple models of understanding can be overlaid or otherwise coordinated.

Understanding is metaphorical. In the seminal work, Metaphors We Live By (1980), Lakoff & Johnson make a strong argument for human thought being fundamentally metaphorical in nature.  Their thesis is that humans, having acquired a corpus of physical embodied experience with the world, fundamentally understand movement through space, and spatial orientation, among other things.  Any new understanding then, occurs within the metaphorical scaffolding already set up by spatial movement and orientation.  In this fashion, new understandings happen atop the backs of old understandings, and there is a layering effect.  For example, “war” is a cultural metaphor which is grounded in understandings of a host of concepts like “defense,” “attack,” “hit,” etc; “defense” might be grounded in the spatial metaphor of a barrier to an object’s trajectory, and still yet other arguments are built atop a grounding of the “war” concept, such as “argument,” e.g. “he attacked my position, but I stood my ground.”  Lakoff and Johnson point out that subject areas which are difficult to structure by basic metaphors are also the subjects which are the least intuitive and most difficult to understand, such as some mathematics (Lakoff & Nunez, 2000).

If human understanding is indeed metaphorical, then perhaps computer understanding should also exploit metaphorical understanding. More specifically, a computer program hoping to understand human utterances could project those utterances into a more basic metaphorical domain whose dynamics and laws are more well understood. Indeed, there is some research in the literature in this vein.  

Narayanan’s KARMA system (1997) understands business news articles by exploiting metaphorical language about trajectories through space, e.g. “Japan’s economy stumbled.” A variety of motion verbs, e.g. “walk,” “stumble,” “stroll,” are given simulation models  called x-schemas, represented as Petri-nets, each associated with a “f-struct” which reads features off of the Petri-net to report the current state of situation, e.g. “Is the agent stopped? Is the ground stable?”  KARMA’s computer reader understands utterances like “Japan’s economy stumbled” and “the ground was shakey” by mapping the language into the x-schema simulations.  An x-schema constitutes a lucid model of understanding because at any given moment, the complete state of all features can be read off of the simulation to answer questions about the text.

Deepening understanding with lucid simulation models.  We define a lucid simulation model as 1) a computational model with some internal dynamics amenable to time-step simulation; 2) whose complete state can be read off at any given moment; and 3) perturbing some state in the model should have ripple effects on other parts of the model, that is to say, states should be inter-connected and affect each other via internal dynamics of the simulation system.  We argue that understanding using lucid simulation models is deeper than using static representations like frames and expert rules because complete state is always known (lucidity) and states affect each other greatly through internal dynamics (utility-theoretic overloading).

The aforementioned KARMA is one example of a lucid simulation model.  Two other solid examples are Talmy’s force dynamics theory (1988), and Liu’s character affect dynamics (CAD) understanding system (2004b).  Both force dynamics theory and CAD are attempts to understand text metaphorically in terms of physical force, and affective energy flow, respectively. The conceptual primitives in force dynamics theory are entities, and the typical scenario calls for two entities.  Each entity exerts a force on the other and the sum of the forces yields in some consequent. In CAD, characters and objects in a story are each imbued with affective energies, and these energies can be transferred from one entity to another, with possible effects such as imbuement, resignation, or deflection, depending upon the properties of the transmitter and recipient. Force Dynamics and CAD both take a cognitive linguistics approach; both argue that inherent in basic language constructions and in the lexicon are the needed semantics.  Force dynamics uses syntactical elements (e.g. against, despite, modals) and the semantics of verbs such as “resisted,” “refrained” to animate an underlying spatial representation.  CAD utilizes the affective connotations of words, and the spatial connotations of syntax (e.g. transitivity, intransitivity, reflexivity, copula-constructions) and of verb-semantics (e.g. passive versus active verbs) to animate an underlying simulation of the story world.

Some marginal examples of lucid simulation models include Jackendoff’s trajectory space (1983), Borchardt’s transition space (1990), and Zwaan & Radvansky’s situation models (1998).  Trajectory space focuses on semantic mappings of text unto spatial representations of objects moving along paths from sources to destinations.  Transition space represents a story event sequence by tracking the differential change in the properties of objects, for example, both a “car accident” and “kissing” can be modeled as the following transition sequence: accelerating, steady velocity, zero velocity.  Situation models, otherwise called mental models, are multi-dimensional models of the world constructed in the course of reading a text.  We include this as a lucid simulation model because objects, once created in the mental model, persist, can be referred to from the text using pronominals and deixis, and the model evolves as new modifications and additions are accrued unto it. Situation models have some integrity; they do not change completely as new utterances are made, but rather, the effects of new utterances are absorbed into the integrated model.  As with the other lucid models given as examples here, the complete state of situation models can be read off at any time.

Multi-perspectival understanding. Minsky once said that “you really never understand anything unless you’ve understood it in at least two ways.” There is something to be said about this.  When a situation can be understood in more than one framework, then the contribution of each framework can be put into perspective, and the coordination of the understanding across the individual frameworks can promote a different type of understanding to emerge: understanding about the structurality of and relationships between the frameworks themselves!  We call this multi-perspectival understanding, and Minsky, who so fervently advocates this position, has begun to address some of the representational issues for computing this type of understanding.  In Society of Mind (1986), Minsky conceptualizes different realms under which a single situation can be understood, including the physical realm, emotional realm, dominion transfer realm, mental realm, and so on.  So for example, the utterance “Mary invited Jack to her birthday party.  Jack thought that Mary might like a kite,” can be analyzed as having consequences under each of those realms.  Change within each realm is modeled by a transframe (a before-state, after-state pair), which is borrowed from transfers in Schank’s Conceptual Dependency Theory (1972).  Minsky proposes a paranome as a cross-realm coordination mechanism; it is a special type of nomic K-Line which links together the same or analogous features across different realms.  Dennett’s Intentional Stance theory (1987) contains a similar idea; he specifies that in addition to taking an intentional stance toward an entity, one can also take the design stance or physical stance toward it.  Each type of stance is a different framework of representation, and switching rapidly between these stances can lead to a coordinated understanding of an entity or situation.  For example, a grocery store heist can be thought of in terms of the physical motions of the robber flying through the door; in terms of the design of the gun which should fire a shot as its trigger is pulled, or the design of a human which should die when shot at close range; or in terms of the intentions and mental states of the grocery store clerk and robber as the robber points his gun at the clerk or acts impatiently.  Weaving together the understandings under these different stances leads to quite a versatile understanding of the scene, arguably more so than the mere sum of its parts.

LEARNING

Learning is an undeniably central cognitive faculty for both humans and humanesque cognitive machines, which allow for growth, evolution, and adaptation.  However, the current state of machine learning is still a far cry from the elegance of human learning.  Presently, the most prevalent type of machine learning is based on statistical reinforcement of a priori features (Kaelbling, Littman & Moore, 1996), which may either come from a hand-crafted ontology, or may be discovered automatically through information-theoretic methods.  The latter approach is employed in techniques such as latent semantic analysis (Deerwester et al., 1990).  The limitation of most statistical learning approaches is that the kinds of features to be reinforced are either too rigid (because they are a limited, hand-crafted set), or are quite meaningless (some high-dimensional vector statistical learning techniques over text employs features like punctuation or bigram collocations of words).  In addition, new features are never synthesized, and learning is rarely disruptive—necessitating the entire old framework to be discarded in favor of a new one.  

We take the opportunity in this section to discuss some aspects of human learning which have been wildly successful for people, but still need to be better understood in order to realize their import to machine learning.  Conversely if machine learning would also benefit from doing more as people do. These aspects are: directed learning, well-constrained learning, and protected learning.  For people, these aspects make learning happen quicker and more reliable than with statistical reinforcement methods.

Directed learning.  People learn more quickly than typical statistical reinforcement methods learn in part because learning is directed.  Bloom observes this phenomenon in the case of children learning the meanings of words (2000).  We might conceptualize in a reinforcement learning framework that words build associations with different sensorial cues, and over time, certain word-to-sensory-object pairs become stable; for example, under this framework, a child would learn the word firetruck because the association between his sight of the toy firetruck and the sound of the word “firetruck” uttered by a parent-teacher gets reinforced moreso than other word-sensory-object pairs.  But Bloom observed something different: that all normal children can learn words reliably in one try!  He calls this fast-mapping learning, and theorizes that it is possible because human learning is directed, and implicates attention, and mindreading.  A child plays with a toy and is attending to it.  When the parent says “firetruck,” the child mindreads the parent’s intention in this utterance, perhaps confirming that the parent is gazing at the firetruck, and whose utterance is meant for the child.  If the intention is reliably directed at the firetruck object, then the child learns the word reliably.  
Well-constrained learning. Directed, fast-mapping learning is more difficult to compute because attention and intentionality are complex cognitive phenomena. But factors like reliability and contextual constraint are being leveraged in some computational learning systems. 

In the computational literature, Drescher’s constructivist learning system successfully adds the notion of reliability to hasten the learning of knowledge structures called schema mechanisms (1991).  As the system performs some action, such as moving its hand backward, it observes state changes in the neural cross-bar, which similar to Narayanan’s f-structs, gives a complete reporting of the values of all states in the system.  Typically, in reinforcement learning, the action must be repeated a large number of times to be sure that there is a causal relationship between the action and the states which are affected, but Drescher successfully reduces the number of necessary repetitions by invoking the notion of reliability, which means that the system is particularly sensitive to fall-out, or false positives.  If ever the hand moving backward always causes the lips to be touched, but then in one case, the lips are not touched, then the association is deemed unreliable and no causal connection is learned.  Drescher calls this learning mechanism marginal attribution.

Winston’s arch learning (1970), sometimes called near-miss learning, also leverages contextual constraint to add focus to what is learned, namely, it is a way to learn border conditions, which Winston suggests as having greater decision-theoretic utility than either positive examples or negative examples.  In Winston’s original arch learning scenario, a system is given some positive examples of arches built from blocks, and some negative examples, and it must learn to classify an arbitrary arrangement of blocks as either being or not being an arch.  However, a system learns more accurately and more quickly if some near-hit and near-miss examples are given.  A horizontal rectangular solid is stacked on top of two vertical rectangular solids supporting either end, and this is a near-hit example.  However, when one of the supporting solids are removed, this is a near-miss example.  The example is chosen to focus on the constraint offered by the single supporting solid; the near-miss learning doctrine is that this type of example is more useful than any arbitrary positive or negative example.  Another feature of learning is generalization.  Given many examples of arches, these examples can be chunked into a generalization.  This is simple in some cases, but hard in others, as in the case of the vision features of a “chair.”  To cope with this generalization problem, Winston uses several prototypes of chairs and connects them into a relational Similarity Network (1970), which connects examples with similarities and differences.

Protected learning. So far we have discussed directed learning and well-constrained learning.  Those methods succeed because they allow learning to be focused and reliable.  Another way to put it is that certain factors, such as finding choice examples (near-miss), zero tolerance for false positives (marginal attribution), and attaching intentionality to the instructor (fast-mapping), assure high fidelity for the channel of instruction.  There is a sense that not only is high fidelity nice for rapidity of learning, it is absolutely critical when learning mission-critical knowledge, such as when people acquire knowledge about goals and values to possess in life.  While mis-learning the word for a firetruck incurs a small cost and is correctable, goals are mission critical, and learning the wrong goals can sometimes be a matter of life and death, or at least incur great cost.  For goals, values, and other mission-criticals, there needs to be a protected learning mechanism which assures that bad things are not learned.  But how would this work?

Minsky, in The Emotion Machine (forthcoming), develops a theory that humans protect the fidelity of goals learned by only learning from certain people called imprimers.  Citing work in developmental psychology literature, Minsky explains that an imprimer is a parent, caretaker, or otherwise mentor to whom a person feels emotional attachment; the defining criteria for an imprimer is someone who can make you feel self-conscious emotions like embarrassment or pride through their critique of you.  Learning from an imprimer, which Minsky terms attachment-learning works through the attachment elevator hypothesis – every time you do something and your imprimer praises you for it, the goals which led you to those behaviors get elevated; conversely, every time the imprimer rebukes an action, the goals which led you to those behaviors get suppressed.  

FEELING

Feelings, emotions, and sentiments have, in the history of the intelligence sciences and in the history of Western philosophy, often been derided as secondary to cognition and intelligence.  However, in more recent decades, it has emerged that feelings actually play a hugely important role in cognition, and participates ubiquitously in all areas of cognition.  This section overviews some of feeling’s roles in cognition, and then discusses computational models to support it.

Feeling’s meta-cognitive role. Minsky has suggested that feelings play a meta-cognitive role, involved in the control mechanisms for thinking (Minsky, forthcoming).  For example, feeling fear toward a situation heightens cognition’s attention to possible dangers, while feeling anger influences a person’s selection of goals, such as choosing to take revenge over other goals.  Feeling self-conscious emotions such as pride or embarrassment assist in a person’s revision of personal goals, and participates in the development of self-concept.

Feeling as a means of indexing memories.  In the encoding of memories, feelings are an important contextual feature, as much as, if not more than sensory features like sight, sound, and smell.  We can think of feelings as the universal metadata for memory, because it applies even when sights or sounds do not. Gelernter suggests that all memories are linked through feeling, and that it is primarily navigation through memories via feeling pathways which constitutes low spectrum thought, a dream-like state.  He calls this effect affect linking (Gelernter, 1994).

Feelings arise out of cognition.  Furthering the intimate connection between emotions and cognition, Ortony, Clore & Collins (1988) theorize that emotion arises out of cognition, resulting from the cognitive appraisal of a situation.  In their model, emotions are directed at, and stay associated with, events, agents, and objects.  This stands in contrast to previous conceptualizations of emotions as arising out of the body rather than out of the mind and mental processes.

Representations of feelings. For this computational discourse, we switch to the term “affect” which is more popularly used in the field of affective computing (Picard, 1997).  In some ways it is a cleaner word; it is less burdened with the pejorative meanings which have been imbued onto the words “feeling” and “emotion,” and unlike “emotion” which is generally urged to fall into a linguistically articulatable ontology of emotional states (e.g. “happy,” “sad”, but not arbitrarily in-between), “affect” can refer easily to unnamed states.  

Computational representations of feelings are of two types: ontological, and dimensional.  Ontological models provide a list of canonical emotion-states, and the selection of the base vocabulary can be motivated by a diverse range of considerations. For example, Ekman’s emotion ontology (1993) of Happy, Sad, Angry, Fearful, Disgusted, Surprised, derives from the study of universal facial expressions. Dimensional models pose emotions as being situated within a space whose axes are independent aspects of affect.  They carry the advantage of continuous representation, and allow distances to be determined between two affective states using simple Cartesian distance measurements.  An example is the dimensional PAD model of affect proposed by Albert Mehrabian (1995), which specifies three almost orthogonal dimensions of Pleasure (vs. Displeasure), Arousal (vs. Nonarousal), and Dominance (vs. Submissiveness).  
CREATIVITY

Creativity is perhaps the cognitive faculty most admired by people.  Computationally, simple models of creativity have been developed using three paradigms: variations-on-a-theme, generate-and-test, and analogy-based reasoning, but more sophisticated models such as those in which the test procedure employs aesthetic criticism, are still beyond reach.

Variations on a theme.  The variations on a theme model of creativity represents the most conservative kind of creativity.  In The Creative Process (1994), Turner models the author’s storytelling process using Schankian conceptual schema structures, with role slots and values.  The implemented system is called MINSTREL and operates in the King Arthur story domain, and so examples of slot-value pairs are: “agent – knight,” “patient – dragon,” “action – kill.”  MINSTREL introduces creativity through the TRAM mechanism which recursively mutates one slot value at a time into a variant using a simple subsumption hierarchy of types.  For example, “action – kill” mutates to “action – wounds” and “patient – dragon” mutates to “patient – troll,” using the subsumptions “dragon is-a villain,” “troll is-a villain,” “kill is-kind-of hurt,” “wound is-kind-of-hurt.”  However, this kind of approach, while more likely to generate sensical results, is subject to the limitations of local hill-climbing, never reaching better solutions which are too many changes away from the original.

Generate-and-test.  The generate-and-test paradigm allows more radical changes to be explored, and the creative solution is not tethered to a dominant theme.  However, there is a new onus on the test procedure to assure that the creative solution is both good and workable.  In the literature of AI-driven art, Latham’s AARON program and Sims’s genetically recombinating drawing program explores more radical mutations (cited in (Boden, 1990)).  Sims’s program for example, consists of a sets of distributed agents each capable of achieving the same goal in different aesthetic ways; these agents combine and recombinate in the fashion of DNA, creating completely new agent capabilities.  Artwork created through some combination of agents is judged by a human (the test procedure is unfortunately, not automated), and a positive judgment promotes those responsible agents, while negative judgments decimate the ranks of those agents.

Analogy-based creativity.  The paradigm of analogy-based reasoning is to identify a mapping between two unrelated domains, and then to explain aspects of the source domain by examining the corresponding aspects of the target domain.  In order to perform analogy computationally, a common technique called structure-mapping is employed (Gentner, 1983).  However, this requires that the computational system performing analogy possesses thorough knowledge about the source and target domains, their associated features, and the cross-domain relationships between the features.  ConceptNet (Liu & Singh, 2004b), a large semantic network of common sense knowledge, is one source of such information.  And an example of conceptual analogy from ConceptNet is shown below (read: “war is like.. fire, murder, etc”):
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Aesthetic criticism. In the generate-and-test paradigm, more of the burden for a good creative solution is placed on the test routine.  Typically, several aspects must be tested: 1) that the solution is well-formed, 2) that the solution has high utility, and 3) that the solution is elegant. This third criteria poses a particularly interesting challenge to computing.  Fortunately, there is some computational literature on aesthetic critics.  

In Sims’s genetically recombinating artist, the aesthetic qualities of the produced artworks had to be judged by people, further illustrating the difficulty of computing aesthetic qualities.  However, Hofstadter has investigated aesthetic criticism in two projects.  Using analogy, Hofstadter created a computer program called CopyCat (Hofstadter & Mitchell, 1995) capable of answering this question creatively: “Suppose the letter-string abc were changed to abd; how would you change the letter-string xyz in the same way?”  A shallow solution is “xyd,” but that is unsatisfying because it does not acknowledge the relationships between the letters such as succession.  A more subtle and aesthetically satisfying answer would be “wyz,” and CopyCat is capable of judging the aesthetic sophistication of its solutions by knowing which types of solutions feel more profound to people.  With McGraw, Hofstadter also explores “the creative act of artistic letter-design” in Letter Spirit (McGraw & Hofstadter, 1993).  Their goal is to design fonts which are creative, yet aesthetically consistent among the letters.  In Letter Spirit, the Adjudicator critic models aesthetic perception and builds a model of style. Here, the generate-and-test method for creativity is elaborated to what McGraw & Hofstadter call a “central feedback loop of creativity.”

CONSCIOUSNESS

Previous sections have built us up to a discussion of conscious experience.  Although Minsky (1986, forthcoming) and Dennett (1992) largely regard the perception of consciousness as a mirage, a grand trick, there is an undeniable sense, that mirage or not, people feel it to be real.  

Prototypes of consciousness. Consciousness is the driver of a cognitive machine, making the decisions, lending to the perception of free will, and lending a coherency and persistence to the self. The classic metaphor used to explain conscious experience is the Cartesian Theatre (Descartes, 1644) – the idea that consciousness is a theatre, a play executing on the stage, and also the audience watching the play being executed.  However, this is an idealization.  Gelernter would likely argue that the crispness and polish of the theatre only represents the high-focus end of the thought spectrum, also the home of rational thinking.  At this end, thought is a serial stream, whose navigation accords to our sense of what is and is not rational.  As we reduce focus, the middle of the spectrum is creative thought, where occasionally, analogies and other divergent thoughts are pursued.  Going lower still, we begin to think by simply holding images and remembrances in the mind for a while, traversing to the next memory through affect or other sensorial cues.  Here, thought is more of a wandering sojourn than a path toward a goal.

What allows us to gain focus over thoughts are the cognitive faculties for attention and intention.  Attention allows us to juggle the same idea in working memory while we “think” about it, giving us the perception of continuity and persistence of thought.  Our ability to perceive the intentions of others, the directedness and aboutness of their actions, fold back symmetrically unto ourselves, causing us to be conscious of our own ability to intend.

Our ability to possess and manipulate our self-concept also figures into conscious experience.  When we attend to our self-concept, and compare that to our previous self-concepts through remembrance, we experience continuity of self.  Self-concept and self-representation are seemingly unique to our own species.  

Architectures of the conscious mind. If we combine the ideas about the self as being composed of instinct and reaction, the ability to juggle thoughts, and the ability to possess and manipulate a self-concept, we arrive at a common architecture for the mind proposed by Freud (1926), Minsky (forthcoming), and Sloman (1996).  Freud called his three tiers of the human psyche id-ego-superego, while Minsky and Sloman call their layers reactive-deliberative-reflective (Minsky also explores an elaborated six-layer hierarchy in The Emotion Machine).  The reactive layer is common to all living creatures, while deliberation and reflection are seemingly only found in humans.  Deliberation requires the juggling of thoughts with the help of attention, and the fact that there exists crisp thoughts to juggle in the first place is perhaps best owed to the presence of language, which is socially developed.  This begs the question: what would people be without sociality?  Would thought be possible in the same way?  Would consciousness be possible in the same way?  Reflection is a special kind of deliberation which involves thinking about and manipulating a representation of the self and of other people’s minds.  

Another way to think about consciousness, computationally, is that it is a meta-manager of other processes, called demons. This is Minsky’s idea of a B-Brain, capable of observing A-Brain processes (1986). Selfridge’s Pandemonium system (1958) originated the demon-coordination idea in the computational literature, which has recently evolved into the distributed agents system problem.  In that system, each demon would shout when it could solve a problem, and the demon manager would select the demon with the loudest voice.  However, if a demon fails the task, its voice to the demon manager is reduced in the future.  Sloman conceptualizes the demon-coordination problem similarly.  In his scheme (1996), concurrent goal-directed processes are running in parallel, and each is indexed by its function.  A central process coordinates between these processes, resolving conflicts, and making decisions such as which processes to keep and which to end in the face of resource shortages.

HOMEOSTASIS

It may seem a bit funny to talk about homeostasis in regard to cognition and the mind, as the word is usually applied to phenomenon such as the body’s regulation of its temperature, or the balancing of ecological systems.  However, the mind can also drift towards trouble, which needs to be placed in check.  If the mind begins to take on cognitive baggage, those need to be purged.  If the mind is tense, it needs to be relaxed. And if certain kinds of errors are frequently committed, those need to be corrected. 

Expunging the baggage of failure.  When one fails at achieving a goal, the result is not only emotional disappointment, but often also cognitive baggage. That is to say, the failure remains in our thoughts, it can become distracting, and the memory and emotions of the failure may recur to disrupt our lives.  Sometimes we feel the failure recurring, but have lost an exact pointer to its cause.  Freud calls this class of traumatic memories repressions (Freud, 1900).  As the amount of baggage increases, it can become a burden.  Luckily, there are cultural and personal mechanisms for garbage collecting this baggage.  Freud identified night dreaming as one such mechanism for integrating a day’s worth of ideas into our memory and discarding the rest.  Daydreaming is another.  Mueller, in fact, implemented a computational system called DAYDREAMER  (1990) which explored the utility of daydreams.  Of the purposes which Mueller identified, one is related to emotional regulation.  If the DAYDREAMER system suffered a recent failure and is bothered, it can create a daydream about an alternate ending, a more desirable ending, and experience the pleasures of that ending even though it did not actually happen.  Sometimes, it is just a matter of “getting it out of your system,” and imagining the alternate ending is enough to satiate those emotional needs.

The catharsis of laughter. For Freud, laughing at jokes represents a liberation of the repressed (1905).  He found that jokes often covered subjects which were cultural taboos – those tales not kosher to discuss in any earnest context because of their unseemliness or over-frivolity.  However, formulating the topic as a joke is a way of sneaking it past the mental censors which inhibit them.  The effect of laughing at these jokes is catharsis – relieving the pressure built up in the unconscious pressure cooker.  Minsky views jokes similarly but adds that they also have a nice utility.  Jokes, he says, are a mechanism for learning about bugs in everyday common sense which if not for being disguised as a joke, would be blocked by mental censors (Minsky, 1981).  Jokes are a means to learning some commonsensical negative expertise.

Getting unstuck common bugs. Acquiring negative expertise through humor may help us get unstuck from common bugs.  Another medium which teaches us about rare bugs may come from adages, e.g. “Closing the barn door after the horse,” or, “the early bird gets the worm.”  In the computational literature, Dyer shows that adages are often buried as morals in stories we often here.  In his BORIS understanding system (1983), TAUs or Thematic Abstraction Units, represent these adages.  According to Dyer, adages all illustrate common planning errors.  When one experiences a goal failure, these seemingly harmless and irrelevant adages come to mind, and often, help us in the reflective process to realize the bugs in our plans, suggesting solutions to us for getting unstuck.

CONCLUSION

In this paper, we dove anecdotally into some of the most interesting problems in humanesque cognition: remembrance, instinct, rationality, attention, understanding, learning, feeling, creativity, consciousness, and homeostasis.  Our goal was to tell a story about aspects of the mind and of human behavior using the literature on knowledge representation, reasoning, and user modeling in Artificial Intelligence, Cognitive Science, and other relevant fields.  Often times AI researchers lose sight of the relevance of their computational work to the greater problems, deeper problems in humanesque cognition, and we feel it is vitally important to tell exactly this kind of story.  Each topic covered in this paper is a story of where we have been, where we are computationally, and is suggestive of where there is left to go.  

In reflection, the field has come quite far with its ideas, especially in the wake of the birth of Cognitive Science, which often seems to pick up the unfinished business of abandoned deep AI ventures; a further observation is that some of the most interesting and provocative work seems to be coming from the fringes of the field, not yet picked up by mainstream research.  Also there is some deeply important work which threads through the paper; these themes include Gelernter’s spectrum theory of thought, Dennett’s stances, Drescher’s constructivist learning “baby machine,” Minsky’s Society of Mind, analogical reasoning and metaphor, research on cognitive reading, and the Schankian tradition of understanding.

Above all, what we most wanted to achieve here is a reinvigoration of the spirit which birthed AI in the first place: AI’s first love was the beautiful human mind, its conscious experience, its remarkable ability to focus, attend, intend, learn keenly, think both creatively and rationally, react instinctively, feel deeply, and engage in remembrance and imagination.  Reconnecting AI to AI’s original muse, the mind, and realizing where the gaps lie, is a humbling and eye-opening experience. This is a checkpoint.  We know where we can go next.  Are you ready? Let’s go.
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