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Abstract

Understanding is at the core of higher-level information processing and has a long history in the
cognitive sciences. It is often described as a complex phenomenon with many dimensions, which
makes it difficult to define with precision. Many researchers have noted that understanding is often
ill defined, indirectly addressed, or avoided altogether. This is particularly disappointing considering
that understanding has been a topic of interest since the ancient Greeks. In order to address this
problem with our understanding of understanding, we reviewed literature from philosophy, psychol-
ogy, education, neuroscience, and computer science. Here we summarize insights from that review,
focusing on similarities and differences across those domains, as well as implications for the nature,
measurement, and modeling of understanding.

1. Perspectives Across Disciplines

Understanding has been discussed and debated for millennia, yet remains rather poorly understood.
There have been efforts in cognitive science to describe, measure, and model human understanding.
These efforts are often incomplete, domain specific, or at too high a level to describe the underlying
processes with precision. This state of affairs is disappointing for many of us working in the cog-
nitive sciences, and the difficulties in defining and implementing understanding are often acknowl-
edged (e.g., Gluck & Laird, 2019a, 2019b; Hayes & Simon, 1974; Langley, Laird, & Rogers, 2009;
Pritchard, 2009; Rogers, 2008; MacLellan, Harpstead, Marinier, & Koedinger, 2018; Minsky,
1975; Moore & Newell, 1974; Schank & Abelson, 1977; Simon, 1980, 1986; Simon & Hayes,
1976; Smith & Siegel, 2004). Here we report a multi-disciplinary literature review to address the
lack of consensus and clarity in the literature. Our goal was to find common ground in order to
facilitate cross-domain collaboration and progress. We discuss similarities and differences in con-
ceptualizations, measurement, and modeling of understanding, and conclude by providing a work-
ing definition of understanding with some suggestions for future measurement and modeling.
Although the topic is under-researched in general, several fields of study are relevant for im-
proving our scientific understanding of understanding. Here we review conceptualizations from
philosophy, psychology, education, neuroscience, and computer science. We use this review to
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identify eight common features from across these disciplines. These features may serve as the basis
for an emerging consensus regarding the nature of understanding.

Philosophers emphasize the role of schemas and language to understand the world (Kant,
1958; Wittgenstein, 1961). Relations and context appear more important than knowledge (Abelson,
1980; Austin, 1962; Skyrms, 1980; Woodward, 2003; Zagzebski, 2001) and some consider
knowledge to be separate from understanding (Grimm, 2006; Searle, 1980). Skyrms (1980) and
Woodward (2003) suggest understanding should let one estimate or predict how things could be
different if one variable in the situation were to change. This suggestion could involve systematic
manipulation and scientific predictions. However, performance may not be sufficient to measure
understanding, as one could perform well or infer correctly by luck with faulty knowledge (Gettier,
1963; Grimm, 2006; Pritchard, 2009, 2016; Rorty, 1979; Searle, 1980). In philosophy, understand-
ing requires valid inferences, appropriate performance, and valid or verified knowledge.

Psychological scientists emphasize that understanding is a matter of degree and occurs incre-
mentally. This process often starts at a superficial level and moves towards deeper, more meaning-
ful concepts and relations, with analogical reasoning often serving as an important component pro-
cess (Gentner, 1983; Gick & Holyoak, 1983; Katona, 1940; Kintsch & Greeno, 1985; Simon, 1980).
Understanding requires domain knowledge and higher-order cognitive skills that allow for active
organization, reorganization, flexible utilization of knowledge, and ability to generate or construct
concepts or procedures (Anderson & Schunn, 2000; Bransford, & Johnson, 1972; Greeno, Riley,
& Gelman, 1984; Greeno, 1977; Schank, 1980; Simon, 1986). In order to understand, one needs to
acquire a knowledge base of organized information with rich sets of relations that can generalize
to novel situations (Forbus & Gentner, 1997; Hofstadter, 2001; Scholz, 2018). Assessing one’s
level of understanding and knowledge through metacognitive monitoring is important to identify
faulty knowledge or to trigger search for additional information (Butcher & Sumner, 2011).

Education scientists emphasize the interaction between higher-order cognitive skills and
knowledge. These skills are important for organizing or structuring incoming information (Perkins,
1998; Perkins & Simmons, 1988), framing problems (Schoenfeld, 1992), identifying understanding
gaps (Mayer, 1998), and utilizing context to reduce ambiguity (Brenner et al., 1997). Wertheimer’s
(1959) Productive Thinking proposed that teaching with multiple perspectives and relations is more
effective than unidimensional methods. This allows for more flexible use of knowledge, such as
the ability to adapt to novel math problems with only slight modification of learned procedures
(Greeno et al., 1984). This type of learning is effective, but often requires considerable time, exam-
ples, and effort, which may not be practical when there are several learners, time constraints, or
low probability of knowledge transfer (Anderson, Reder, & Simon, 1997). In educational settings,
performance often serves as an indication of understanding (e.g., Perkins, 1998). However, as we
will see later, using performance as a measure is not straightforward and can be misleading.

Cognitive neuroscientists provide evidence that understanding is a complex distributed process
and emphasize the interactions among brain areas. Understanding-related processes appear to be
neuro-functionally distributed (Bunge, 2004; Bunge, Wendelken, Badre, & Wagner, 2005), and
there is evidence for the importance of semantic relatedness (Whitaker, Vendetti, Wendelken, &
Bunge, 2018) and meaningful context (Prat, Mason, & Just, 2012). Neuroimaging data suggest
knowledge can be dissociated from understanding to a degree (Bunge 2004; Green, Vendetti, Wen-
delken, & Bunge, 2006), which corresponds with philosophical arguments (e.g., Grimm, 2006;
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Figure 1. Overall and domain frequencies of explicit reference to the common features of understanding.

Searle, 1980) noted earlier. Understanding is associated with increased efficiency, including con-
trolled semantic retrieval (Whitaker et al., 2018) and inhibition of competing relations (Krawczyk,
2010), measured by changes in brain activation (Ischebeck, Zamarian, Schocke, & Delazer, 2009).

Computer scientists compare understanding-related processing in humans and computers.
They note that understanding involves (1) performance (Lindsay, 1963), (2) incremental steps
(Moore & Newell, 1974), (3) efficient search and use of indexed information (Simon, 1980; Simon
& Gilmartin, 1973), (4) networks of relations and the ability to perform in novel situations (Eli-
asmith & Thagard, 2001; Forbus & Gentner, 1997), and (5) information about the environment
(Schank & Abelson, 1977; Simon, 1980). Some argue for unorganized encoding so analogies can
be actively constructed upon retrieval (Veloso & Carbonell, 1993), while others suggest organized
encoding for efficient identification and processing of relations (Simon, 1980). Perhaps a hierar-
chically-organized, nearly-decomposable, system could allow a combination of these possibilities
(Greeno et al. 1984; Simon, 1996; Schoenfeld, 1992). Varied or distributed representations may
allow for flexibility, generativity, and creative use of knowledge (Hummel & Holyoak, 2005; Lang-
ley et al., 2009; Shanahan, 2006). As in psychology, metacognition and feedback are seen as im-
portant for identifying faulty or missing knowledge (Forbus & Hinrichs, 2006; Kirk & Laird, 2014;
Marshall & Hofstadter, 1997; Thomson et al., 2012).

Eight common features of understanding emerge from these diverse perspectives (see Figure
1 above). Understanding involves (1) degrees of understanding, (2) appropriate use of knowledge,
(3) organized knowledge structures, (4) generalization and transfer of knowledge, (5) rich networks
of relations, (6) leveraging context or frames, (7) inhibition of competing relations or representa-
tions, and (8) metacognition or feedback.

These common features relate to an assortment of representations and processes associated with
higher-level cognition. One salient example is the role of analogical reasoning, which involves
relational correspondence between a new representation or problem and a previously encountered
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one (e.g., Gentner, 1983). These representations are organized in a network of relations that pro-
gress from surface-level similarity to more abstract, general, and transferable relations. Similarly,
Gick and Holyoak (1983) emphasized the construction of schemas or multiple converged represen-
tations that reflect deep structural relations, are general, and not bound to a specific context. During
their experiments, dissimilar analogies increased the quality of schemas by increasing focus on
deeper relations. Analogical reasoning involves knowledge manipulation skills and provides an
important example of a higher-level cognitive process that contributes to understanding.

In addition to commonalities with analogical reasoning, the eight features of understanding
also emphasize the interaction of multiple components or systems and the benefits of metacognition
or feedback to inform progress, identify missing or faulty knowledge, and help calibrate mental
representations to the external environment. The role of inhibitory processes in promoting under-
standing was mentioned primarily in the psychology and neuroscience literatures. It is included in
Figure 1 to highlight the possible implications for relevant mechanisms in computational systems
intending to explain and predict degrees of understanding.

2. Measurement of Understanding

Degree of understanding is typically measured via performance (Langley et al., 2009; Perkins,
1998; Simon, 1980). Perkins (1998) argues that performance is a criterion of understanding that
involves explanation behind an action or solution, building an argument, and going beyond demon-
strations of rote memory. As in critical thinking, one should be able to explain, justify, extrapolate,
relate, and apply in ways that go beyond knowledge and skill (Halpern, 1998, 2014). Comprehen-
sion questions after reading text are good examples. They require generativity and construction,
rather than merely reproducing information or knowledge.

Perkins (1998) suggests that understanding involves building a “repertoire of complex perfor-
mances” (p. 52). This is similar to Greeno et al.’s (1984) generative view of competence. Here, one
can perform in a novel situation or with changing task conditions due to the complex interaction of
different kinds of knowledge, flexibility, and/or slight modification of procedures. Langley et al.
(2009) suggest exposing an agent to novel situations, tasks, and objects that are not directly related
to previous experience, then measuring performance to assess understanding. These interpretations
imply that the extent of understanding can be measured by how far a person or system can go
beyond the explicit information that was given.

Performance is a commonly used indicator of understanding, but there are certainly issues with
using it for this purpose. An individual could perform satisfactorily without actually understanding
(Greeno et al. 1984; Simon, 1980), and several cases have been documented (Ericsson & Harris,
1990; Ericsson & Oliver, 1989). Perkins (1998) recommends measuring performance on diverse
tasks with varying requirements to assess flexibility, as an indicant of the degree of understanding
achieved. Including some additional measures such as verbal protocols, eye tracking, or brain im-
aging could help validate these behavioral-based measurements. This type of converging measures
methodology has proven informative in categorization (Gluck, Staszewski, Richman, Simon, &
Delahanty, 2001) and decision making (Walsh, Collins, & Gluck, 2015; Walsh & Gluck, 2016),
and may also be useful for more complete measurement of degree of understanding.
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2.1 Higher-Order Cognitive SKkills

Measurements of understanding typically involve tests of domain knowledge. However, some
higher-order skills are needed, as knowledge itself is not sufficient for understanding. Some exam-
ples are the ability to engage in metacognition (Mayer, 1998), organize information (Perkins, 1998;
Perkins & Simmons, 1988), construct relevant representations (Brenner et al., 1997; Schoenfeld,
1992), and recognize when previous knowledge can be used in a novel situation (Clarke,
Cheeseman, Roche, & van der Schans, 2014). These findings led Butcher and Sumner (2011) to
suggest a sensemaking paradox where higher-order skills are required to learn complex topics, but
domain knowledge is needed to apply them. These skills are similar to critical thinking, which
Halpern (2014, p. 6) described as “applying knowledge in real-world settings, analyzing and solv-
ing problems, connecting choices to actions, and being able to innovate and be creative”.

Halpern (1998) suggested training in critical thinking and metacognitive monitoring can en-
hance understanding and transfer across domains, which was later supported by a meta-analysis
(Abrami et al., 2008). The meta-analysis also identified several measures of critical thinking: the
Watson-Glaser Critical Thinking Appraisal (Watson & Glaser, 1980), the Cornell Critical Thinking
Test (Ennis & Millman, 1985), and the California Critical Thinking Skills Test (Facione, 1990). A
more recent measure of high-order cognition, the Halpern Critical Thinking Assessment (Halpern,
2010), includes decision making, problem solving, hypothesis testing, argument analysis, likeli-
hoods and uncertainties, and verbal reasoning. Considering the comprehensiveness of these tests,
it may be beneficial to measure domain understanding by using this methodology and including the
desired subject matter.

2.2 Measuring Understanding in Models

Performance-based measurements are the most popular technique to assess understanding in hu-
mans, but those measurement processes would need to be modified to assess model understanding.
Cognitive models tend to be restricted to specific tasks, domains, or cognitive phenomena related
to laboratory experiments (Laird et al., 2017; Langley et al., 2009; MacLellan et al., 2018; Simon,
1980; Thomson et al., 2012). This restriction complicates assessing generalizability and higher-
order skills. Addressing understanding may require a shift to more large scale or gestalt-like phe-
nomena (Ericsson, Polson, & Wertheimer, 1982; Schierwagen, 2009; Wertheimer, 1985), which
would require more complex cognitive models that could later be broken down into components
for precise empirical testing (e.g., Ball, 2008).

3. Understanding-Related Processes

Multiple perspectives during learning can foster productive thinking and interest (Wertheimer,
1959), while narrow approaches may decrease interest and foster “re-productive thinking” or rigid
knowledge application (Cunningham & MacGregor, 2014, p. 47). However, balancing time and
effort costs with the benefits of transfer and practical importance of understanding the subject are
also important (Anderson, Greeno, Reder, & Simon, 2000; Anderson et al., 1997; Greeno, 1997).
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3.1 Organization of Memory

Although organization of memory relates to performance and degree of understanding (Mannes &
Kintsch, 1987), it requires time and effort, and it is subject to a “preparation-deliberation tradeoft”
(Newell, 1994). Individuals may not put forth the effort required to understand if it does not serve
a future purpose or is not required to solve the task at hand (e.g., Gick & Holyoak, 1983). In addi-
tion, people often do not have an accurate assessment of their own understanding. Comprehension
may be assumed unless there is some kind of error signal, such as an unfamiliar word or concept,
slowing down of processing, or a need to exert more effort (Glenberg, Wilkinson, & Epstein, 1982;
McNamara, Kintsch, Songer, & Kintsch, 1996). As seen with experts, this process requires less
effort as knowledge increases, becomes more organized, and featural correspondences are recog-
nized automatically (Chase & Simon, 1973; Klein, 1998; Simon & Gilmartin, 1973). However, it
may be impossible for understanding to become completely automatic or unconscious because one
must know the how, the why, or both (Kohler, 1929; Prichard 2016; Scholz, 2018).

Experts provide insight into understanding, by demonstrating mastery in their domains. Expert
chess players use a great deal of knowledge and prior experience in short periods of time by using
previously organized and indexed relation-based information, and leveraging both short-term and
long-term memory structures (Chase & Simon, 1973; de Groot, 1965; Gobet & Simon, 1996; Simon
& Gilmartin, 1973). Experts recognize correspondence between existing representations and a cur-
rent situation, recall the representation that most closely matches the situation, and then act quickly
and efficiently (Klein, 1998). Simon (1986) suggested the recognition of relations and indexed
knowledge to be at the core of understanding.

As the sensemaking paradox (Butcher & Sumner, 2011) suggested, domain knowledge is
needed to organize or chunk information by meaning or relevance, to recognize features of situa-
tions, and to retrieve the appropriate representations (Chase & Simon, 1973; Hofstadter, 2001). For
instance, novices often attempt to solve physics problems by working backwards, whereas experts
retrieve formulas and develop a plan while reading the problem (Larkin, McDermott, Simon, &
Simon, 1980; Simon & Simon, 1978). Experts possess more knowledge, but their organization of
knowledge and ability to represent problems by focusing on the concepts and deep structure under-
lies their skills (Chi, Glaser, & Rees, 1982; Ericsson & Lemann, 1996). A novice chess player can
reproduce expert-level performance after spending approximately 50 hours memorizing chess po-
sitions. However, they tend to focus on salient chess pieces rather than having a deeper understand-
ing of relations among them (Ericsson & Harris, 1990; Ericsson & Oliver, 1989).

3.2 Analogical and Relational Reasoning

Studying children provides insight into the development of higher-order cognitive skills and their
interaction with relevant knowledge. They often have the necessary knowledge, but less control
over semantic retrieval and ability to inhibit competing representations. Whitaker et al. (2018)
found that children show activation of the same brain network as adults, but activation associated
with fine-tuned control of sematic retrieval increases with age. Children also make errors because
of faulty knowledge utilization (Greeno et al., 1984). Even when the relevant relations are known,
they may still make errors, but this is more likely before a proposed relational shift from surface to
deep features (Richland, Morrison, & Holyoak, 2006).
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Working memory constraints and cognitive load are also issues for understanding. After con-
trolling for age, Simms, Frausel, and Richland (2018) found working memory capacity was a sig-
nificant predictor of children’s analogical reasoning ability. These results highlighted the im-
portance of schema-like structures (Sweller, van Merrienboer, & Paas, 1998), consolidating repre-
sentations (Johnson-Laird, 2013), and the ability to inhibit less relevant relations (Richland et al.,
2006; Zelazo, Frye, & Rapus, 1996). Individuals with higher working memory capacity or pro-
cessing efficiency are able to maintain more semantically relevant information during a task (Prat
et al., 2012), which appears to be important for analogical reasoning (Simms et al., 2018).

In adults, Gentner’s (1983) structure mapping theory suggests progression from surface simi-
larity to analogies, then to general laws. Gick and Holyoak (1983) suggest a similar progression of
abstraction from a core idea or mapped identity to a more refined convergence schema that is better
able to transfer to novel problems. However, in their study, participants had difficulty recognizing
deep relations between existing and novel problems without a hint. Interestingly, Prat et al. (2012)
found that giving hints based on superficial relations did not improve performance, which empha-
sizes the importance of deep relations in analogies. People may not focus on processing that leads
to a problem solution. However, when given instructions to do so, this information is acquired
through metacognitive monitoring (Berardi-Coletta, Buyer, Dominowski, & Rellinger, 1995).

3.3 Persistence, Creativity, and Reframing

Perkins (1998) suggested understanding is an active process that incrementally builds with experi-
ence, requires one to be challenged, and involves conflicts with existing understanding. Wertheimer
(1959) stressed the importance of restructuring or reorganizing problem representations after open-
minded, creative exploration, which involves flexible use of knowledge. Two examples are Maier’s
(1931) string problem and Duncker’s candle problem (1945). Both require the use of objects in
creative ways. These appear to be solved by insight and may involve a new understanding or real-
ization of task features that were not thought of originally (Pols, 2002). Subsequently, the problem
can be restructured and solved. Insight appears to be less deliberate and involves realization of an
important cue that directs attention towards a relevant analogy (Langley & Jones, 1988).

3.4 Metacognition

An individual or agent may stop information search or deliberation if understanding is believed to
have been achieved. Metacognition appears to be important for self evaluation of understanding
and resulting effort allocation on tasks like the Cognitive Reflection Test (CRT; Frederick, 2005)
and Wason card selection (Wason, 1966). Those with better metacognitive monitoring were more
likely to respond correctly during the CRT (Mata, Ferreira, & Sherman 2012) and Wason (Thomp-
son, Evans, & Campbell, 2013). In several experiments, Thompson, Prowse Turner, and Pennycook
(2011) demonstrated that a subjective confidence judgment, the Feeling of Rightness, influences
whether an individual should give an answer or engage in further processing. The performance-
based CRT and subjective Feeling of Rightness both appear to tap into metacognitive monitoring
and perceived congruence between one’s response and task structure. This conflict or mismatch
has also been measured using response times (De Neys & Glumicic, 2008; Pennycook, Fugelsang,
& Koehler, 2015) and revealed individual differences (Mata, Ferreira, Voss, & Kollei, 2017).
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Consensus suggests a critical function of metacognitive monitoring is to detect conflict or mis-
match between an environment and a strategy, type of processing, or expectation. This is influenced
by the predictability of the environment, presence of diagnostic cues, and whether goals are reach-
able (Dannenhauer, Cox, & Mufioz-Avila, 2018; Evans & Stanovich, 2013; Johnson, Roberts, Ap-
ker, & Aha, 2016; Pennycook et al., 2015; Stanovich, 2018; Vattam, Klenk, Molineaux, & Aha,
2013). Conflict detection triggers the need for a different approach to problem solving or task com-
pletion (Butcher & Sumner, 2011; Dannenahuer et al., 2018; Pennycook, 2017; Stanovich, 2018).

Some suggest that metacognitive ability is more closely related to actual intelligence than tra-
ditional measures, because it includes motivation and ability (Frederick, 2005; Toplak, West, &
Stanovich, 2011). Overall, self feedback through metacognition helps evaluate the degree of un-
derstanding by identifying faulty knowledge representations or discrepancies between current and
required understanding, and may signal the need to seek more information or further processing.

3.5 Goal Direction and Purpose

The development of understanding is an intentional, goal-directed, purposeful act. It may be more
efficiently achieved when that purpose or goal is explicitly known. However, in real-world situa-
tions, the precise goal is not always explicit or salient. The ability to generate, use, and reason about
goals to direct behavior is often considered an indicator of intelligence (Newell & Simon, 1972;
Schank & Abelson, 1977). These skills are important for autonomy and involve interacting com-
petencies, such as reasoning and problem solving (Johnson et al., 2016; Vattam et al., 2013).

Researchers focused on internal goals (i.e., goal-driven autonomy) have developed agents that
autonomously formulate goals or plans, based on situation awareness (Dannenhauer et al., 2018).
This approach leverages discrepancies between expectations and the environment, and when de-
tected, they are addressed by modifying goals (Cox, 2007; Klenk, Molineaux, & Aha, 2013;
Muiioz-Avila & Cox, 2008), learning (Ram & Leake, 1995), and reasoning about goals (Aha, 2018;
Roberts, Borrajo, Cox, & Yorke-Smith, 2018). When goals are generated, their selection can be
domain specific (Shapiro, Sardina, Thangarajah, Cavedon, & Padgham, 2012), domain independent
(Wilson, Molineaux, & Aha, 2013), or based on priorities (Young & Hawes, 2012).

4. Accounting for Understanding

The field would benefit from a more holistic approach to understanding that involves the interaction
of multiple components or systems. To illustrate what such accounts might look like, we describe
conceptual and computational approaches with features of understanding described earlier.

4.1 Conceptual Process Accounts

We first consider two conceptual process models focused on sensemaking (Klein, Moon, & Hoft-
man, 2006a, 2006b; Klein, Phillips, Rall, & Peluso, 2007; Pirolli & Card, 2005). These accounts
describe processes that start at information gathering and end with a degree of understanding about
the topic, although they are not implemented as running computational systems. They are not ca-
pable of doing things and directly demonstrating their understanding, but they are influential pro-
cess accounts that deserve attention.
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Pirolli and Card’s (2005) sensemaking model is a dynamic, high level approach that includes
a sequence of processes. It involves an information foraging (Pirolli & Card, 1999) and sensemak-
ing loop (Russell, Stefik, Pirolli, & Card, 1993). During foraging, an individual engages in search
and filtering of information, then applies an iterative process to give it more structure. Here, there
is a tradeoff between exploration and exploitation. During sensemaking, one utilizes schemas to
make hypotheses and conclusions, similar to the construction of a mental model (e.g., Johnson-
Laird, 1980, 2013), and may recognize a purpose or frame of reference. Problem structuring, rea-
soning with evidence, and decision making serve as leverage points. This suggests a connection to
the higher-order cognitive skills highlighted by educational psychologists.

In contrast, Klein et al.’s (2006a, 2006b, 2007) data/frame model is more related to expert
analysis and naturalistic decision making. The frame is at the core of sensemaking and determines
which information in the environment is deemed relevant, how that information will be interpreted,
and what its pragmatic role may be. The sensemaking process is dynamic rather than sequential,
however, it typically starts with data and either selection or construction of a frame depending on
salient features or anchors in the data. Next, the frame can be further elaborated, questioned, com-
pared with other frames, reframed, discarded, or preserved. Each activity is accomplished through
a series of several actions, such as seeking and inferring data, and extending a frame by adding and
filling slots (elaboration). The difference between an expert and novice is the quality of a frame,
not more advanced reasoning. Often, simple frames are used over more comprehensive ones be-
cause they are more generalizable, more efficient, and more pragmatic.

4.2  Computational Process Accounts

In addition to conceptual process accounts, there are several computational-based approaches fo-
cused on understanding-related processes and their interaction.

The Construction-Integration Model (Kintsch, 1988) has been applied to text comprehen-
sion tasks and differences between novices and experts. During the construction phase, a network
of related concepts is formed based on activation of knowledge about the world, as well as semantic
and syntactic knowledge. This involves a literal representation of the text and serves as a basic
scaffolding. During integration, constraints and context are introduced and influence the activation
of the concepts to create an overall representation of the text. Here, general and personal knowledge
fill in the scaffolding from the construction phase by adding nodes and relational links. The result
of this process is some degree of understanding, which involves incrementally building and organ-
izing knowledge with increasingly abstract relations.

Interactive task learning (Gluck & Laird, 2019-a; Kirk & Laird, 2014; Laird et al., 2017,
Mohan, Kirk, & Laird, 2016) and apprentice learning (MacLellan, 2017; MacLellan et al., 2016)
seek to avoid task specific programming by developing systems that can take instructions, learn
basic concepts, and construct more complex concepts. Instruction involves context specific inter-
action between a learner, which interprets, applies, analyzes, and asks questions, and an instructor,
which identifies relevant information and structures tasks. Organizing information into relational
networks, using metacognitive monitoring to identify knowledge gaps, and grounded co-construc-
tion of the learning experience are all important for interactive task learning. MacLellan et al.
(2018) suggest we should focus on training and proposed a natural training interactions framework
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to guide this process. Agent and instructor interaction patterns (e.g., passive, collaborative, operant
conditioning), instructional types (e.g., commands, clarification, demonstration), and various mo-
dalities could be used to help develop a natural, common, domain-general method to improve in-
teraction efficiency. These interactive learning approaches relate to understanding. They are dy-
namic and emphasize relational networks, metacognition, and leveraging context or frames.

The Companion cognitive architecture (Forbus & Hinrichs, 2006, 2017; Hinrichs & Forbus,
2014) emphasizes two important components of understanding: multiple interacting components
acting as a system and analogical reasoning. Companions has been used to model analogical rea-
soning in several contexts, such as problem solving in physics (Klenk & Forbus, 2007) Although
analogical reasoning is a core component of the architecture, it has other capabilities. For instance,
Blass and Forbus (2017) demonstrated some commonsense reasoning capabilities in a companion.
The companion started with some commonsense knowledge gained through previous experience.
After reading descriptions in natural language, the companion extracts semantic representations
and then uses analogical chaining to make inferences. The companion evaluates its inferences and
stops processing once an appropriate inference is drawn that aligns with constraints. In addition to
multiple interacting components and analogical reasoning, we see a metacognitive process that
corresponds to assessing the current degree of understanding and evaluates if it is satisfactory.

DIARC (Schermerhorn et al., 2006; Scheutz, 2006) is a component-based architecture capable
of introspection of current states, component sharing across multiple agents, and generating uni-
versal representations. These capabilities were leveraged in an introspective three-level framework
(Krause, Schermerhorn, & Scheutz, 2012) demonstrating that robots’ awareness of physical em-
bodiment and affordances enable them to work together to complete tasks (Scheutz et al., 2019).
For instance, in one demonstration, a robot walking backwards was informed to stop by a second
observing robot that determined continuing to walk backwards was not safe. This required the sec-
ond robot to be aware of its own capabilities and constraints and those for the other robot (e.g., can
it see?), which involves metacognition and abstract representation.

Laird and Mohan (2018) discussed a dual process-based approach to autonomous agents illus-
trated with Rosie. Implicit architectural learning mechanisms account for System 1 behavior, while
deliberation, utilizing knowledge, control, and metacognition accounts for System 2 behavior.
Shifting between systems appears to result from metacognitive monitoring. Others call this reactive
or reflective processing and suggest it is an important component in dynamic behavior (Langley
et al., 2009; Shanahan, 2006). Recently, Larue, Hough, and Juvina (2018) combined the literature
on metacognition, and reactive and reflective processing to implement a metacognitive component
into the ACT-R architecture to account for behavior in the Wason card selection task. This model
uses a metacognitive component roughly corresponding to one’s amount of confidence with a re-
sponse or outcome, which determines whether a reactive solution is sufficient and if not, reflective
processing is triggered to generate an alternative solution. These approaches emphasize the role of
metacognition in understanding and provide examples of when and how it occurs.

Thomson and colleagues (Lebiere et al., 2013; Thomson et al., 2012) implemented Pirolli
and Card’s (2005) sensemaking model into ACT-R. Here, they focused on frames, the generation
of hypotheses, the search for additional data, and reframing after collecting evidence. The model
learned frames or features of objects during a training phase, then during a later phase it was rein-
forced for utilizing efficient features and sensemaking processes. During a sensemaking task, the
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model switches between foraging and sensemaking loops to gather evidence, adjust frames, and
update hypotheses until an expected utility threshold for making a decision is reached, much like
the metacognitive component described in reactive and reflexive processing. Similar to understand-
ing, the model incrementally acquires and organizes knowledge, then builds relations to generate
hypotheses. A conclusion is generated and evaluated based on internal or external feedback, which
informs whether it is sufficient or further evidence is needed.

The Metacognitive Integrated Dual-Cycle Architecture (Cox et al., 2016; Dannenhauer et
al., 2018; Paisner, Cox, Maynord, & Perlis, 2014) is a metacognition-focused (i.e., cognition about
executed actions and observations regarding objects, object states, and relations), goal-driven sys-
tem that can solve problems and autonomously regulate its own goals. When discrepancies between
metacognitive expectations and the environment are detected, attention is focused towards problem
solving rather than the environment and specific actions. Although still under development, it has
been applied to some dynamic tasks. For instance, in two different tasks (i.e., Nbeacons and ag-
gressive arsonist), the architecture adapts knowledge or cognitive processing to resolve discrepan-
cies with metacognitive expectations (Dannenhauer et al., 2018). It is also being applied to antici-
patory thinking (Amos-Binks & Dannenhauer, 2019), which requires a degree of understanding
and recognizing similarity between the past and present in order to predict the future.

5. Toward a Better Understanding of Understanding

In an attempt to synthesize the preceding review, we propose a general definition for the dynamic
process and outcome of understanding:

The acquisition, organization, and appropriate use of knowledge to produce a response
directed towards a goal, when that action is taken with awareness of its perceived purpose.

During this process, metacognitive monitoring allows identification of knowledge gaps or faulty
processing based on detection of discrepancies between knowledge or expectations and the envi-
ronment. One’s current purpose or goal may arise endogenously or exogenously, and in dynamic
environments they may change over time. When a clear goal or purpose exists, the depth and
breadth of the understanding process can be constrained, and therefore be more efficient.

This definition of understanding clearly places it beyond the capacities of purely reactive con-
trollers and out of reach for any framework, theory, or model that lacks explicit goals. Our concep-
tualization of understanding relates more closely to Moore and Newell (1974) and Newell (1980),
where understanding or rational behavior involves adaptive selection of appropriate actions in order
to achieve a goal, reach an end state, or solve a problem. We emphasize that understanding involves
metacognitive awareness of purpose and is directed towards goals that may vary in clarity and the
degree to which they are satisfied. In addition, we view understanding as being involved in selecting
a strategy or approach to solving a problem, and it may inform and be informed by problem solving,
but it is not synonymous with problem solving.

The extent of understanding can be conceived of as a network of representations around an
initial knowledge base, including how it was learned and its intended use. Understanding increases
as knowledge is abstracted, relations are developed, and content is transferred to progressively more
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distant situations, resulting in higher quality outcomes. The degree of understanding required at a
point in time depends on the context, the purpose, and the degree of autonomy. For instance, in
some situations, cognitive systems may not need to understand very much to perform effectively,
especially when completing simple tasks in low-consequence environments. However, if the sys-
tem has autonomous control of itself and others in high-risk, dynamically changing situations, then
greater understanding can be crucial. Plans or goals are often created prior to task engagement,
which makes detecting and recognizing when to switch strategies, modify goals, or engage in
deeper processing important.

Measuring understanding is certainly a challenge. The type of information, context, purpose,
domain, individual’s motivation, and higher-order skills must all be considered. A general and par-
simonious method could score features of understanding based on satisfaction, weighting them
based on importance for a given context, and then summing them to get a composite score. How-
ever, because understanding is complex and there are several measurement options, it is better to
measure multiple types of performance, including higher-order cognitive skills, and use higher-
density process methods like eye tracking, verbal protocols, and brain imaging. Any attempt at a
more complete and holistic assessment of degree of understanding will require an aggregate com-
posite over these kinds of measures and methods.

There are still outstanding issues in understanding-related models with regard to pace, persis-
tence, and partnering (Gluck & Laird, 2019b). On a related note, MacLellan et al. (2018) suggest
ways to frame interactions in order to promote learning and understanding. Forbus and Hinrichs
(2017) suggest running models for longer periods of time to allow construction of knowledge struc-
tures that can later answer questions or solve problems, thus aiding scaling and longevity. We have
provided a foundation on which to build cognitive systems that understand and to measure the
extent to which they achieve this aim. It is also clear that challenges remain in our ability to create
systems with this capacity. We hope this review promotes additional constructive progress.
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