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1. Introduction

Rationality is roughly defined as means-ends functionality; it means to ultimately reach
one's own goals and fulfilling one's values in the world (Nozick, 1993). It is usually studied as
bounded rationality, taking into account the internal and external constraints real cognitive
system face in themselves and the world (Simon, 1957; Viale, 2021). In this sense, rationality is
the ability to know and doing what the right thing to do is, given one’s general limited
knowledge (Russell & Wefald, 1991). It is strongly linked to strategy and successful adaptation
to an environment (Anderson, 1991). Historically, visions often have been to understand and
increase human domain-general rationality. Fundamentally this means understanding how
humans, organisms, and agents, get — something self-evidently positive, namely — what they
want. More broadly, the systematic study of judgment and decision-making under uncertainty
aims to find and describe principles and mechanisms underlying intelligent behavior in brains,
minds, and machines (Sternberg, 2018; Gershman et al., 2015; Russell & Norvig, 2020).

Historically two principal schools of thought have studied human rationality, following
opposite theories and sparked a long-standing debate called the Great Rationality Debate. One
school studies rationality with the axiomatic approach, aiming for optimality modeling; the other
uses the ecological approach.

The axiomatic approach is based on consistency with predefined axioms of rationality
while simultaneously being their antithesis (Tverksy & Kahneman, 1974; Kahneman et al., 1982;
Gilovich et al., 2002). Consequently, it assumes and postulates that judgment and decision under
uncertainty can be meaningfully abstracted as a choice under risk. The conception of risk relies

on the assumption that uncertainty can be quantified.



The studies on heuristics and biases based on the axiomatic approach have uncovered a
multitude of deviations of human cognition from the normative models of rationality. Moreover,
these results led to the formulation of empirically-grounded theories like the dual-process and
prospect theory, which proposed to describe the decision-processes of the human mind
(Kahneman, 2003). Furthermore, techniques to enhance human rational choice and behavior
were derived from these findings, e.g., debiasing and nudging (Thaler & Sunstein, 2008). Finally,
the field of behavioral economics was established based on the theories and findings of the
axiomatic approach.

The ecological approach to rationality proposes a fundamentally different way of looking
at what problem cognition has to solve, empathizing the adaption value to the environment and
how useful heuristics are both necessary and superior for “large worlds.” However, ecological
rationality disagrees with quantified risk as a useful abstraction of the fundamental and systemic
uncertainty an organism faces.

The guiding question of this thesis concerns whether the conflict between the two
approaches is unifiable on a deeper level by analyzing the theoretical assumptions. This thesis
demonstrates how these two positions fundamentally belong in one more robust framework. This
framework is guided by the ideas of computational rationality (Gershman et al., 2015) and
resource-rational analysis (Griffiths et al., 2015; Lieder & Griffiths, 2020), considering the cost
of computation itself and the opportunity costs for cognitive computation in the real world to
determine what is rational. Computational rationality demonstrates how many heuristics that lead
to biases are indeed Bayes optimal in online decision-making and real life. By approaching the

phenomenon from this perspective, the thesis reaches the limitations of the computational lens,



which leads to a more embedded and embodied view of expected subjective utility (Varela et al.,
1991). The argumentation, therefore, bridges the optimality goal of the axiomatic approach with
the focus on embeddedness and grounding of radical uncertainty in the organism-environment
system of ecological rationality (Kozyreva & Hertwig, 2019).

The rationality question is firmly related to questions of neighboring disciplines (Chater
et al., 2018). Therefore the insights from formulating and asking the rationality question also can
influence other fields. Examples of affected topics are equilibrium analysis in economics, the
conception of efficient markets, understanding intelligence in brains or engineering intelligence
in machines, and the nature of empirical observation and the scientific method more broadly
(Felin & Koenderink, 2021). The affected topics broadly impact the cognitive, psychological,
and economic sciences. On a more practical note, a clearer understanding of rationality by
synthesizing the different fronts could support finally moving beyond taking risk-modeling
literal and to a more well-calibrated understanding and taming of uncertainty (Kay & King,
2020; Hertwig et al., 2019) and, outside of academic work, to improving individual and

collective human rationality in general (Stanovich et al., 2016; Hertwig et al., 2019).

1.1 Aiming to Unify Axiomatic and Ecological Rationality

From the later 20th century onwards, two paradigmatic research schools around human
rationality framed their studies as being built on fundamental disagreements about the
interpretation of empirical facts and normative models (Stanovich & West, 2000; Tetlock &
Mellers, 2002; Samuels et al., 2002; Sturm, 2012; Wallin, 2013; Petracca, 2015; Rich, 2016;

Nickles, 2018; Gigerenzer, 2019).



The axiomatic approach demonstrated a systematic deviation between the normativity of
optimal rationality and the description of actual human judgment and decision-making (Tverksy
& Kahneman, 1974; Kahneman et al.., 1982; Gilovich et al., 2002). It accordingly associated
itself with a "Meliorist" view of rationality, assuming a gap between humans and rationality that
can potentially be narrowed with intervention (Stanovich, 2011). The ecological approach built
its argument on the adaptional fit between organism and environment, centered on the robust
value of heuristics (Gigerenzer, 1991; Todd et al., 2000; Raab, 2004; Smith, 2003; 2008;
Gigerenzer, 2008; Gigerenzer et al., 2011; Brighton & Gigerenzer, 2009; Hertwig et al., 2019).
As a result, it took on a "Panglossian" view of rationality, assuming the current level of
rationality is "as good as it gets" and cannot fundamentally be improved.

The topic of rationality has been an interdisciplinary dialogue for decades and continues
to be one. Disciplines asking relevant questions range from philosophy, economics, computer
science, artificial intelligence and machine learning, complexity science, evolutionary biology,
and applied mathematics to psychology and cognitive science.

The topic has been a debate for decades (Stanovich & West, 2000; Tetlock & Mellers,
2002; Samuels et al., 2002; Sturm, 2012; Wallin, 2013; Petracca, 2015; Rich, 2016; Nickles,
2018; Gigerenzer, 2019) and in its recent form, the rationality question is a renewed melting pot
(Felin et al., 2014; Felin et al., 2017; Chater et al., 2018, Van Rooij et al., 2018; Otworowska et
al., 2018; Gigerenzer, 2019; Brighton, 2018; 2020; Kay & King, 2020; Viale, 2021; Rich et al.,

2021; Sharp et al., 2022).



The different disciplines can learn from each other and constrain each other's endeavors
by considering the other perspectives. For example, potential dead-ends can be ruled out before
their traveling was even attempted.

As the two sides study the same phenomenon, their research will be unifiable to the point
where the content of their different perspectives stems from the foundational assumptions of the
approaches. In the long run, as a result, it will be possible to differentiate knowledge about
rationality generated by different disciplines from disagreements that are artifacts of different
methods, perspectives, and assumptions (Giere, 2006; Wimsatt, 2007; Callebaut, 2012; Massimi

& McCoy, 2019).

Some common ground has to be established to untangle the fronts of the Great rationality
debate. Repeatedly misunderstandings stem from different definitions of what the term
rationality means and a lack of understanding of what the respective other side argued precisely.
Accordingly, this thesis will start by defining the term rationality in its weak and strong sense in
Chapter One.

Chapter Two overviews the history of the Great Rationality Debate, including the main
disagreements and differences between different sides and approaches.

In Chapters Three and Four, the two main perspectives on research regarding human
rationality are summarized. Chapter Three focuses on axiomatic rationality. Chapter Four
focuses on ecological rationality. Both Chapters Three and Four describe the underlying
assumptions, the methods used, and the empirical findings. The two chapters lay crucial

groundwork for the subsequent attempt at unification and discussion, as many disagreements in

10



the Great Rationality Debate were precisely different definitions of the term "rational," a lack of
understanding of the arguments of the other side or their empirical findings. For this historical
reason, it is not advised to jump ahead to Chapter Five unless there are strong reasons to assume
the reader already possesses all the foundational knowledge.

In Chapter Five, this work actively continues the Great Rationality Debate and argues
that the axiomatic and ecological approaches can be unified into one more robust rationality
question. The method used is a robustness analysis from scientific perspectivism. The
re-conceptualizing of the rationality question makes it possible to exchange information more
meaningfully between the axiomatic and ecological approaches. Finally, it enables the
advancement of each tradition by integrating the work the respective other has done.

The reconceptualization in Chapter Five is made possible by introducing the idea of
computational rationality (Gershman et al., 2015) and resource-rational analysis (Griffiths et al.,
2015; Lieder & Griffiths, 2020). The thesis argues that at the center of rationality, under the
radical uncertainty of "large worlds", lays the frame problem (Dennett, 1984; Hofstadter &
Sander, 2013; Hoffman et al., 2015; Felin et al., 2017; 2021; Kozyreva & Hertwig, 2019;
Blokpoel et al., 2018; Kay & King, 2020). The frame problem conceptualizes the rationality
question as an insight problem that requires abductive reasoning and sense-making to transform
"large worlds" into "small worlds" or ill-posed into well-posed problems (Knight, 1921; Savage,
1954; Simon, 1973; Marr, 1976;). The organism-environment system continuously solves the
frame problem with the semiotic process of relevance realization (Vervacke et al., 2012;

Vervaeke and Ferraro, 2013; Macchi & Bagassi, 2019; Blokpoel et al., 2018).
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Chapter Six draws further conclusions and examines open ends, resulting in new
questions and research directions. Unfortunately, not all questions can be answered immediately,
and the relevance of the argumentation to many intimately related topics is out of the scope of

this work.

1.2 Definition and Foundational Knowledge Of Rationality

DAD: Son?
MOOKI: What Dad?
DAD: I've got some advice for you.
MOOKI: What's that Dad?
DAD: Do the right thing.
MOOKI: Do the right thing?
DAD: Yes.
MOOKI: That's it?
DAD: That's it.
MOOKI: OK.
Spike Lee: Do the Right Thing
as quoted in “Do the Right Thing, Studies in Limited Rationality" (Russell & Wefald, 1993)

In the ongoing clashes of the Rationality Debate since the 1980s, many of the apparent
differences were due to a lack of clarifying how the term rationality is used. Therefore this work
starts with some pointers on what the concept means and how it is operationalized.

As a term, rationality has many different definitions. The most significant distinction is between
lay discourse usage of the word and an entirely different "strong notion" as a technical term in
various disciplines like cognitive science, philosophy, economics, psychology, decision theory,

and artificial intelligence (Stanovich et al., 2016; Pinker, 2021).
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Historically, failing to define terms has led to long and unnecessary discussions of apparent
disagreements. In the end, parts of the Great Rationality Debate in cognitive science were purely
caused by semantic confusion instead of actual disagreements about phenomena in the world

(Stanoivch & West, 2000).

In this work, the term refers to the strong sense of rationality typically used in decision theory
and cognitive science. It roughly means means-end rationality, "reaching one's goals, whatever
they are," and is usually approached in a "maximizing expected utility" notion, where utility
means precisely fulfilling the agent's goals.

In its weak sense, rationality was introduced to Western philosophy by Aristotle (Aristotle, ca 40
BC), meaning roughly "based on reason" and categorizing all humans to be rational compared to
animals, which are not.

This definition is not very useful, apart from the confusing fact that humans also are animals.
Rationality as reason is both a binary account and a categorical notion of rationality. One can be
only rational or not at all, and being part of the human species is good enough to be rational. For
example, in the Cambridge Dictionary, the (weak and purely binary) definition is "the quality of
being based on clear thought and reason, or of making decisions based on clear thought and
reason ." None of this explains what "clear thought" or "reason" does and does not mean.
Rationality, in its strong sense, is a normative notion. Rationality means optimal judgment and
decision-making (Chater & Oaksford, 1999). Additional to normative, it is therefore also

specific. It has a rich foundation of formal normative ideals and is empirically and operationally
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grounded (Stanovich et al., 2016). It also allows for individual differences in rationality; one can

be more or less rational.

It is helpful to think of their opposites to understand the difference between the strong and the
weak notion of rationality. The opposite of the weak sense is not irrationality but arationality (De
Sousa, 2007). Arationality means being completely "without thought" and "outside of the domain
of reason," like Aristotle and philosophers in his line of thinking claim animals to be.

The opposite of the strong sense of rationality is irrationality, which does not mean the complete
absence of thinking, but a mere violation of the normative idea of ideal rationality (Stanovich,
2009).

Rationality is a question of degree, defined by the distance of thought or behavior from
optimality. Irrational here means purely less than perfectly rational. Most thought processes and
actions are irrational in this way of conceptualizing rationality. Instead of asking "whether
irrational," the exact amount of deviation — "how irrational?" — to an optimum is considered.
As the word rationality comes with the heavy baggage of connotations from other fields, one
could also replace it with "good thinking" at any point without losing much of the meaning

(Baron, 2006; Hastie & Dawes, 2010).

Rationality, in its strong sense, has two conceptual parts, one is epistemic, and one is
instrumental rationality (Stanovich, 2009). The subparts are differentiated conceptually, not

mechanistically independent systems, as they are intertwined processes (Griffith et al., 2008).
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Instrumental rationality is about reaching one's goals, whatever the goals are. It means behaving
in the world so that one gets precisely what one most wants, given the resources (physical and
mental) that are available (Hastie & Dawes, 2010). Instrumental rationality is about individual
goal fulfillment, formalized as maximizing expected utility (Von Neumann & Morgenstern,
1944). This process can be easily put as decision-making or, even more accessible, as "what to
do."

Nozick (1993) argued that instrumental or "means-end" rationality is the notion that lies in the
intersection of all other theories of rationality and therefore is the most central one.

Epistemic rationality, on the other hand, concerns how well beliefs map onto the actual structure
of the world because to take actions that fulfill one's goals, one needs to base those actions on
beliefs that appropriately match the world. This epistemic part of rationality can be easier put as
"judgment" or, even more straightforward — at least linguistically, not philosophically— "what
is true."

Sometimes instrumental rationality is also referred to as "practical rationality", while epistemic
rationality is called "evidential" or "theoretical rationality" (Foley, 1987; Harman, 1995;
Manktelow, 2004; Over, 2004). A key point here is that epistemic rationality is, in a sense,
instrumental to instrumental rationality and thereby supports Nozick's (1993) view on the

centrality of "means-end" rationality.

The assumption of "epistemic rational" or "true" beliefs as a prerequisite for instrumental
rationality is woven through all normative formalisms of axiomatic rationality. The upcoming

argumentation of viewing the frame problem as central to the rationality question implicitly
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denies the validity of this assumption. Going back to explicitly discussing the resulting

relationship between epistemic and instrumental rationality is beyond the scope of this work.

Three further points about rationality must be made to avoid confusion that can be too commonly
observed:

First, rationality is not equivalent to human intelligence in the way it is commonly
conceptualized in psychology. Rationality and intelligence will be further divided apart by an
overview of the research by Stanovich, Toplak, and West (2016). They show the interplay of
human intelligence and rationality to make individual differences in both concepts measurable.
In short, rationality is measured by reaching one's goals in context; it requires fast reactions, deep
thinking, and different mindware depending on the problem. Intelligence approximates the
maximal processing capability but does not say how context-sensitively they are applied or how
much a person uses these capabilities on average.

However, while rationality is not the same concept as in human intelligence, rationality is the
intelligence aimed for by the field of artificial intelligence (Al): "A rational agent is one that
does the right thing — conceptually speaking [...] For each possible percept sequence, a rational
agent should select an action that is expected to maximize its performance measure, given the
evidence provided by the percept sequence and whatever built-in knowledge the agent has."
(Russell & Norvig, 2020)

Accordingly, Russell and Norvig (2020) argue that "computational rationality”" would have been
the more precise term for the field of Al In the past, McCarthy wanted to resist the term

"computational” to accommodate Norbert Wiener's approach, which promoted analog
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cybernetics (Wiener, 1948). The wording "Artificial Intelligence", introduced at the Dartmouth

conference, has stuck with the field ever since (McCarthy, 1956).

Second, rationality is not the opposite of emotions. Quite to the contrary, cognitive neuroscience
has demonstrated how damage in the ventromedial prefrontal cortex (vimPFC), generally
associated with emotions, leads to a pathological lack of decision-making capabilities in real life,
without having impairments of sustained attention and conscious cognitive control (Bechara et
al., 1994). The ventromedial prefrontal cortex is essential for representing reward and
value-based decision-making through interactions with the ventral striatum and amygdala (Hiser
& Koenigs, 2019).

Emotional signals are essential for rationality in an instrumental manner, as they constrain the
combinatorial explosion of possible actions to a manageable number based on somatic markers
stored from similar situations in the past (Stanovich et al., 2016). However, of course, they can
hinder goal achievement or epistemic rationality. Nevertheless, emotions are relevant to
determining what an agent cares about and adopts as its goal in the first place and help achieve

those goals (Greindl, 2010; Vervaeke et al.; 2012).

Third, rationality is not the global rationality of the economic man or even omniscience. Instead,
it has to be considered an optimum under external and internal constraints. Herbert Simon
introduced the notion as "bounded rationality" (Simon, 1957). Bounded rationality considers the
structure of the environment, the access to information, and the internal capacities and

limitations possessed by the organism. Its introduction was the first step away from neoclassical
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economics to a microeconomic conception that fits cognitively limited beings like humans and
every natural organism in the real world (Simon, 1955).

As a result of bounded rationality, not knowing something does not imply irrationality. However,
acting against the limited knowledge one has would imply it. On the contrary, one could even say
that wrongly basing research on the assumption that humans are omniscient would be irrational.
Other notions and forms of rationality — perfect, calculative, metalevel, bounded, computational
rationality, and asymptotic bounded optimality — will be introduced and described when they

become more relevant in Chapter Five.

2. The Great Rationality Debate and Its History

The phenomenon of rationality has historically attracted vivid discussions in and between
disciplines. In this context, some speak of the Great Rationality Debate as a specific and singular
event (Tetlock & Mellers, 2002; Stanovich, 2018), and others speak of the Rationality Wars in
the plural (Samuels et al., 2002). It is an option to understand the debate in cognitive science as
culminating in two peaks. The first peak would constitute the Great Rationality Debate in
cognitive science between the Meliorist and Panglossion camps, which asked primarily how
much rationality to attribute to humans (Stanovich & West, 2000; Tetlock & Mellers, 2002;
Samuels et al., 2002; Sturm, 2012; Wallin, 2013). The second and most recent peak occurs
between the axiomatic and ecological approaches to rationality, taking a step back to ask what
even constitutes the rationality question and how to study it going forward (Felin et al., 2014;
Felin et al., 2017; Chater et al., 2018, Van Rooij et al., 2018; Otworowska et al., 2018;

Gigerenzer, 2019; Brighton, 2018; 2020; Kay & King, 2020; Viale, 2021; Rich et al., 2021;
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Sharp et al., 2022). For the sake of simplicity, outside of Chapter 2 on the detailed history of the
debate, this work will address the whole historical development as one debate that has

significantly changed in content and participants over time.

The defining inquiry of the great rationality debate in the 20th century was whether humans are
rational or not (Peterson & Beach, 1967). The answer started with an axiomatic "yes", by not
even asking the question in the first place. Ultimately the answer turned into a "no" with the
empirical advancements of the so-called heuristics and biases tradition (Kahneman, Slovic, &
Tversky, 1982; Kahneman & Tversky, 1984; Gilovich et al., 2002). This tradition, in turn, was
critically examined by the ecological approach to rationality. In recent decades, the central theme
has shifted from asking whether humans are rational to asking the meta-question of "what even is
the rationality question or problem" and how to conceptualize and empirically approach it (Felin
et al., 2014; Felin et al., 2017; Chater et al., 2018, Van Rooij et al., 2018; Otworowska et al.,
2018; Gigerenzer, 2019; Brighton, 2018; 2020; Kay & King, 2020; Viale, 2021; Rich et al.,

2021; Sharp et al., 2022).

In the 1960s and early 1970s, the heuristics and biases research program started questioning the
descriptive adequacy of ideal models of human judgment and decision-making that were taken as
a self-evident truth in economics (Kahneman, Slovic, & Tversky, 1982; Kahneman & Tversky,
1984; Gilovich, Griffin, & Kahneman, 2002). The research program demonstrated that humans
deviate systematically from rational choice theory and the axioms of rationality, which

historically had a firm grip on assumptions about human information-processing capabilities
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across most disciplines. Accordingly, the first divide was between naive Panglossians and
Meliorists. The naive Panglossian position equated normative accounts of human rationality with
descriptions of actual judgment and decision-making; the Meliorist position claimed biases as
systematic deviations from normative theories (Stanovich, 2011; Tetlock & Mellers, 2002).

Daniel Kahneman and Amos Tversky pioneered this historical turn of questioning economic
assumptions, established empirical cases of human irrationality, and highlighted the
incompatibility of human thinking with the idea of homo economicus. In 2002 Daniel Kahneman
was awarded a Nobel Prize "[...] for having integrated insights from psychological research into
economic science, especially concerning human judgment and decision-making under
uncertainty" and for founding the field of behavioral economics (Thaler & Sunstein, 2008;
Baddeley, 2017). This scientific development in its historical context and the friendship between
Amos Tversky and Daniel Kahneman was documented in the book "The Undoing Project”
(Lewis, 2016). Their Meliorist stance established that humans stray in predictable ways,
so-called biases and fallacies, from classical formal benchmarks of rationality in judgment and
choice. They pinpoint sharp ontological break points in human phenomenology that have no
meaningful equivalents in formal models of rationality and propose new descriptive theories of
cognition, the dual-process framework, and prospect theory, to capture these phenomena.
Additionally, proposed theories are framing effects, mental accounting, and the psychophysics of
gains and losses (Dawes, 1998; Kagel & Roth, 1995; Mellers et al., 1998; Sunstein, 2000,

Tetlock & Mellers, 2002).

20



The following major shift in the debate took place in the early 1990s (Stein, 1996). The initial
Panglossian position held by economists, which demanded a heavy burden of proof for
deviations from rational choice theory, was now joined by adaptationist evolutionary psychology.
The Panglossian position holds the stance that "human rationality is as good as it gets"
(Stanovich, 2011) and assumes that, under constraints, "we live in the best — most rational —
possible world". The new support for this position started with Gigerenzer (1991) arguing that
cognitive illusions are only a byproduct of the experimental designs, namely by how
probabilities are represented. Kahneman and Tversky (1996) again pointed out that cognitive

illusions are actual phenomena to be taken seriously.

The two main ongoing controversies were around questions of empirical and normative
boundary conditions (Tetlock & Lerner, 1999; Tetlock & Mellers, 2002), with vivid discussions
between "traditionalists" versus ‘"revisionists." Consequently, mathematical revisionists
continued to loosen the axioms of expected utility theory or supplement expected-utility theory
with alternative frameworks such as correspondence standards (Luce, 2000). Pragmatic standards
instead emphasized "what works" in achieving long-term evolutionary success (Gigerenzer,
1996; Hammond, 1996) or adaption to the sociocultural environment (Tetlock, 2000; Galesic et

al., 2012).

Gigerenzer's criticism pointed precisely towards this lack of assessment of overall ecological
validity (Brunswik, 1955) of heuristic processes, which is about the correlation of the actual

outcome of actions in the world with the information and cues available to the agent (Stein,
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1996; Gilovich, Griffin & Kahneman, 2002; Gigerenzer, 1991; Cosmides, Tooby, 1995). The
new "fast and frugal" position and the ideas of ecological rationality emerged. Conceptually it
situated and embedded the agent as an organism in an actual environment (Gigerenzer & Todd,
1999; Cosmides & Tooby, 1995; Gigerenzer, 2000; Gigerenzer & Selten, 2001; Gigerenzer,
2008; Gigerenzer, 2010; Todd & Gigerenzer, 2012; Gigerenzer, Hertwig & Pachur; 2011;
Gigerenzer, 2015), giving new fire to the debate between the Panglossian and Meliorist positions
(Tetlock & Mellers, 2002; Gilovich, Griffin, & Kahneman, 2002; Samuels, Stich, & Bishop,

2002).

During the first decades of the debate about rationality, the focal point between these positions
was the question of whether or not humans are to be considered rational.

In recent years of the ongoing discussion, this focal point changed. The prominent positions
transformed into axiomatic rationality and optimality modeling on one side (Griffith &
Tenenbaum, 2006; Lieder & Griffith, 2020), containing most of the ideas and scholars of the
Meliorist stance; and ecological rationality related to the Panglossian stance on the other side
(Gigerenzer, 2019; Brighton, 2018). This melting pot had its peak in 2018 (Chater et al., 2018)
when researchers from diverse backgrounds — cognitive science, applied and experimental
psychology, behavioral economics, and biology — published their perspectives on the
argumentation by Felin, Koenderink, and Krueger (2017). In their assessment, Chater et al.
(2018) offer a list of objections and complementations to their argument concerning rationality,
perception, and the all-seeing eye (Felin et al., 2017). The exchange reconceptualized the

rationality question and questioned the axioms of rationality. The covered issues have
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far-reaching implications for rationality research and the intersecting literature of the cognitive,

psychological, and economic sciences more broadly (Chater et al., 2018).

The three underlying topics of the debate are, firstly, the notion of uncertainty.

It is argued that understanding uncertainty as risk and attempting to measure it is only valid in
small axiomatic worlds. In the "large world" of ill-posed problems, organisms face radical
uncertainty (Kozyreva & Hertwig, 2019; Kozyreva, Pleskac, Pachur & Hertwig, 2019; Kay &
King, 2020). From this follows the consequential limitations of the axioms of rationality and the
need for new statistical foundations. Notions of optimality and normativity lose importance
(Brighton, 2019; Gigerenzer, 2019, Kozyreva & Hertwig, 2019; Hertwig et al., 2019), and
perception acquired new importance in rationality, leaving many assumptions from
psychophysics and an omniscient view "from nowhere" behind (Felin et al., 2017; Wimsatt,
2007). The new conception has consequences for the philosophy of science and the relationship
between epistemic and instrumental rationality (Wimsatt, 2007; Hoffmann, Singh, & Prakash,
2015; Felin et al., 2017; Felin, 2021); these topics will get further addressed through the main

argumentation in Chapter Five.

Next in this work are Chapters Three and Four. These Chapters aim to transport further
foundational understanding of the axiomatic and ecological approach to rationality. They are
written to avoid typical past misunderstandings of debates around the topic. In case of robust
foundational knowledge of the literature the reader may continue directly to Chapter Five. The

following Chapter — Chapter Three — overviews the axiomatic approach to rationality.
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3. Axiomatic Rationality

Amos Tversky and Daniel Kahneman revolutionized the academic study of human judgment and
decision-making in the 1960s and early 1970s with their contributions to the so-called "heuristics
and biases" research program (Gilovich & Griffin, 2002). Much attention was drawn to their
work when Kahneman received the Nobel Prize in 2002 "for having integrated insights from
psychological research into economic science, especially concerning human judgment and
decision-making under uncertainty." (NobelMedia, 2020), and in 2011 Kahneman published the
popular science book "Thinking, Fast and Slow" summarizing their work (Kahneman, 2011). In
2016 the popular science "The Undoing Project: A Friendship that Changed our minds" (Lewis,
2017) gave an even closer insight into the research and the friendship that made large fractions of
this advancement possible. Similarly, the field of behavioral economics, most famous for the idea
of nudging, was built on the heuristics and biases tradition and received broad public interest
(Camerer et al., 2005; Thaler & Sunstein, 2008; Laibson & List, 2015; Heukelom, 2014;
Heukelom & Sent, 2017). Additionally, analogous fields like behavioral law and neuroeconomics

are emerging and growing.

After the replication crisis in the social sciences and psychology's central role in the second
decade of the 21st century, one might conclude that many findings of the mentioned research
program can be discounted retrospectively (Schooler, 2014; Diener & Biswas-Diener, 2017,
Shrout & Rodgers, 2018). However, Ruggeri et al. (2020) replicated the empirical findings in

one extensive meta-study, suggesting that such worries can be safely ignored.
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The axiomatic approach underlying the heuristics and biases tradition must be understood with
the normative theories, it is both based on and the antithesis to, in mind: The idea of humans as

rational agents formalized as humans maximizing expected utility.

The research program of neoclassical economics dominated the decades following World War 11
(e.g., Davis, 2003; Colander et al., 2004; Sent, 2006). It was centered around the idea of the
self-interested agent that maximizes the satisfaction of their preferences. The average rationality
of the economically acting individual enabled the assumption that the economy as a total would
be in equilibrium (Sent, 2018).

This notion of maximizing expected utility was operationalized by consistency with the axioms
of rationality such as transitivity, completeness, and independence (Luce & Raiffa, 1957).
Judgment and choice that follows logic, the probability calculus, the axioms of choice, and other
normative theories of decision theory, meant behaving "as if" they maximized expected utility
(Ramsey, 1926; Van Neumann & Morgenstern, 1944; Binmore, 2008; Al-Najjar & de Castro,
2011; Pawitan & Lee, 2021). Historically psychologists suggested, based on the shadow cast by
rational choice theory (Gilovich & Griffin, 2002), that humans are "intuitive statisticians" and

follow Bayesian decision theory (Peterson & Beach, 1967; Titelbaum, 2022; 2022).

The Heuristics and Biases program in the 1970s challenged this theory. The program was built
on the insight that judgment under uncertainty is based on simplifying rules (heuristics), which
generally are a potent and valuable strategy but also lead to systematic errors in reasoning,

named biases (Kahneman & Tversky, 1974; Gilovich & Griffin, 2002). Moreover, the research
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program did not only question the descriptive adequacy of ideal models of judgment in
economics by listing heuristics and biases as systematic deviations from normative theories.
Instead, its main contribution was offering a cognitive architecture and descriptive theories as
alternatives to explain the mistakes made (Gilovich & Griftin, 2002).

These insights led to neoclassical economics having to take a step back against a new pluralism
of emerging economic research programs (Davis, 2007), with behavioral economics as the most

prominent contender (Heukelom, 2010; Sent, 2018).

This Chapter on the axiomatic approach to rationality will be continued in three parts — a
theoretical, empirical, and concluding one.

First, it will take a closer look at the theoretical underpinnings, namely the underlying normative
assumptions of rational choice and decision theory and how the axiomatic approach compares
human judgment to normative ideals.

The empirical part will continue to overview the empirical and theoretical research by Tversky
and Kahneman and the heuristics and biases research tradition. Kahneman (2003) summarised
this work with Amos Tversky, who passed away in 1996, as follows:

"My work with Tversky comprised three separate programs of research, some aspects of which
were carried out with other collaborators. The first explored the heuristics that people use and
the biases to which they are prone in various tasks of judgment under uncertainty, including
predictions and evaluations of evidence (Kahneman and Tversky, 1973, Tversky and Kahneman,
1974; Kahneman et al., 1982). The second was concerned with prospect theory, a model of

choice under risk (Kahneman and Tversky, 1979; Tversky and Kahneman, 1992) and with loss
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aversion in riskless choice (Kahneman et al., 1990, 1991; Tversky and Kahneman, 1991). The
third line of research dealt with framing effects and their implications for rational-agent models
(Tversky and Kahneman, 1981, 1986)."

All three strains of their shared work are built on a two-system architecture of cognition, the
dual-process theory.

The empirical part further includes the improvements Keith Stanovich and colleagues made to
the theories of Kahneman and Tversky. He advanced the dual-process theory into the tripartite
model of the mind, from which a concrete taxonomy of errors and their causes resulted. Some

concluding remarks will close the Chapter as a third part.

3.1 Neoclassical Economics and the Axioms of Rationality

3.1.1 Rationality, Optimality and Rules for '""Good Thinking."

After world war II and under the influence of neoclassical economics, many disciplines
implicitly assumed humans to be "homo economicus" and to behave following rational choice
theory.

Proponents of this view acknowledge that people make mistakes, but random ones (Gilovich &
Griffin, 2002).

The model of rational choice assumes humans follow the axioms of rationality, which include,
next to others, the elementary rules of logic (inductive and deductive reasoning), probability
theory, Bayesian inference, and regression analysis, resulting in the claim that humans are

"intuitive statisticians" or "intuitive Bayesians" (Gilovich and Griffin, 2002).
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The model of economic man assumes the following three points: Decision-makers are fully
informed regarding all possible options for their decisions and of all possible outcomes of their
decision options, they are infinitely sensitive to the subtle distinctions among decision options,
and they are entirely rational regarding their choice of options (Edwards, 1963; Tversky &

Slovic, 1974; Slovic, 1991; Sternberg & Sternberg, 2012).

The quality of a decision cannot be determined by the outcome alone. Instead, it is about the
potential outcomes, their probabilities, and the values to the agent at the time the choice is made.
Axiomatic rationality is about the process, and the principles followed. The narrow technical
implies the following four criteria have to be considered (Hastie & Dawes, 2010):

1. The choice is based on the decision maker's current assets and state.

2. Tt is based on the possible consequences of choice.

3. When consequences are uncertain, their likelihood is evaluated following the basic rules

of probability theory.
4. The choice is adaptive within the constraints of those probabilities and the values or

satisfactions - utility - associated with the possible outcomes.

If the criteria of logic and the probability calculus are not followed, the agent comes to
contradictory conclusions, which can result in a so-called money pump as an analogy for losing
against reality. In analytical philosophy and bayesian epistemology, this is called the Dutch book
argument (Ramsey, 1926; Von Neumann & Morgenstern, 1944; Titelbaum, 2016). The

philosophical argument is that propositions about reality cannot be true and false simultaneously
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because reality itself is not contradictory; instead, contradictory thinking is irrational (Dawes and
Hastie, 2010). This assumption can and will be debated in later Chapters in the context of

computationally limited agents in an uncertain and real-time environment.

3.1.2 The Axiomatic Approach in Psychology and Behavioral Economics

"Mind the gap."”
London Underground, since 1968

In practice, it is difficult to assess rationality; it is experimentally challenging to measure the
utilities of various consequences of actions and even more so to determine the concrete actions
that are optimal ("maximizing utility") under given circumstances and preferences. The
"axiomatic approach" solves this problem precisely; it offers a way to measure the rationality of
decisions. This approach is called the "axiomatic approach" to whether people are maximizing
utility (Stanovich, West, & Toplak, 2016). The defining criterion of the axiomatic approach is
that when people's preferences follow specific rules, the axioms of rational choice, then they
behave "as if" they are maximizing utility and are rational (Dawes, 1998; Edwards, 1954;
Ellsberg, 1961; Jeftrey, 1983; Luce & Raiffa, 1957; Savage, 1954; Kreps, 1988; Fishburn, 1970;

von Neumann & Morgenstern, 1944; Stanovich & West, 2007).

This approach allows for diagnosing deviations from the optimal choice behavior and therefore
serves as an inverse measure of the degree of rationality. The more mistakes a person makes in
applying the axioms of choice, the less the person is rational. The opposite applies as well. Fewer

inconsistencies with the axioms of rationality mean a closer approximation to optimality and,
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therefore, rationality (Stanovich et al., 2016). This approach is closely related to optimality
modeling and the so-called Meliorist side of the Great Rationality Debate. "Meliorist" means an
implicit assumption of a substantial gap between human behavior and optimality. This stance has
also led to various attempts at closing the gap with interventions like debiasing (Stanovich, 1999,
2004).

Contributors to the heuristics and biases research tradition have repeatedly been criticized for
their emphasis on errors, but Meliorists argue that other domains follow analogical approaches.
For example, medicine never defines "perfect health," but nevertheless offers good
understanding of disease as a deviation from health and resulting practical ways to bring a
human body closer to health. So do other professions. Lawyers identify injustice without
defining "perfect justice" (Postman, 1988). Following the argument pointing to biases without

having to specify the best behavior in any situation is a reasonable approach.

The Meliorist, axiomatic, or optimality stance on rationality in the great rationality debate
conceptualizes theories in the domain of rationality in three categories (Mellers, 1990; Baron,
2008):

1. The normative notions of how a rational agent does or ought to reason, think and behave.
The leading contender for a normative theory is rational choice theory. Earlier it was
understood as a positive scientific theory, but this conception changed to a normative
notion when challenged by descriptive accounts of human behavior (Hands, 2013)

2. The descriptive notions capture how humans judge, choose and behave. The theories

usually stem from experimental psychologists.
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3. The prescriptive part of the research tries to answer how the diagnosed gaps can be
closed. Knowing the formalisms of the normative notions alone does not automatically

mean behaving as if one was following them.

3.2 Empirical Advancements: From Biases to Prospect Theory

3.2.1 The Heuristics and Biases Research Program

The Heuristics and Biases Research program examined human judgment empirically and related
it to its departure from a normative standard of rational choice theory.

The program examined algorithms humans use — heuristics' — to transform complex tasks into
simpler judgemental operations and the resulting errors (Kahneman & Tversky, 1974). The three
main heuristics humans use when making judgments under uncertainty are representativeness,
availability, and adjustment of anchoring. Each simplifying heuristic can lead to a wide range of
biases. (Kahneman & Tversky, 1974):

In everyday life, humans use the representative heuristic to assess how likely an object belongs

to a particular class, how likely something originates from a specific process, and how likely a

' The term heuristic started to get widely used in computer science and the early days of artificial
intelligence (Russell & Norvig, 2020). The need for heuristics in computer science and Artificial
Intelligence stems from the fundamental problem of computational complexity. In computer science, the
complexity of an algorithm is the amount of resources required to run it. The complexity of a problem is
defined as the complexity of the simplest algorithms suitable to solving it. Calculating through all
possible solutions implies high time complexity (how long it takes to find a solution) as well as space
complexity (memory needed to perform the search) to guarantee completeness (finding a solution when
there is one) and optimality (finding the optimal solution) of the search algorithm. Heuristics are
optimally efficient when considering search cost or the total cost of an algorithm to evaluate the
performance. This fundamental demonstrates the speed-accuracy trade-off and why Herbert Simon
suggested satisficing instead of maximizing, as the search for the best solution is no longer the best when
factoring in computation cost (Russell & Norvig, 2020).
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process will generate a particular phenomenon. For example, to answer whether something
belongs to a particular group, the similarity of the object to a typically imagined representation of
the group is judged. Empirical data shows that people order occupations judged by probability
and similarity in precisely the same way. For example, biases that can arise from using the
representative heuristic are insensitivity to the prior probability of outcomes or sample size, the
illusion of validity, and the misconception of regression to the mean.

To judge the number of occurrences of a class type or the probability of an event, humans often
rely on the availability heuristic, which uses the sensation of ease by which the class or event
comes to mind. However, in cases where the availability is not a valid cue, the heuristic leads to
predictable biases. As a result, perceived risks deviate from actual risks (Slovic et al., 1981;
Slovic, 1987).

Human estimates are often assessed by taking an initial value and adjusting it given other pieces
of information to a final judgment. For example, the initial value may stem from the problem
formulations or other unreliable sources, and the final answer is skewed towards the initial
number. Experiments show the anchoring effect even when the initial number is openly

generated by a randomized process like turning a fortune wheel in front of the participant's eyes.

Human decisions are based on the, at least rough, assessment of believed likelihoods of uncertain
events. Heuristics reduce the complexity of these tasks to simper operations of judgment. While
generally valuable, they can lead to systematic error, sometimes leading to severe deviations of
optimal judgment and choice. This implies failing to reach one's goals when accepting the

assumptions of the axiomatic approach to rationality (Kahneman & Tversky, 1974).
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Whether heuristics are helpful depends on the validity of the data used to judge another property
of the environment. For example, using the sensory input of how sharp or blurry an object
appears as a cue to infer distance is usually beneficial. When the same heuristic is used under
conditions that make everything appear more blurry, like fog, distance is systematically
overestimated, which can, for example, lead to car accidents (Kahneman & Tversky, 1974;

Kahneman et al., 1982).

The many researchers that worked on the heuristics and bias tradition identified a multitude of
additional heuristics and biases. Describing more of them is, however out of the scope of this

work.

3.2.2 The Dual-Process Framework

While psychology and other behavioral sciences have never been able to create as simplistic and
elegant models as economists, it has offered empirically-grounded and integrative concepts that
can explain a magnitude of phenomena in the real world (Kahneman, 2003). More important
than identifying heuristics and biases was their explanation by understanding their cognitive
underpinnings (Evans, 2017), from which different behavioral models arise. Apart from the
heuristics and biases research program, other lines of research conducted by Kahneman and
Tversky (Kahneman, 2003) were modeling human choice under risk with prospect theory

(Kahneman and Tversky, 1979; Tversky and Kahneman, 1992; Kahneman et al., 1990, 1991;
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Tversky and Kahneman, 1991) and framing Effects and the implications for rational-agent
models (Tversky and Kahneman, 1981, 1986).

The different lines of research were all built on a dual-process computational model of cognition
(2003). Therefore to fully grasp the unified treatment of judgment and choice that Kahneman and
Tversky offer, the distinction between two generic modes of cognition has to be introduced,
corresponding approximately to intuition and reasoning (Kahneman, 2003). Or, as the title of the

popular science book suggests, "Thinking, Fast and Slow" (Kahneman, 2011).

Historically philosophical work on thinking by Aristoteles was associated only with conscious
reflection, but from Plato onwards, there are many accounts of a rough understanding that
thinking can take place in an unconscious, automatic or intuitive way (Evans, 2017). In their

dual-process theory, Kahneman and Tversky differentiate between two similarly divided modes

of thinking.

These different modes of thinking are noticeable without psychological experiments. Imagine
anything you can do without effortfully thinking at every step, for example driving the car, the
bicycle, or walking. In these cases, you can use your attention elsewhere, for example, to have a
conversation, think about a problem from work, or listen to a podcast (Dawes & Hastie, 2010).
When an unusual situation emerges, like someone cutting in line in front of you while driving,
you pull your attention away from thinking about something else or talking, and you focus on
solving the new traffic situation instead. The metaphor of "paying attention "conceptualizes the

economic trade-off of using limited executive power to reach one's goals well.
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Kahneman differentiates System 1 and System 2 as the two systems in the dual-system theory.
System 1 is fast thinking, or what one would refer to as intuition. Its defining feature is
autonomy. System 1 processes execute automatically upon encountering their triggering stimuli.
Other correlated but non-defining features as associativeness and small load on the central
processing capacity (Stanovich & Toplak, 2012). The category includes processes of emotional
regulation, solving specific adaptive problems, processes of implicit learning, and automatic
firing of over-learned associations (see Barnett & Kurzban, 2006; Carruthers, 2006; Evans, 2008,
2009; Morrs & de Houwer, 2006; Samuels, 2005, 2009; Shiffrin & Schneider, 1977). System 1
encompasses innately specified processing modules or procedures and experiential associations
that have been learned to automaticity, like implicit learning and conditioning, as well as expert
intuitions (Stanovich et al., 2016).

System 2 is the more effortful way of thinking, approximating the idea of reasoning (Kahneman,
2011). It is relatively slow and computationally expensive, so it needs attention and effort
(Kahneman, 1973).

One key difference is that System 1 operates in parallel, but System 2 is largely serial.

35



INTUITION REASONING

PERCEPTION SYSTEM 1 SYSTEM 2

Fast Slow

o Parallel Serial

= Automatic Controlled

8 Effortless Effortful

& Associative Rule-Governed

o Slow-Learning Flexible
Emotional Neutral

2

= Percepts Conceptual representations

= Current stimulation Past, Present, and Future

% Stimulus-Bound Can be evoked by language

o

Figure 1. A depiction of the three cognitive systems — perception, System 1 and System 2 — that
underpin dual-process theory. All theories empirically built on the heuristics and biases research
tradition build on this architecture of cognition (Kahneman & Tversky, 1974; Kahneman et al., 1982;
Kahneman, 2003).

The dual-process theory, therefore, differentiates between an associative system, which involves
mental operations based on observed similarities and temporal continuities, and a rule-based
system, which involves manipulations based on the relations among symbols (Barrett et al.,
2004; Sloman, 1996). A detailed listing of their relative properties can be found in Figure 1. A
wealth of results supports dual-process approaches since the launch of the Heuristics and Biases
research program in the 1970s (Evans & Stanovich, 2013).

Talking about System 1 and System 2 (Kahneman, 2011) is not meant to be understood as a
neurological claim of corresponding systems in the brain but as a cognitive architecture.

Stanovich (1999) decided upon this problem and for additional clarity in the wording to speak of
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Type 1 and Type 2 processes (Stanovich, 1999). While the exact properties of the two types of
processing are still lively debated (De Neys et al., 2018), the overall distinction is built on a
magnitude of evidence. Other scientists have used slightly different terms to refer to analogous

dual-process theories (see table in Evans, 2008).

The same modes of thinking apply in less mechanical (than walking or driving a car) and more
intellectual situations. Imagine the question ,,1 + 1 = ???. The answer simply "pops up" or
"appears" in your head. Quite to the contrary, it would probably even be difficult to not have the
answer automatically "appearing "or "coming to you . "No effort whatsoever is necessary. Now
think of “434 + 87 = 7777 (Dawes & Hastie, 2010). You will notice that the solution will not
come up automatically; you would now have to stop reading this text to use your limited
attention to effortfully compute this question with a controlled, deliberate step-by-step algorithm

(Dawes & Hastie, 2010)

The most important behaviors happen when it is unclear which system of speed to use and when
mistakes happen in the choice of system. For example, one of the most critical functions of Type
2 processing is overruling Type 1 processing when it is mistaken. This override sometimes fails.
The tests used to determine those cases are called "cognitive reflection tasks ."
Three of the original tests were introduced by Frederick (2003) and encompass the
bat-and-ball-problem, the widget problem, and the lily pad problem:

e A batand a ball cost 1.10 in total. The bat costs 1.00 more than the ball. How much does

the ball cost?
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e Ifit takes 5 machines 5 minutes to make 5 widgets. How long would it take 100 machines
to make 100 widgets?

e In a lake, there is a patch of lily pads. Every day, the patch doubles in size. If it takes 48
days for the patch to cover the entire lake. How long would it take for the patch to cover

half of the lake?

They cause a distinct temporal pattern of processes in an average human mind: The intuitive
answer for the bat and ball-problem is typically 10 cents because 1.10 divide naturally into 10
cents, and 10 cents are roughly in the ballpark of the anticipated right solution (Kahneman,
2003).

In the widget problem, an intuitive pattern-matching between "5, 5, 5" and "100, 100, X"
suggests the solution is to give the same number three times and causes the reflex to respond to
the question with 100.

The lily pad problem makes the number 48 the most relevant information to store in working
memory and then asks about "half "of something, which intuitively suggests the answer is 24.

The correct answers are, of course, 0.05 dollars, 5 minutes, and on the 47th day.

According to Frederick, over 50 percent of his Princeton University students responded by
giving the wrong answer (Frederick, 2003). This high error rate depicts how little cognitive
self-monitoring of System 1 output takes place and how seldomly people think hard (Kahneman,

2003).

38



The operational definition of rational thinking in cognitive science leads to conceptualizing
rationality within this dual-process framework. Most experiments in the heuristics and biases
literature were created to pit an automatically triggered answer against a more effortfully

generated (mostly, but not always) normative response (Stanovich, 2016).

Reading this, one might — intuitively! — conclude that System 2 is the better one. This
conclusion is wrong; type 2 processes are not necessarily superior, as they are limited and slow
(Evans, 2017). Type 2 does not always produce a normative response; it can equally well
rationalize false Type 1 responses (Evans, 2017). Type 2 processes can, however, reflect on and

alter Type 1 responses.

In the examples discussed, intuition was associated with poor performance, but intuitive thinking
can also be powerful and accurate expert intuition. High skill and mastery get acquired by
prolonged practice, and the performance of skills beomes rapid and effortless. For example, the
proverbial master chess player who walks past a game and declares "White mates in three"
without slowing is performing intuitively (Kahneman, 2003; Simon & Chase, 1973), as is the
experienced nurse who detects subtle signs of impending heart failure (Klein, 1998; Gawande,
2002). Eye-tracking studies in chess grandmasters show that the number of moves they look
ahead is only two or three (up to a maximum of five), the same as mere experts. Their visual
search, however, indicates that the quality of the moves noticed is higher in grandmasters. Their
perceptual abilities enable them to reproduce mid-game positions by only looking at them for a

few seconds. This skill is attributed to a better intuitive understanding of the "meaning" of
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positions (Hastie & Dawes, 2010). Their system 1 developed a superior sense of "where to look,"
as Herbert Simon and William Chase (1973) pointed toward visual-perceptive processes
underlying mastery. Uses of intuition are similar to rules of perception and often rely on visual

analogies (Kahneman & Frederick, 2002; Kahneman, 2003).

The distinction between intuition and reasoning has been of considerable interest to
psychologists (e.g., Chaiken & Trope, 1999; Gilbert, 2002; Sloman, 2002; Stanovich & West,
2002; Kahneman & Klein, 2009). As both types of processes have relative advantages, there are
many other examples of tasks "fast" or "slow" thinking processes excel in, and there is
substantial agreement on the characteristics that distinguish the two types of cognitive processes.
Actions by type 1 processing are fast, automatic, effortless, associative, governed by habit, and
difficult to control or modify. Type 2 processing is slower, serial, effortful, and deliberately
controlled; they are also relatively flexible and can follow learned rules. The difference in effort

is the best differentiating cue (Stanovich, 2000; Kahneman, 2003; 2011).

Dual tasks have been used in hundreds of psychological experiments to measure the attentional
demands of different mental activities (Pashler, 1998; Kahneman, 2003). Studies using the
dual-task method suggest that the self-monitoring function belongs to the effortful operations of
System 2. People who are occupied by a demanding mental activity (e.g., attempting to hold in
mind several digits) are much more likely to respond to another task by blurting out whatever

comes to mind (Kahneman & Gilbert, 1989).
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Stanovich, Toplak, and West (2016) also comment on the relationship between type 1 and type 2
processes and the environment. The validity of Type 1 processing depends on benign
environments to provide cues that elicit adaptive behaviors. In hostile environments, reliance on
heuristics can be costly (Hilton, 2003; Over, 2000; Stanovich, 2004). A benign environment
contains useful cues that can be exploited by heuristics. Cues in a benign environment have high
validity, and no other individuals are present who would change their behavior to exploit cues
used by others. In a hostile environment, few usable cues for autonomous processes are present,
and there are actively misleading cues (Kahneman & Klein, 2009). As the title "Decision making
and rationality in the Modern World" (Stanovich, 2010) suggests, they categorize the information
ecology of living surrounded by advertisements and other cues of the modern world as a hostile

environment for type 1 processing..

3.2.3 Framing Effects

The rational agent model makes two strong assumptions about preferences and choices:
extensionality (Arrow, 1982) and invariance (Tversky & Kahneman, 1986). This means
preferences are independent of varying descriptions of the choice problem if the potential
outcomes stay the same. These criteria are not matched by actual human choice behavior, where
changing relative salience of different aspects of extensionally equivalent descriptions leads to
different choices, so-called framing effects (Kahneman, 2011).

The classical thought experiment the participants got confronted with to test the rational agent
model was "the Asian disease problem" (Kahneman & Tversky, 1981). A decision with the same

expected value is presented in two different wordings:
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"The effect of variations in framing is illustrated in problems 1 and 2.

Problem 1 [N = 1521: Imagine that the U.S. is preparing for the outbreak of an unusual Asian
disease, which is expected to kill 600 people. Two alternative programs to combat the disease
have been proposed. Assume that the exact scientific estimate of the consequences of the
programs is as follows.
e [f Program A is adopted, 200 people will be saved. [72 percent]
e [f Program B is adopted, there is a 1/3 probability that 600 people will be saved and 2/3
probability that no people will be saved. [28 percent]

Which of the two programs would you favor?

The majority choice in this problem is risk-averse: the prospect of certainly saving 200 lives is
more attractive than a risky prospect of equal expected value, that is, a one-in-three chance of
saving 600 lives.

A second group of respondents was given the cover story of problem 1 with a different

formulation of the alternative programs, as follows:

Problem 2 [N = 155]:
e [f Program C is adopted 400 people will die. [22 percent]
e [f Program D is adopted, there is a 1/3 probability that nobody will die and a 2/3

probability that 600 people will die. [78 percent]
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Which of the two programs would you favor?

The majority choice in problem 2 is risk-taking: the certain death of 400 people is less
acceptable than the two-in-three chance that 600 will die. The preferences in problems I and 2
illustrate a common pattern: choices involving gains are often risk-averse, and choices involving
losses are often risk-taking. However, it is easy to see that the two problems are effectively
identical. The only difference between them is that the outcomes are described in problem one by
the number of lives saved and in problem two by the number of lives lost. The change is

accompanied by a pronounced shift from risk aversion to risk taking.”

Thomas Schelling (1984) shows in a related policy example that the intuitive preference to
protect the poor can lead to drastically different decisions because of the wording. Certain
outcomes are overweighted depending on how a situation is described, and the different
representations of outcomes highlight and mask features.

The passive acceptance of the wording can be overcome by applying attention and mental work
to actively construct a canonical representation for all extensionally equivalent descriptions.
Invariance in practice needs so elaborate computations it cannot be achieved in a finite mind

(Kahneman & Gilovich, 2002, Kahneman, 2003; 2011).
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3.2.4 Prospect Theory

Historically formal models did not differentiate between descriptiveness and normativity,
equating them with people's actual choices under risk. In contrast, prospect theory (Kahneman &
Tversky, 1979) formally describes how people make decisions. It departures from predecessor

choice models and is built on experimental research about human economic decision-making.

Important improvements are the conceptual movement away from the importance of "states of
wealth" to ‘"changes in wealth,” which means a conceptual adaption from
reference-independence to reference-dependence and different analogous evaluations of gains
and losses.

In Bernoulli's theory of expected utility (1738), the utility was assigned to states of wealth, and
the utility of decision outcomes was based on states of endowment. It was a
reference-independent prescription to maximize states of wealth (Bernoulli, 1738) but was also
understood as a description of the choices of reasonable men (Gigerenzer et al., 1989). There was

no assumption of tension between normativity, prescription, and description.

44



Value

Losses Gains

Figure 2. A schematic depiction the prospect theory, a value function for changes. It illustrates how losses
from a reference point are valued by a factor of 2 - 2.5 worse than equally good gains are valued
positively. Prospect theory is consistent with the marginal sensitivity of psychophysics (Tversky &
Kahneman, 1984; Kahneman, 2003).

The empirical study of choice under risk lead Kahenman and Tversky (1979) to the development
of prospect theory, visually represented in Figure 2. Its core idea is a value function that is
kinked at the reference point and by a factor of 2 - 2.5 steeper for gains than for losses. It is
concave in the gains domain and risk-aversely Conner in the domain of losses. The carrier of
utility is the state change — gain or loss — from the current reference point (Kahneman et al.,
1991; Kahneman & Tversky, 1992). It is consistent with the well-grounded laws of
psychophysics, as the value function diminishes in its marginal sensitivity to change (Tetlock &
Meller, 2002). Similarly, perceptual systems are designed to notice changes and differences and
to enhance accessibility. The senses are reference-dependent, which means they notice a

difference in prior context.
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GAINS LOSSES

HIGH 95% chance to win $10,000 95% chance to lose $10,000
PROBABILITY Fear of disappointment Hope to avoid loss
Certainty Effect RISK AVERSE RISK SEEKING

Accept unfavourable settlement Reject favourable settlement
LOW 5% chance to win $10,000 5% chance to lose $10,000

Hope of large gain Fear of large loss

PRO,B_A,BILITY RISK SEEKING RISK AVERSE
POSSlblhty Effect Reject favourable settlement Accept unfavourable settlement

Figure 3. The table represents the “fourfold risk patterns”, which follows from prospect theory. It
contains each a certainty effect for high probabilities and a possibility effect for low probabilities in the
context of gains and losses. It makes predictions about contexts in which humans typically behave risk
seeking or risk averse (Tversky & Kahneman, 1984; Kahneman, 2003).

The value function of the prospect theory is anchored at the status quo reference point. The
weighting function is anchored in certainty and impossibility. On both ends, a qualitative shift
occurs from impossibility to possibility or from possible to impossible. Thus the change in
subjective probability from 0.0 to 0.01 or .99 to 1.0 are more consequential than any
middle-range movement (Tetlock & Mellers, 2002). This leads to a four-fold pattern of risk

attitudes (Kahneman & Tversky, 1986).

Effects that follow from prospect theory are the "fourfold risk patterns", depicted in Figure 3.

The certainty effect typically makes humans behave risk-averse with a high probability of gains
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and risk-seeking in high chances of losing. The opposite effect is the possibility effect; small
probabilities of winning lead to risk-seeking behavior, and in the case of a low probability of a

loss, it leads to risk-averse attitudes (Kahneman & Tversky, 1979).

The discovery of the prospect theory was what earned Kahneman the Noble prize in 2003. In
2020 a group of researchers replicated the findings (Ruggeri et al., 2020) and reestablished the
trust in the theory after the replication crisis in psychology and other social sciences had put
many theories in doubt (Diener & Biswas-Diener, 2016; loannidis, 2005; Schooler, 2014;

Aschwanden, 2018).

3.2.5 Axiomatic Rationality and Intelligence

Stanovich (2009; 2019) and Stanovich et al. (2016) improved the dual-process framework into a
more detailed and nuanced architecture of the cognitive processes, the tripartite structure of the
mind. A preliminary diagramatic representation is shown in Figure 4. The tripartite model
encompasses the dual processes of cognition proposed by Kahneman (2003) while offering
concrete loci for intelligence and individual differences in rationality (Stanovich & West, 2000;
2002). Based on the Tripartite Model, Stanovich et al. (2016) established a taxonomy of errors in
rationality, which also allows for a more nuanced measurement of rationality, the Rationality

Quotient, in multiple subtests.

Many of the examples lay people think of as intelligence, so-called permissive theories, are

actually captured better by the concept of rationality in cognitive science than by what an IQ test
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measures in psychology. To move rationality and intelligence research closer together, Stanovich
et al. (2016) transformed the dual-process framework into a tripartite structure of mind that
encompasses Fluid intelligence, Crystallized Intelligence, and thinking dispositions. In their
work, Stanovich et al. (2016) build on the standard grounded Cattell-Horn-Carroll (CHC) theory

of intelligence (Carroll, 1993; Cattell, 1963, 1998; Horn & Cattell, 1967).

Reflective Mind

(individual differences in
rational thinking dispositions)

I ,

Algorithmic Mind
(individual differences in
fluid intelligence)

Type 2

Processing { 1

Type 1
Processing

Autonomous Mind
(few continuous individual differences)

Figure 4. A preliminary depiction of the tripartite model of the mind, an advanced understanding of the
dual-process theory, by Maggie E. Toplak, Richard F. West and Keith E. Stanovich (2016). It offers an
understanding of loci for fluid intelligence, individual differences in rationality, and thinking dispositions
and how they are all encompassed in rationality. The tripartite model of the mind allows for a detailed
analysis of error causes in tasks that test for axiomatic rationality. An additional, more fleshed out, and
nuanced version can be found in Stanovich et al. (2016.
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The main difference between rationality and intelligence is seen in typical or optimal
performance situations (Ackerman & Kanfer, 2004; Cronbach, 1949; Sternberg et al., 2008).
Optimal, or maximal, performance situations define a task at hand externally to require
maximum cognitive performance, as is usual in tests of intelligence or cognitive aptitude. They
test the capabilities and individual differences of the algorithmic mind. Typical performance
situations, however, are closer to everyday situations. Here the decision of how effortfully and
with which algorithm to perform the task is internally decided by the reflective mind of the
solver. While individual differences in thinking dispositions or "cognitive styles" are located in
the reflected mind, testing for how effortful the person thinks on average. For example, the
average time of thinking before responding, the tendency to collect information before making

up one's mind, and the average depth of computation.

Actual measures of intelligence in use assess only algorithmic mind cognitive capacity, while the
whole tripartite structure of the mind, including thinking dispositions, are assessed with cognitive
reflection tasks (Toplak et al., 2011). To successfully answer a cognitive reflection task multiple
steps have to be completed successfully: preattentive processes of Type 2 have to detect a
conflict (Evans, 2008), the Type 1 response has to be successfully interrupted and inhibited (a
hallmark of executive functioning; Best et al., 2009; Hasher et al., 2007; Miyake & Friedman,
2012), a better response as a substitute for the automatic reaction has to be generated and the
wrong type 1 response has to be overwritten (Evans, 2007, 2010; Evans & Stanovich, 2013).
These steps have to be done while maintaining cognitive decoupling from the environment to not

confuse simulations and reality (Stanovich, 2011), a major contributor to the distinct property of
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seriality in Type 2 (Duncan et al., 2008; Gray et al., 2003; Hicks et al., 2015; Kane, 2003; Kane
& Engle, 2002; Kane et al., 2005; Salthouse, Atkinson, & Berish, 2003). For the individual
differences in rational thinking, therefore both fluid intelligence and the reflective mind, thinking

dispositions, are significant (Stanovich et al., 2016).

The Taxonomy of Cognitive Errors.

By analyzing successful and unsuccessful solution processes in cognitive-reflection tasks with
the tripartite model, Stanovich et al. (2016) could identify different error sources. This results in
a taxonomy of mistakes and their causes. The two main dimension causes are either, first,
miserly processing, which means failing to adequately activate Type 2 processing, or, second,

mindware problems.

Humans are cognitive misers because their basic tendency is to default to processing
mechanisms of low computational expense (Dawes, 1976; Kahneman, 2011; Simon, 1955, 1956;
Taylor, 1981; Tversky & Kahneman, 1974; Stanovich, 2004, 2009). Cognitive effort is a constant
trade-off between power and expense (Tomlin et al., 2015), as great concentration and attention
are often experienced as aversive (Kahneman, 1973; Kurzban, Duckworth, et al., 2013; Navon,
1989; Westbrook & Braver, 2015). The miserly choice does not necessarily imply only a
tendency to Type 1 processing; it can also be to choose the less demanding of multiple type 2
processes. In the case of defaulting to the autonomous mind in cognitive reflection tasks, no
struggle or conflict is either happening or even noticed; an override failure occurs when a

conflict is detected but not won by a Type 2 override. In economics or psychology considered to
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reflect problems of self-control (Baumeister & Vohs, 2003, 2007; Hofmann, Friese, & Strack,

2009; Loewenstein, Read, & Baumeister, 2003).

Sloman (1996) talks here about the "quintessential dual-process conflict" by quoting Stephen
Gould's introspection about the Linda problem, which tests for the conjunction fallacy: "I know
the [conjunction] is least probable, yet a little homunculus in my head continues to jump up and

down, shouting at me - 'but she can't be a bank teller; read the description' (Gould, 1991, p. 469)

In defaulting to serial associative cognition, type 2 processing is used, but to such a limited
extent that it has an inappropriate focal bias, for example, making expected value calculations
but passively accepting the given formulation in framing problems (Kahneman, 2003).
Kahneman (2011) calls this the "WYSIATI tendency"” ("What you see is all there is").
Information that is systematically unavailable is not actively made available by considering

counterfactuals. The decision is influenced by the environment of the moment.

The fourth error category is about mindware gaps. In this error category, the subject responds
with a wrong and intuitive System 1 response. No conflict or override is necessary as the subject
has not acquired the mindware to have a conflict between an intuitive and normative response.
Typical areas of lacking knowledge are probabilistic reasoning, causal reasoning, logic, and

scientific thinking.
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Mindware can also cause errors, where an override happens, but the acquired mindware is
contaminated and the direct cause of a wrong choice. In their book, Stanovich et al. (2016) refer
to the very extreme example where Nazi officers admitted any civilized human would experience
a moral disgust reaction to committing genocide, that, however, what they are about to do, is "the
right thing" defined by "a higher goal." Their ideology is the mindware used to override their

type 1 response of moral disgust.

Through the tripartite model of the mind, as a more detailed understanding of the dual-process
theory, it was possible for Stanovich et al. (2016) to understand the interplay between
intelligence and rationality and to derive a taxonomy of error sources in cognitive-reflection
tasks as an analogy for real-life situations. These error sources are based on miserly processing

and mindware problems (Stanovich et al., 2016; Stanovich, 2018).

Testing for the Rationality Quotient.

With the development of a detailed error taxonomy, Stanovich made it possible to develop the
"Comprehensive Assessment of Rational Thinking" (CART) test, later called the "Rationality
Quotient" (Stanovich, 2016; Stanovich et al., 2016). In direct relation to the dimensions of the
established error taxonomy, the subtests of the CART can be categorized into tasks with high
processing requirements, tasks high in knowledge requirements, tasks testing for the avoidance

of contaminated mindware, and tasks testing for different thinking dispositions.
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The CART uses the prodigious number of tasks that measure components of rational thinking
assembled over the last decades (Baron, 2008; Kahneman, 2011; Stanovich, 2011). Stanovich et
al. (2016) refuted training making people better at solving the CART as a cause for concern
about its validity. They write that the conception of a rationality quotient is grounded both in
thinking dispositions and the acquisition of certain mindware. It can straightforwardly follow
that teaching or understanding the mindware by taking the test questions can be a means to

increase the knowledge and use of the mindware.

This conceptualization of the CART and its subtests is, as explained before, built on the
axiomatic framework. It says that if people's preferences follow transitivity, independence, and
other axioms of choice, and show descriptive invariance (Tversky & Kahneman, 1986), they
behave as if they are maximizing utility. This is what makes people's degree of rationality
measurable by using the count of failed tasks as the inverse measure of rationality. As a bottom

line, the CART assesses how often the axioms of choice are violated.

Both Chapters Three and Four aim to transport foundational understanding of the axiomatic and
ecological approach to rationality and are written to avoid typical past misunderstandings of
debates around the topic. In case of robust foundational knowledge of the literature, the reader
may continue directly to Chapter Five.

This concludes Chapter Three, giving an overview of the axiomatic approach and the empirical
work done on its ground. The following Chapter — Chapter Four — will continue to overview the

ecological approach to rationality.
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4. Ecological Rationality

Since the 1990s, an alternative interpretation of the findings from the heuristics and biases
research program has been brought forward (Gigerenzer, 1991; Gigerenzer et al., 1999; Smith,
2003, 2008; Dekker & Remic, 2019). Contributing to this alternative interpretation have been
evolutionary psychologists, adaptationist modelers, and ecological theorists (Anderson, 1990;
Cosmides & Tooby, 1996; Gigerenzer, 2007; Oaksford & Chater, 2007; Todd & Gigerenzer,
2000).

They took the modal response in most of the classic heuristics and biases experiments as
indicating an optimal information processing adaptation on the part of the subjects. Instead of
questioning human rationality, they proceeded to question and reinterpret the normative theories
used as benchmarks. This group of theorists—who argue that an assumption of maximal human
rationality is the proper default position to take—have been termed the Panglossians (Stanovich,
2010).

In contrast to axiomatic rationality, where consistency with the axioms of rationality is the
measure of rationality, this stream of research is termed ecological rationality, where the
adaptionist value and validity of action to the agent's environment in a specific context became
the focus. Ecological rationality asks how decision mechanisms can produce useful inferences by
exploiting the structure of information in their environment.

Accordingly, there is a difference in what the different schools deem rational. While the
violations of the rational choice theory are understood as an indication of irrationality from an

axiomatic perspective, the ecological rationality notion questions the normative validity of the
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axioms of rationality. Moreover, it interprets the empirical findings in an alternative fashion.

Instead of questioning human rationality, it questioned the validity of the normative notions.

From a distance, the divide between the different forms of rationality is sometimes portrayed as
the axiomatic or Meliorist side focusing on the errors in human cognition (biases). At the same
time, the ecological approach points out the adaption value of these simple rules of thumb
(heuristics). While this is a false dichotomy — the heuristics and biases program explicitly states
that heuristics are the optimal choice in most cases — it can be a valuable shortcut to knowing

which positions are associated with the different approaches.

This Chapter on the ecological approach to rationality contains multiple parts, roughly following
the advancements made by the tradition in chronological order.

First, it will lay out the initial fast-and-frugal heuristics approach to ecological rationality and
introduce the adaptive toolbox (Gigerenzer & Goldstein, 1996; Gigerenzer & Todd, 1999;
Martignon & Schmitt, 1999; Gigerenzer et al., 2011; Raab & Gigerenzer, 2015; Gigerenzer,
2015; Hafenbridl, 2016). This section follows the argument of why biased minds make better
inferences (Gigerenzer & Brighton, 2009) by describing the less-is-more effect. It rests on the
argumentation of a bias bias in behavioral economics and understanding errors through a
bias-variance decomposition (Brighton & Gigerenzer, 2015; Gigerenzer, 2018).

The next part will give an overview of theoretical developments regarding the statistical
foundations of ecological rationality in comparison to the axiomatic approach (Gigerenzer, 2019;

Brighton, 2018, 2020) as well as the underlying interpretation of uncertainty (Kozyreva &
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Hertwig, 2019; Kozyreva et al., 2019; Hertwig et al., 2019, Kay & King, 2020). Should the
treatment of some concepts and theories from ecologial rationality appear superficial, then this is
to be attributed to them being prominently featured in the central argumentation of this thesis in

the upcoming Chapter Five.

4.1 Simple Heuristics

Historically, the ecological approach to rationality took a big step back to ask with a beginner’s
mind how humans and other animals cope effectively with the uncertainty of the natural world
and what, after reformulating the rationality question, constitutes rational decisions in the first
place.

Ecological rationality answers these questions by determining how cognitive mechanisms can
generate instrumental inferences, which take advantage of the structure of how information is
represented in the environment (Todd et al., 2000). In this context, the focus of ecological
rationality on simple heuristics from its foundation onwards quickly becomes apparent. While
the axiomatic approach acknowledges the functionality of heuristics in many cases, the centrality
of simple heuristics in ecological rationality rests on different conceptual foundations and
assumptions. Moreover, heuristics do not work despite being limited; their functional value
stems precisely from their simplicity and limitations (Gigerenzer & Goldstein, 1996; Gigerenzer

& Todd, 1999).
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4.1.1 The Fast and Frugal Approach to Ecological Rationality

The so-called "fast and frugal" approach proposes ecologically rational simple heuristics in three
steps; simple search, stopping, and decision rules. The heuristics include simple rules to control
the search for information in the environment or memory, stopping rules regarding the search
processes, and decision rules regarding how to use the information found to make judgments and
decisions (Gigerenzer & Todd, 1999; Todd et al., 2000; Raab & Gigerenzer, 2015; Hertwig et al.,
2019).This class of heuristic includes take-the-best (Gigerenzer & Goldstein, 1996), fast and
frugal trees (Martignon et al., 2008), and the priority heuristic (Brandstitter et al., 2006;

Drechsler et al., 2014).

Ecological rationality asks whether heuristics are valid for consequentialist or means-end
rationality in a specific environmental structure. It can be accurately defined by describing the
information structures in environments and the heuristics adapted to make good decisions (Todd
et al., 2000; Schurz & Hertwig, 2019).

For example, in environments where cues are typically non-compensatory and declining rapidly
in their relative validity, the take-the-best heuristic is ecologically rational (Martignon &
Hoffrage, 1999; Todd et al., 2000).

The take-the-best heuristic makes choices between available options by searching through
available cues in order of their validity in the environment, then stopping once the first cue is
found that distinguishes the options, and then choosing the first option indicated through a higher
cue value (Gigerenzer & Goldstein, 1996; Todd et al., 2000). The logic of the rule is that it bases

its decision on only the one most valid and therefore best cue and ignores any further
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information. Significant inspiration for this ecological performance classification stems from the

ideal observer analysis and signal detection theory, as the attention toward cues indicates.

4.1.2 The Adaptive Toolbox

Challenging the axiomatic or "Olympian" ideal of rationality is a central pillar of the ecological
approach. Humans do not master the uncertainty surrounding them as if they were reducing it to
quantifiable risk (Hertwig et al., 2019). Instead, humans deploy a range of cognitive tools,
referred to as the mind's adaptive toolbox (Gigerenzer, 2002; Hertwig et al., 2019; Mohnert et al.,
2019). Cognitive tools in the adaptive toolbox are simple heuristics (Todd et al., 2012; Arkes et

al., 2006), search strategies, and crowd aggregation rules.

Martignon et al. (2003, 2008) introduced the concept of fast-and-frugal (decision) trees based on
fast and frugal decision rules. They are simple graphical structures that categorize objects by
asking multiple binary categorization questions with one question, along the dimension of a
high-value cue, at a time. Fast-and-frugal decision trees constitute lexicographic heuristics or
linear classification models with non-compensatory weights and thresholds (Gigerenzer et al.,
2011). These decision trees' performance, operationalized as accuracy and robustness,

approximates Bayesian benchmarks (Laskey & Martignon, 2014).

While there is no perfect axiomatic normative ideal of formal requirements to determine
ecological rationality, one can determine the relative values of decision rules along multiple

dimensions. Dimensions along which heuristics are valued are extended beyond purely formal
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and epistemic goals to, among others, the accuracy of judgment, speed, and frugality. Frugality
here means how many cues need to be searched before coming to a reasonable decision. The
normativity of ecological rationality stems from using heuristics that have a higher value in a
specific environment. Accordingly the normativity is relative and context-dependent, instead of
formal and absolute (Gigerenzer & Goldstein, 1996; Todd et al., 2000; Gigerenzer &

Gaissmaier, 2011; Todd & Gigerenzer, 2012; Gigerenzer, 2019).

4.1.3 Homo heuristics, the Less-is-More Effect, and the Bias Bias

The ecological rationality research tradition argues that simple heuristics more accurately
approximate and embody Herbert Simon's bounded rationality. They enable organisms and other
systems to make better choices while being internally and externally constrained. Behavioral
economics and the heuristics and biases tradition emphasize internal limitations, such as limited
memory and computational power. By the end of the 20th century, this led to the wrong idea that
more computational resources would free a cognitive system from relying on heuristics. Hertwig
and Gigerenzer (2009) summarize the misconceptions as "1. Heuristics are always second-best.
2. We use heuristics only because of our cognitive limitations. 3. More information, more
computation, and more time would always be better."

This notion leaves the second part of the constraints of cognitive systems out of the picture, the
uncertainty of the external world and the constraints it imposes on decision-makers (Todd et al.,
2000; Gigerenzer, 2000). Ecological rationality argues that heuristics make better inferences and
are superior to more extensive computation, not despite but precisely because they ignore

information (Dawes, 1979; Martignon & Schmitt, 1999; Gigerenzer & Todd, 1999; Brighton &
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Gigerenzer, 2009; Gigerenzer & Gaissmaier, 2013). Systematic investigations even challenged
long-standing arguments of simple rules failing in competitive interactions, instead heuristics
turned out to be adapted well to game theoretic standoffs (Spiliopoulos & Hertwig, 2020).

Part of the judgment error regarding the functionality of heuristics is the wrong assumption of a
linear relationship between perceived problem complexity and the required complexity of the
mechanism to confront it. No linear relationship exists (Todd, 2000; Stanovich, 2013; Brighton
& Gigerenzer, 2015). The rationale for biased minds making better decisions is developed from
the conception of the Less-is-More effect and a bias bias in behavioral economics (Gigerenzer &
Goldstein, 2002; Martignon & Hoffrage, 2002; Hastie et al., 2009; Brighton & Gigerenzer,

2009).

One example that helps move from the axiomatic view of rationality to that of ecological
rationality is to consider how a baseball outfielder successfully catches a ball (Brighton &
Gigerenzer, 2009):

Analyzing the scene from an omniscient and omnipotent "view from nowhere," the complex
problem requires equally complex mental algorithms. The outfielder "behaves as if he had solved
a set of differential equations in predicting the trajectory of the ball... At some subconscious
level, something functionally equivalent to the mathematical calculations is going on" (Dawkins,
1989, p. 96).

The inserted "as if" indicates Dawkins' doubts regarding whether brains perform these

computations. Brighton and Gigerenzer (2007, 2009) argue that experiments have shown that it
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does not do so; instead, players rely on several heuristics, most and foremost the "gaze heuristic"
as the simplest.

The simple rule of the gaze heuristic is that once the ball is up in the air, fix gaze on the ball, run
in the direction the ball is flying, and adjust the running speed so that the gaze angle remains
constant.

With the focus on one variable — keeping the gaze angle constant while running — the player
ends up in the location as the ball comes down. There is no need to compute differential
equations to determine the exact spot, and one can safely ignore variables like initial distance,
velocity, air resistance, speed and direction of wind, and spin, among others (Gigerenzer, 2007;

Brighton & Gigerenzer, 2009).

The axioms of rationality judge — along dimensions of logical consistency, coherence, and an
effort to incorporate all available pieces of information — the construction of accurate and
general representations of the world (Todd et al., 2000). Kay and King (2020) speak of the
beauty of the Savage axioms and probability formalisms as seductively elegant and intrinsically
rewarding to a potentially dangerous degree. In this manner, it was extensively and formally
argued how more information is inherently superior both in theory (Carnap, 1947; Good, 1967)
and in optimization-under-constraints theories for search in the world or memory (e.g., Stigler,
1961; Anderson, 1991).

Brighton & Gigerenzer (2009) point out that this is incorrect; more information is not inherently
better. A trade-off between accuracy and effort is the fundamental assumption from which the

value of more information follows (Heitz, 2014; Fudenberg et al., 2018), but more information or
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computation can decrease accuracy in increased uncertainty conditions. Therefore, simple
heuristics can be more accurate than strategies that use more information and time (Gigerenzer,
2007; Brighton & Gigerenzer, 2009; Spiliopoulos & Hertwig, 2019). The ability of less
information to be more valuable has been coined the less-is-more effect (Brighton & Gigerenzer,
2009).

The second argument for the robust value of heuristics is the bias-variance decomposition of
errors (Geman et al. 1992). Including variance in evaluating the error of cognitive strategies can
overcome the bias bias of behavioral economics (Gigerenzer, 1991; Brighton & Gigerenzer,
2009; Brighton & Gigerenzer, 2015; Gigerenzer, 2018). In conditions of radical uncertainty,
cognitive systems must successfully cope not (only) with a speed-accuracy trade-off but also
with the efficiency-robustness trade-off. The main argumentation of Chapter 5 will treat this line

of thought in adequate detail.

4.2 Statistical Foundations, Optimality and Uncertainty in Ecological Rationality

Ecological rationality contributed to multiple significant advancements. One contribution was
replacing uncertainty as a quantifiable or numerically expressable property of the environment.
The positions regarding quantifying uncertainty denote a crucial difference between axiomatic
and ecological rationality. The new statistical foundations of ecological rationality limit
quantified risk to use in well-posed problems and statistical "small worlds." It started to conceive

of uncertainty as a property of the organism-environment system (Brighton & Gigerenzer, 2012;

Brighton, 2018, 2020; Felin & Koendrick, 2021; Gigerenzer, 2019; Hertwig et al., 2019; Kay &
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King, 2020; Kozyreva & Hertwig, 2019; Taleb, 2017; Vale et al., 2021; Okasha & Binmore,

2012; Okasha, 2016).

4.2.1 Rationality without Optimality

Humans, however, are not confronted with quantifiable risk in their natural world. Accordingly,
consistency with the axioms of rationality is only valid in statistical "small worlds," where risks
are quantifiable and optimal solutions computable. Instead, humans live in a non-stationary
world. As a result, they must cope with radical and unmeasurable uncertainty (Kozyreva &
Hertwig, 2019; Kay & King, 2020). This ill-posed reality of statistical "large worlds" in which
humans reside is known as Knightian uncertainty (Okasha & Binmore, 2012; Okasha, 2016;

Gigerenzer, 2019; Kay & King, 2020; Brighton, 2020).

Historically, the different statistical requirements needed in well-posed problems or "small
worlds" relative to ill-posed problems or "large worlds" has been repeatedly acknowledged
(O'Sullivan, 1986; Brighton & Gigerenzer, 2012; Brighon, 2018, 2020; Gigerenzer, 2019).
Remarks of that kind were made by Simon (1973), Keynes (1937), Luce and Raiffa (1957), and
Marr (1973), while Savage, the founding father of Bayesian decision theory himself, considered
the application of his methodology outside of small worlds "utterly ridiculous" (Savage, 1954).
None of this functions as an argument against optimality modeling; instead, it is to be understood
as an argument for understanding the limits of the methodology (Brighon, 2020; Kay & King,

2020).
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Brighton (2018, 2022) notes the different faces of the same interdisciplinary orthodoxy of
optimality. Examples are optimal Bayesian decision-makers in the cognitive sciences, optimal

foragers in biology, and Bayesian maximizers of expected utility in economics

As an alternative approach — rationality without optimality — Brighton (2018, 2020) points to
the two cultures of statistical modeling (Breiman, 2001). In statistical modeling, the distinction
between data modeling and algorithmic modeling directly reflects the large approximations made
by ecological and orthodox rationality.

Analogous to Bayesian optimality modeling, data modeling views the conjecture of a stochastic
model of nature's black box as an essential step in statistical inference. Alternatively, algorithmic
modeling, analogous to ecological rationality, is an incremental search for learning algorithms
that can, to varying degrees, accurately predict the input-output relationship. This clash reflects

long-standing disagreements in statistics (Breiman, 2001; Brighton, 2018, 2020).

4.2.2 Uncertainty as a Property of the Organism-Environment System

In the ongoing ecological rationality endeavor, an important question is identifying a good fit
between tools and environments. This focus rests on a systemic view of ecological uncertainty
(Kozyreva & Hertwig, 2019). No longer is uncertainty attributed to the state of mind (epistemic
uncertainty as the subjective degree of belief) or the environment (aleatory uncertainty as stable
frequencies displayed by chance).

Instead, uncertainty is seen as an interactive and relational property of the organism-environment

system (Kozyreva & Hertwig, 2019; Hertwig et al., 2019). This system of organism and
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environment together is sometimes approximated by the analogy of Herbert Simon's scissors
metaphor of bounded rationality. In the metaphor, one blade represents the internal constraints of

the organism and the other that of the external system (Brunswik, 1955; Viale, 2021).
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Figure 5. Adapted visual depiction of Brunswik’s lens model framework for judgment. It illustrates the
notion of uncertainty as a property of the organism-environment system in its semiotic discourse. The
representation is based on Brunswik (1952), Dhami et al. (2004), Hastie and Dawes (2010), and
Kozyreva and Hertwig (2019).

The notion of the environment-organism system is often explored through Brunswik's lens
model, which visualizes two critical properties of this systemic notion of uncertainty. It is

depicted in Figure 5.
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Firstly, the distance of uncertainty in the relationship between causes and effects and, secondly,
the underpinning inferential nature of human judgment and reasoning. In it, the process of
cognition is ordered around two focal variables, and its temporal inference process is mediated
by cues (Kozyreva & Hertwig, 2019, Brunswik, 1955). As the lens model's first part, the
environment explores relations between available proximal cues and distal objects and criteria.
The organism as the second part focuses on how the organism utilizes the cues to achieve its
goals. No one-to-one relation between causes and effects or distal criterion and proximal cues
exists. Instead, the organism-environment system follows the principle of mutual substitutability,

or "vicarious functioning," of means for each other (Brunswik, 1955).

Therefore, understanding uncertainty in judgment and decision-making implies accounting for
how people make inferences and the characteristics of their environments. Selecting and using
cues in an ongoing process is essentially the achievement of the organism necessary to forward

its goals in the world (Kozyreva & Hertwig, 2019).

This concludes Chapter Four, giving an overview of ecological rationality, including the robust
beauty of simple heuristics, the adaptive toolbox, and the statistical foundations of ecological
rationality in radical uncertainty. Both Chapters Three and Four aimed to transport foundational
understanding of the axiomatic and ecological approach to rationality. They are written to avoid
typical past misunderstandings of debates around the topic. The following Chapter — Chapter

Five — will present this thesis's central strain of argumentation.
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5. Triangulating Rationality Between Optimality and Uncertainty

In the literature, rationality is often used synonymously with optimal judgment and
decision-making under uncertainty, or simply put, “doing the right thing” (Kahneman &
Tversky, 1974; Hastie & Dawes, 2010, Russell & Wefald, 2003). The underlying uncertainty is
conceived here as risk and accordingly is probabilistically quantifiable, as is also typical of
economic analysis. A correct assessment of risks and weighing of alternatives of action is what is
considered to be rational behavior, in line with the normativity of logic, probability calculus, and
Bayesian decision theory (Hertwig et al., 2019). In this conception, the deviation from rationality
— the extent of given irrationality — can be measured as the distance of deviation from theoretical
normative ideals. In recent years, the notion of uncertainty as something that can be measured
has come under fire in multiple disciplines (Brighton, 2020; Felin & Koendrick, 2021;
Gigerenzer, 2019; Hertwig, Pleskac, & Pachur, 2019; Kay & King, 2020; Kozyreva & Hertwig,
2019; Taleb, 2017; Vale et al., 2020). The economists Kay and King (2020) argue that humans
are actually confronted with radical and unmeasurable uncertainty in the non-stationary world
they inhabit, also known as Knightian uncertainty. They point out that the appliance of
mathematical models and probability theory outside of small, abstracted, or stationary worlds in
the real world exceeds the validity of the methods; an aspect already criticized by Keynes and the

founding fathers of said methods.

Similar notions of immeasurability of uncertainty were recently developed in the ecological
critique of “orthodox” axiomatic rationality. A major conceptual move went beyond uncertainty

as a measurable property of the environment to a systemic view of the uncertainty as a property
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of the organism-environment system (Kozyreva & Hertwig, 2019). One analogy used to describe
this system was that of a married couple between organism and environment by Brunswik, and
another one the scissors metaphor by Simon, where one blade represents the internal constraints
of the organism and the other that of the external system (Brunswik, 1955; Viale, 2021). The
response by the ecological approach to this conception of uncertainty is to offer a taxonomy of
tools specific to the given environment. However, organisms will never be omniscient and have a
priori insight into the properties of their environment (Felin et al., 2017; Wimsatt, 2007). This
thesis argues that while having tools for different environmental properties is valuable, being
able to assess and determine what is relevant about a given situation comes first and is the most
crucial cognitive skill in rationality. This process of problem reframing and sense-making is also

referred to as abductive reasoning.

Precisely the ongoing, procedural, and dynamical cognitive transformation of an uncertain
environment — or “large world” (Savage, 1954) — into an abstracted, tractable “small world” is
at the center of the phenomenon of rationality. Consequently, rationality is about continuously
solving the frame problem, in line with Dennett (1984), and refer to this emerging bottom-up
transformation of the environmental representation by negotiating different cognitive conflicts as
‘relevance realization’ (Vervaeke et al., 2012). Relevance realization brings together empirical
prescriptive research from the axiomatic approach to rationality, like active open-mindedness and
mental decoupling (Stanovich, West, & Toplak, 2016), with the ecological conception of
uncertainty and the selection of adaptive tools (Hertwig, Pleskac, & Pachur, 2019), and also

accounting for the insight problems of the naturalistic decision-making approach (Klein, 2013).
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The upcoming line of argumentation is related to general developments in cognitive science,
away from logicist computationalism and propositional cognition, and towards the 4E-approach
(Rolla, 2019) of viewing cognition through embodied dynamism. This line of argumentation has
implications for categorization and perception (Hofstadter, 2011; Felin, 2021, Hoffmann, 2015),
philosophy of science (Thagard, 2012; Hartmann & Sprenger, 2019), economic theory (Kay &

King, 2020), as well as machine learning and applied mathematics (Weinan, 2021).

This thesis elaborates in-depth how the debate between axiomatic rationality or optimality
modeling on one side and ecological rationality on the other can be reexamined from the angle of
understanding the rationality problem as solving the frame problem. The two approaches are not
genuine opposites, but rather complementary to one another, studying the same phenomenon
from different perspectives. This work aims to differentiate the knowledge about the rationality
phenomenon generated from different perspectives from the artifactual disagreements that stem
as by-products from the different methods, perspectives, and assumptions used (Giere, 2006;
Wimsatt, 2007; Callebaut, 2012; Massimi & McCoy, 2019). As a process such triangulation can
enrich each approach by discriminating between the perspectival disagreement and the

fundamental gap in knowledge integration.

5.1 Perspectives on Rationality

This thesis takes the stance that not all relevant advancements each tradition highlights have been
integrated into each other. As a result, there is further room to move them closer together to a

shared understanding of rationality. This work addresses exactly this gap and brings forth
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insights that are not reducible to the models of one or the other party, instead it asks which parts
of the debate are rooted in insights of the respective other side that have not yet been integrated.
The argumentation differentiates between the different perspectives on the phenomenon of

rationality and how to distinguish them from parts that are purely perspectival artifacts.’

The descriptive psychological research of the heuristics and biases tradition was built on the
axioms of rationality from theoretical economics and decision science. This line of research
attempts to identify heuristics and the biases — systematic deviations from rationality — they
cause. Prescriptive attempts were made on this foundation; recommendations on how to decrease
deviations from the normative ideal of axiomatic rationality (assuming this gap is essential to the
Meliorist view). However, these prescriptions (e.g. Stanovich et al., 2016) ignore multiple
problems that ultimately lead back to questioning the theoretical foundations of optimality
modeling. These prescriptions usually presuppose a cost-free world: when taking both thinking
effort and opportunity costs of delayed action into account, the biases are often Bayes optimal
and accordingly cannot be naively improved upon. Whether or not this is the case can be
approximated by resource-optimal analysis and modeling (Lieder and Griffith, 2019). The idea
of computational rationality (Gershman et al., 2015) needs to be introduced as an underpinning.

This notion integrates internal and external computational constraints on an

? In Wimsattian scientific perspectivism and robustness analysis, the crucial decision is to distinguish
between what is real and what is illusory, ergo the object of focus from artifacts of perspective. Even the
best scientific models have artificial assumptions and when observing results, one has to ask whether they
depend on the essentials of a model or on the details of the simplifying assumptions. Wimsatt himself tells
the story of how the idea of group selection was wrongly refuted, because the absence of group selection
effects resulted from the assumptions in the modeling approaches (e.g. random mating within
populations) (Wimsatt, 2007).
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information-processing system embedded in an online (having a temporal dimension)

environment.

On an even more fundamental level, according to the no-free-lunch theorems by Wolpert (1995;
1997), this means there cannot be one single search algorithm optimal for all cases independently
of the search space it is applied to. From this, it suggests that there cannot straightforwardly be
one prescription to think more rationally independent of the environment. Instead of assuming a
mere speed-accuracy trade-off that implies a more effortful process to always be better while
implying more costs, this work argues for conceptualizing the trade-off additionally along
another dimension, namely between efficiency and robustness. Underlying is a shift of paradigm
from cognitivism to embodied dynamicism, taking a more adaptionist view of ecological
rationality. Both conflicts have to be continuously solved by systematically overcoming the
frame problem of what is relevant in a given embedded and situated system of organism and
environment. To understand what this means, the concept of relevance realization and its
emerging framework by Vervaeke, Lillicrap, and Richards (2012) will be introduced. This is
necessary to understand how introducing the concept of computational rationality and bounded

optimality constrain the bounds of the rationality debate on all sides.

5.2 Conceptual Robustness Analysis

Scientific perspectivism, a stance on the philosophy of science taken prominently by Giere, Van
Fraassen, and Wimsatt is one of the most potent paths of the current cultural repertoire to
approach philosophical issues applied in the understanding of complex, multilevel and multiscale

phenomena (Callebaut, 2012; Massimi & McCoy, 2019). According to this position, science
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cannot as a matter of principle transcend our human perspective. One of the tools of scientific
perspectivism is robustness analysis, as well as bootstrapping and triangulating conceptual
models (Wimsatt, 2007). The central goal of a robustness analysis according to Wimsatt (2007),
is the distinguishing of the real from the illusory; the phenomenon under study from any
byproducts of modeling assumptions or perspective. This rests on the assumption that adding
multiple perspectives or redundancy in observation increases reliability. Parallel organization is a
fundamental principle of organic design and robust engineering. The classic paper by von
Neumann (1956) made the same point on building reliable automata with unreliable components.
The use of a multitude of methods to determinate and "triangulate" the existence and properties
of an object of research has a long history in science. Aristotle, for example, valued having
multiple explanations of world phenomena, while in Galileo’s work — and those following him —
the notion of robustness is implicit in the distinction between primary and secondary qualities. It
is one of several conceptions involved in Whewell's method of the "consilience of inductions"

(Laudan, 1971) and is to be found in several pieces of Peirce (Wimsatt, 2007).

As an illustrating example, Wimsatt (2007) chose the methods of analyzing satellite pictures of
Mars, as described by Campbell (1977) in the unpublished William James Lectures. Part of the
recommended procedure to understand satellite pictures involves combining multiple images. As
a result, the noise, being random, averages out; but the signal, no matter how weak, adds up in
intensity until it stands out enough to be recognized as such. Von Neumann (1956) used the same
concept in his notion of “majority organs”; multiple parallel signals are brought together with a

threshold, the signal is multiplied, while the noise clears out. Wimsatt (2007) describes common
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features of robustness and of robustness analysis built on these conceptions and continues to list
different processes that apply these. The one most closely resembling the attempt undertaken in
this work is the examination of different theoretical descriptions of the same phenomenon for
matches and mismatches. This generates new hypotheses, while also modifying and refining the

theories examined (Wimsatt, 1976, 1979).

In line with Wimmsattian robustness analysis, this work attempts to unify the axiomatic and
ecological approaches to rationality. And while the attempt ultimately fails — no unification is
possible — it does so in a productive manner. I argue that the existing gap, which can ultimately
not be closed, is, following the argumentation, not based on disagreements about phenomena in
the world, but rather a result of the perspectives taken to study them. Undertaking a unification,
however, can enrich each perspective and distinguish the perspectival disagreement from the

fundamental gap.

The most central angle to start in this argumentation is the assumption of a cost-free world in
axiomatic rationality. However, when taking both thinking effort and opportunity costs of
delayed action into account, the supposed biases often turn out to be Bayes-optimal and can thus
not be naively improved upon (Gershman et al., 2015). Whether or not this is the case can be
approximated by resource-optimal analysis and modeling (Lieder and Griftith, 2019). This work
will explore this lowered normative ceiling of resource rational optimality in the next section and

develop the argument from there.
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5.3 Lowering the Normative Ceiling with Computational Rationality

“Imagine driving down the highway on your way to give an important presentation, when
suddenly you see a traffic jam looming ahead. In the next few seconds, you have to decide
whether to stay on your current route or take the upcoming exit—the last one for several miles—
all while your head is swimming with thoughts about your forthcoming event. In one sense, this
problem is simple: Choose the path with the highest probability of getting you to your event on
time. However, at best you can implement this solution only approximately: Evaluating the full
branching tree of possible futures with high uncertainty about what lies ahead is likely to be
infeasible, and you may consider only a few of the vast space of possibilities, given the urgency
of the decision and your divided attention. How best to make this calculation? Should you make
a snap decision on the basis of what you see right now, or explicitly try to imagine the next
several miles of each route? Perhaps you should stop thinking about your presentation to focus
more on this choice, or maybe even pull over so you can think without having to worry about

your driving?” (Gershman et al. 2015)

This example demonstrates several themes in the study of (artificial) intelligence and
(computational) rationality that are usually ignored when assuming perfect (or non-bounded)
rationality. These problems are also neglected in prescriptions built on studies of human
judgment and decision-making based on the axiomatic approach to rationality. First of all,
real-life decisions have to be made under high uncertainty and without having the full branching

tree of possible futures. Even the choice of things in the environment or the own mind to pay

74



attention to happens under radical uncertainty. Additionally, this happens often under high
urgency and time pressure as well as divided attention. These factors lead to a full set of internal
decision problems, like how much to think, what further information to gather to decrease the
uncertainty, how far to plan ahead, and even what to think about. In a more formalized manner,
these themes include the general-purpose ideal for decision-making under uncertainty, which is
maximizing some measure of expected utility, under internal and external constraints. Since this
is nontrivial for most real-world problems, approximations become necessary. The choice of how
best to approximate becomes a decision that is subject to the expected utility calculus itself due
to the introduction of bounded rationality, which highlights the limitations and high costs of the

computational power of thinking.

The concepts and ideas underlying computational rationality in their historical order arose from
the theory of computability, in which Al has its roots, which was developed in the 1930s. The
idea of using computation to rebuild human intelligence arose. Then researchers considered the
application of probability and Bayesian updating in learning, reasoning, and action with
foundational arguments for probability as a sufficient measure of judging and reevaluating the
plausibility of events based on perceptual data (Cox, 1946; Jaynes, 2003). Von Neumann and
Morgenstern (1944) contributed utility theory as the formalized ideal for rational agents and their
decision making. They presented an axiomatic formalization of preferences and derived the
principle of maximum expected utility (MEU). This is computed for each action as the average
utility of the action under consideration with respect to the probability of states of the world. The

combinatorial complexity of real-world decision-making led to the heuristic models of bounded
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rationality by Herbert Simon in the late 1950s. Probabilistic and MEU decision-making methods
were held back by assumptions that they are too inflexible, simplistic, and intractable. In the late
1980s, these assumptions got refuted, the methods proved widely useful, and they gained a large
following in research, including Al. Attempts to mechanize probability and MEU processes led
to thinking about the role of related representations and inference strategies in human cognition,
which was followed by formulations of network-based representations, such as Bayesian
networks, also called probabilistic graphical models (PGMs). They used belief-updating
procedures with parallel and distributed computation. The ongoing research direction of PGM
focuses on hierarchical models for capturing shared structures across data sets and active
learning to guide the collection of data and probabilistic programming tools to specify
context-sensitive models via compact high-level programs. The most important challenge is to
move from classical utility-maximizing rational agents to a theory of resource-bounded systems

in the complex and uncertain real world.

Especially important groundwork for computational rationality was laid by the conception of
provably bounded-optimal agents by Russell & Subramanian (1995). They demonstrated that
boundedness and optimality are not opposites at all. On the contrary, the two concepts need to go
together if one wants to even approximate what “doing the right thing” in the real world could
look like. Russell and Subramanian define how rationality is to be understood in contrast to the
theoretical foundations that are centered around the unsatisfiable requirements of perfect
rationality in intelligent systems. To close the historically already big gap between Al in theory

and in practice, the authors suggested the property of bounded optimality (BO) in 1995.
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Bounded optimality is defined as the solution to a constrained optimization problem presented to
an agent by its architecture and the real-time task environment. Additionally, the authors propose
a weaker property, which they call asymptotic bounded optimality (ABO), that generalizes the
notion of optimality from classical complexity theory. They differentiate definitions and
requirements of perfect rationality, calculative rationality, metalevel rationality, and bounded

optimality:

e The classical notion of perfect rationality talks about an agent that maximizes its
expected utility, given its acquired information. These agents cannot exist for non-trivial
environments, as action selection requires computation and computation takes time.

e Calculative rationality captures the kind of agent that computes the decision to which it
should have come as it started to compute it. This “in principle” capacity to do the right
thing even for a chess program may take up to ten times longer and is therefore not
interesting for any practical application. Russell and Subramanian explain that it is not
clear that AI would have focused on the quest for calculative rationality had it not been
started in the halcyon days before formal intractability results were discovered.

e Metalevel rationality optimizes over the object-level computations to be performed in
the service of selecting actions. The major problem with this conceptualization is that the
metalevel decision problem is often more difficult than the object-level problem. As a
result, only approximations of metalevel rationality have shown to be useful (e.g., with

metalevel policies that limit lookahead in chess programs).
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e A bounded optimal agent behaves as well as possible given its computational resources
in episodic real-time environments in which the utility of an action depends on the time at
which it is executed.

e Analogical to classical complexity and computability theory where “absolute efficiency is
the aim, asymptotic efficiency is the game”, bounded optimality might only be useful as a
philosophical landmark. The weaker form of asymptotic bounded optimality however
can be used as a theoretical tool to actually make tractable the problems that universal
real-time systems are facing. Russell and Subramanian (1995) make the point that one of
the most interesting and worthwhile directions to take this research would be to question
how this applies to learning agents that adapt to a shorter-term horizon and rewrite

themselves as former adaptation becomes obsolete.

This imposes the question of meta-reasoning; the ability to make expected utility decisions about
the ideal balance between effort or delay, and the quality of actions taken in the world. Rational
meta reasoning has been explored in multiple problem areas, including guiding computation in
probabilistic inference and decision-making and handling proactive inference in light of
incoming streams of problems. The value of these questions is underscored by the complexity of
probabilistic inference in the Bayesian network. This has been shown to be in the
non-deterministic polynomial-time (NP)-hard complexity class and highlights the importance of
developing approximations, e.g., by Monte Carlo simulations, bounding methods, and methods
that decompose problems into simpler sets of subproblems. Analogous ideas have come to be

increasingly important to how cognitive scientists and neuroscientists think about intelligence in
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human minds and brains, often being explicitly influenced by Al researchers and sometimes

influencing them back.

Computational rationality makes the theoretical requirements and practical implications of how a
learning agent embedded in a real-time environment, where computation is intrinsically costly in
effort and externally in opportunity costs, can reach its goals. Gershman et al. (2015) argue that
through this notion, the fields of artificial intelligence (Al), cognitive science, and neuroscience
are reconverging on a shared view of the computational foundations of intelligence. They also
synthesize insights from the two decades of scientific developments since the idea of asymptotic

bounded optimality (Russell & Subramanian, 1995).

5.3.1 Rational decisions under bounded computational resources

“I'won't look too far ahead
It's too much for me to take
But break it down to this next breath, this next step
This next choice is one that I can make
So I'll walk through this night
Stumbling blindly toward the light
And do the next right thing
And, with it done, what comes then?
When it's clear that everything will never be the same again
Then I'll make the choice to hear that voice
And do the next right thing."
- The Next Right Thing, Disney’s Frozen II Soundtrack

Rational meta reasoning is essential for a decision-theoretic understanding of bounded
rationality. The goal of metalevel analyses is to allow computational systems to find the ideal

balance between effort, delay, and quality of actions taken in a given environment.
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Figure 6. A visual depiction of trade-offs in computational rationality (Gershman et al., 2015) a. When
costs increase linearly with delay, the portrayed value of action increases with decreasing marginal return.
This results in an optimal stopping time, at which additional precision entails a net loss in action value. In
the real world, the economics of cost and benefits of computation are uncertain on all fronts. b. The
second part of the depiction shows a trace of rational meta reasoning in a time-critical medical setting.
The bounding algorithm continues to tighten the upper and lower bound (UB & LB) on an important
variable representing a patient's physiology. When a continually computed measure of the value of
additional computation (red line) goes to zero, the base-level model is set off to make a recommendation
for immediate action by taking the current best-inferred base level action (“stop thinking and act now!).

What then can computational rationality tell us about rational decisions under bounded
computational resources embedded in a real-time environment? Perceiving, judging, and making
decisions involve different computational costs that can be measured in different ways, from the
loss in utility by delaying action in time-critical “online” reasoning to measures of effort applied
or a number of inferences used among multiple inferential components (Gershman et al., 2015).
The relation between value and cost of inference at different levels of accuracy is illustrated in
Figure 6. The illustration shows, how, in a cost-free world, the value of additional effort applied

and higher-utility action determined, only increases. When factoring in the opportunity cost of
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delay of action, the net value of taking starting to act quickly reaches a peak, an optimal time to

stop thinking, after which the value of additional accuracy and effort falls off.

The trade-offs in and between different systems can be and often are uncertain themselves. The
resulting worst-case complexity of the polynomial-time NP-hard complexity class of the
problems to be solved highlights the importance of developing approximations that exploit the
structure of real-world problems. The computational trade-offs are calculated differently
depending on the decision-making system, such as, in the case of fast and inflexible model-free
values in a look-up table or slower more flexible model-based forward search. Al systems, such
as AlphaGo, use complex value function approximation architectures, such as deep
convolutional nets for model-free control, and sophisticated forward search strategies, such as
Monte Carlo Tree Search, for model-based control. Next to real-time meta-reasoning, offline
analyses can help gather and improve on policies for guiding real-time meta-reasoning and for
enhancing real-time inference via such methods as precomputing and caching parts of inference

problems into fast-response reflexes.

Computational rationality’ offers a framework to potentially unify the study of intelligence in

minds, brains, and machines, with three central insights: 1) intelligent agents ultimately aim to

* According to Lieder and Griffith (Lieder & Griffiths 2020, Griffiths et al. 2015, Lieder et al. 2012)
variations of the resource-rationality principle are known by various names, including computational
rationality (Lewis et al. 2014), algorithmic rationality (Halpern & Pass 2015), bounded rational agents
(Vul et al. 2014), boundedly rational analysis (Icard 2014), the rational minimalist program (Nobandegani
2017), and the idea of rational models with limited processing capacity developed in economics (Caplin
& Dean 2015; Fudenberg et al. 2018; Gabaix et al. 2006; C. A. Sims 2003; Woodford 2014).
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form beliefs and plan actions for maximizing expected utility; 2) these utility calculations may be
intractable for real-world problems but can be effectively approximated by algorithms that seek a
more general expected utility that takes into account the costs of computation; 3) the algorithms
can be optimally fitted to the organism’s specific needs. This can be done offline using
engineering or evolutionary design, or online through meta-reasoning mechanisms for selecting

the best approximation strategy in a given situation.

5.3.2 Resource-Rationality of Heuristics

Based on computational rationality one can undertake a resource-rational analysis. This analysis
asks whether, given the constraints of costly computation and opportunity cost, a judgment was
optimal. As a framework, resource rationality demonstrates the naiveté of a predefined set of
prescriptions centered on more effortful thinking, more complex analysis, and mindware to
increase rationality for an agent embedded in the real world. In short, thinking longer cannot

always be more rational, as the agent has to optimize a speed-accuracy trade-off.

As elaborated above, many human decisions and judgments are said to systematically violate the
laws of logic and probability theory (Tversky & Kahneman, 1974). These violations are known
as cognitive biases. Cognitive biases have been interpreted as evidence that people do not reason
by the rules of logic and probability theory but by simple, yet error-prone heuristics. Whether or
not these findings prove that humans are irrational has been debated for decades (Stanovich,

2009).
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Some view heuristics and the apparent biases that follow from them as a sign of irrationality.
Reconceptualizing rationality to include its constraints by opportunity costs in the environment
and computational costs suggests that some heuristics and the sometimes implied biases have to
be understood as resource-rational strategies that cannot easily (if at all) be improved (Lieder et
al., 2013; Griffiths et al., 2015; Lieder et al., 2014, Lieder & Griffiths, 2020). One so-called bias,
stemming from the process of anchoring and adjusting, classically appears flawed when
measured against the standards of logic and probability theory, that are typically used to assess
rationality. However, the same effect could arise from an optimal trade-off between the costs
caused by the error in judgment and the cost of the time it takes to reduce this error (Lieder et al.,
2018; 2018). Combined with reasonable assumptions about human cognitive capacities and
limitations, bounded optimality provides a more realistic normative standard for cognitive
strategies and representations (Griffiths et al., 2015). An illustration of this lowered normative
ceiling is depicted in Figure 7. The more realistic normative model also allows psychologists in
the classical study of heuristics and biases to differentiate between actual systematic errors and
biases that are only classified as such as an artifact of unrealistic standards, which can be traced

back to Bayes-optimal heuristics®.

* With resource-rationality in the framework of computational rationality, the normative bound of
optimality is decreased to a bounded optimality notion. It has both implications for how high the ceiling
of normative rationality can be, but also practical implications for prescriptions to increase rationality
(Wallin, 2013).
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Figure 7: Resource rationality establishes a lowered normative standard for bounded rationality, by
integrating knowledge about fundamental computational constraints into the unachievable ideal of
Bayesian decision theory and logic (Lieder et al., 2018; Lieder & Griffiths, 2020)

Applying the resource-rational analysis to anchoring and its adjustments suggests that the
number of adjustments people perform achieves a near-optimal trade-off between the costs of
error and time. To test this assumption, a hypothesis can be formalized and tested by a
computational model that chooses the number of adjustments to minimize the expected sum of
time cost and error cost. Experiments have confirmed the predictions of resource-rational
anchoring and adjustment (Lieder et al., 2012, 2013, 2017a, Shenhav et al. 2017). Most
importantly, people appear to rationally adapt their number of adjustments to the summed cost.
When errors were costly, people invested more time and were more accurate; their adjustments
were larger, and their anchoring bias was smaller. The question of whether the adjustment
changes gradually or in two distinct — fast and slow — modes (Evans, 2008; Kahneman, 2011) has

yet to be examined and decided (Lieder et al., 2017). As a result, while people are biased
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according to the statistical meaning of the word, this bias might be consistent with how people
ought to reason, following the ideas of computational rationality. Different so-called biases might
not be identified as cognitive biases after applying resource-rational analysis. Many heuristics,
while not intuitively Bayesian in their content, are Bayes optimal taking the cost of computation

and opportunity cost into account.

5.4 From Simon’s Scissors to Another Conflict

Computational rationality as a framework gives a sense of the limitations of a predefined set of
prescriptions centered on more effortful thinking and complex analysis to increase rationality.
When acting in an environment the agent has to approximately optimize a speed-accuracy
trade-off in combination with adequate meta-reasoning. However, the speed-accuracy trade-off
is, again, built on a strong and potentially wrong assumption, namely that thinking for a longer
period of time or taking more aspects into account is always better. This is only half the

rationality problem an organism or agent faces.

Herbert Simon (1990) introduced a conception of rationality that is shaped by both internal
constraints and the task environment. He wrote: “human rational behavior (and the rational
behavior of all physical symbol systems) is shaped by scissors whose two blades are the structure
of task environments and the computational capabilities of the actor”. Thinking in line with the
scissors metaphor (“Simon’s scissors”), the question of resource-rational analysis, computational
rationality, and the underlying speed-accuracy trade-off puts the focus on only one blade of the

scissors that make up rationality. The computational rationality approach to the axiomatic and
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ecological approaches encloses and approximates the two blades of Simon’s scissors from two
different sides, and moves them closer together, the more the sides integrate newly learned
insights from the respective other. This Chapter started out by arguing that the prescription
towards more effortful thinking did not take into account cost in computation and delay.

However, there is yet another aspect missing from the analysis.

The underlying theme of computational rationality is the optimization of a speed-accuracy
trade-off. It means that when performing a task, either speed or accuracy has to be sacrificed to
achieve more of the other. It also assumes that quick responses lead to more errors and slow ones
to fewer errors. It assumes that thinking or computing for longer would necessarily lead to a
better outcome. However, taking a speed-accuracy trade-off into consideration,reveals the
assumption that agents have an a priori sense of what the right computation for a given problem
is. Two concepts help to understand why there is no optimal way of thinking, independently of
the environment. These are the bias-variance dilemma and the no-free lunch theorems, described
below. With their introduction, one can shift to a new notion of uncertainty that is a function of
an dynamic organism-environment system, sometimes refered to as “fittedness” (Felin et al.,
2017; Kozyreva & Hertwig, 2019, Vervaeke et al., 2012). The reconceptualization puts the

question of the frame problem at the center of rationality and intelligence.
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5.4.1 Bias-Variance Dilemma and Decomposition

Gigerenzer and Brighton (2015) coined the term “bias bias”. They argue that simple models, e.g.,
in marketing and finance, are sometimes on average more accurate, than more complex,
sophisticated models. The same principle applies to human cognition. The strength of simple
solutions is often misjudged because of a strong “bias bias” in behavioral economics and

cognitive science.

To nourish this abstract explanation of trade-offs between multiple error sources with a more
concrete understanding, let us think through a classic example from finance (Hertwig, 2019).
The example bets the relative performance of “optimal” and “naive” diversification strategies
against one another. DeMiguel et al. (2009) asked themselves how comparatively inefficient the
1/N portfolio strategy’ is by evaluating out-of-sample performances. To do so, they evaluated 14
different models, including Markovitz’s (1952) Nobel prize-winning mean-variance model and
the 1/N strategy, across seven empirical data sets. They concluded that across the datasets, no
one model is consistently better than the 1/N rule in terms of Sharpe ratio, certainty-equivalent
return, or turnover, which indicates that, out of sample, the gain from optimal diversification is
more than only offset by estimation error. To outperform the 1/N benchmark the models would
need 3000 months of data for a portfolio with 25 assets and about 6000 months for a portfolio
with 50 assets. This means that different models attempting to optimize explicitly can outperform

simple strategies like 1/N, but they do not do so consistently across out-of-sample data sets.

3> The 1/n portfolio strategy is a portfolio allocation scheme that allocates an equal share of wealth to each
of all (N) available investment possibilities.
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Which model, or whether complex or simple strategies, work best, cannot be judged a priori, but

depends on the task environment and the conditions (Hertwig, 2019; Nassar, 2020).

Another example to make the problem more concrete is locating the home of a serial criminal
offender (Brighton, 2021). In this example, the serial offender is assumed to live at a single home
location while committing a series of crimes. How can the location of the home be most
accurately predicted? This well-studied problem in geographical crime profiling illustrates the
relationship between variance and prediction error well. For this example, two geographical
profiling models have been used: the centroid method and the probability surface model. The
centroid method predicts a “center of gravity” between the crime locations, which corresponds to
the mean x- and y- coordinate of the observed crimes. The second method uses an exponential
decay function that estimates for each cell of the area the probability to contain the home address
of the offender. The cell with the greatest estimated probability does indeed predict the true home
location of the offender with close to zero error. In contrast, the centroid method predicts a point
roughly 1.5 km northwest of the actual home location. The probability surface model is more
accurate in this instance, but is it the better choice a priori for all cases? To answer this, the
average performance of the two models over a range of serial criminal data has to be judged

(e.g., Block & Bernasco, 2009; Leitner & Kent, 2009; Levine & Block, 2011).

The most important insight can be gained from deepening the uncertainty condition and
comparing the relative performance of the methods. In the example, the number of data points of

the crime locations was artificially decreased from initially 15 locations to only five. The
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outcome is that over various cases when fewer than 9 crimes are observed, the centroid method
outperforms the probability surface model. The relative performance of the methods inverts
when the conditions change. Again, this shows that there is no one technique that performs better
a priori and independent of the circumstances. The central question changes from best method to

fittedness to the question at hand.

At this point, it is important to stress the underdetermination problem (Quine, 1975; Laudan,
1990). It states that for any set of observations, there is an infinite number of logically consistent
explanations. There is no ultimate way to confirm any given hypothesis against alternatives or to
identify a best or true model in a platonic sense. Instead, multiple sources of errors face a

trade-off.
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Figure 8. Diagramatic representation of bias-variance decomposition of error and relationship between
bias, variance, and model complexity a. The total error of a model is decomposed as bias® + variance +
noise. The diagram represents the relationship between variance and bias. b. illustrates how bias and
variance relate to overfitting, underfitting, and optimal model complexity (Brighton & Gigerenzer, 2015;
Gigerenzer, 2018; Gershman & Olveczky, 2020)
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In machine learning, finance, and decision theory, there are two sources of error that cannot both
be minimized at the same time. One source is the bias error, the other the variance error.
Techniques for reducing variance tend to increase bias, and techniques aimed at minimizing bias
usually increase variance. This relationship is shown in Figure 8. The total error of a model is
thus decomposed as bias” + variance + noise (van der Putten & van Someren, 2004; Brighton &

Gigerenzer, 2015; Gigerenzer, 2018).

The bias error is based on erroneous assumptions in the learning algorithm. It points out how far
away the mean of the prediction is from the points it tries to predict. The variance error is instead
an error arising from sensitivity to small fluctuations in training sets. High variance can cause an
algorithm to model the random noise in the training data, rather than the intended outputs. In
machine learning and statistics, the bias and variance errors correspond to the problems of
overfitting and underfitting. Overfitting means that a statistical model contains more parameters
than justified by the data. Some of the residual variation (the noise) has been extracted into the
parameters as if these points represented the underlying model structure. Underfitting occurs

when a parameter is missing, for example, when applying a linear model to non-linear data.

The axiomatic approach to rationality has focused intensely on biases, without analyzing the
problem an organism faces through a bias-variance-dilemma lens. Analogically speaking, the
ecological approach points out that the axiomatic approach is systematically underfitting with its

strong bias bias (Brighton & Gigerenzer, 2015). A concrete example for such a “bias bias”
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committed by the axiomatic approach to rationality is the choice to literally call the 1/N strategy
to diversification the “naive diversification bias” (Read & Loewenstein, 1995; Benartzi &
Thaler, 2001; Fernances, 2013; Kliger et al., 2014). The axiomatic solutions correspond too
closely to a certain environment and are not robust independently of circumstances. How close a
model matches, represents, or captures the underlying structure of a problem, the feature that
leads to low potential for bias, is only one determinant of low prediction error. The other part of
the question is how robust the predictions of the model are to different realizations of the
problem, the feature that potentially leads to low variance is often even more important

(Brighton, 2019).

5.4.2 The No-Free Lunch Theorems

The bias-variance dilemma originates in the fact that in statistical pattern recognition and
machine learning, so-called “no free lunch theorems” apply. Averaging over all possible
problems and environments, any two search algorithms or forecasting models will have the same
predictive accuracy; the computational cost of finding a solution averaged over all problems in
the class is the same for any solution method (Wolpert, 1996; Wolpert & Macready, 1997). Thus,
for all possible performance measures, no search algorithm is better than another when its
performance is averaged over all possible discrete functions. The no free lunch theorems show

formally that there is no a priori algorithm or model that is better than every other one
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independently of the addressed problem set®, clearly showing that there is no such thing as a

general learning algorithm independent of its environment.’

The implicit assumptions in a model must match the characteristics of the problem at hand in
order to yield accurate inferences and to prove adaptive. The bias and variance of different
solutions stem from the interaction between properties of the model itself and properties of the
task or environment (Bishop, 2006, Geman et al., 1992, Hastie et al., 2001, O'Sullivan, 1986,
Van Der Putten and Van Someren, 2004). Decomposing error sources into the different
components is crucial. Both error sources — fundamentally — cannot be minimized at the same
time, because techniques for reducing variance tend to increase bias (reducing parameters), and
techniques aiming at minimizing bias (increasing parameters) usually increase variance. This
error decomposition results in new insights into the conflict between axiomatic and ecological
rationality. While one focuses on bias reduction, the other prioritizes validity and fittedness to the
environment. This means that the question of rationality is not simply the optimization of a
speed-accuracy trade-off. According to Hertwig (2019), the human brain resolves the dilemma in
the case of the typically sparse, poorly-characterized training sets provided through experience

by adopting high-bias/low-variance heuristics. This reflects the fact that a zero-bias approach has

® Another angle of argumentation could follow Vapnik’s necessary and sufficient conditions for
consistency, which build on the point that specific constraintsthat tend to not be given are needed for
generalization (Vapnik & Chervonenkis, 1981; Vapnik, 1998)

" The no-free-lunch theorem is also used by Schrittwieser (2020) as a point against the Singularitarian
“Intelligence Explosion” argument (Bostrom, 1998; Kurzweil, 2005; Yudkowsky, 2004). Schrittwieser
argues that in Al research "not only is there no free lunch, lunch gets more expensive every day". With
this he means that not only does the theorem apply, in a practical sense, the additional intelligence
acquired becomes more and more expensive in data, compute and research funding.
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poor generalizability to new situations, and also unreasonably presumes precise knowledge of

the true state of the world.

How to optimize the economical question of the meta-learner is undecidable a priori, as there is
no optimal search strategy. The rationality question is fundamentally computationally irreducible
(Wolfram, 2002). It is not possible to shortcut a program or to predetermine the future to see how
the pattern unfolds. The resulting heuristics to tame the uncertainty are relatively simple, but
produce better inferences in a wider variety of situations. The argument for simplicity in applied
heuristics goes far beyond a mere reference to Occam’s razor. The insightful perspective of
ecological rationality is built on arguments of robustness to environmental uncertainty. In
marketing, finance, but also in cognition, simple models can sometimes surprisingly lead to more
accurate results than more sophisticated approaches, at least averaged over multiple potential
instantiations of outcomes. The question then becomes, under which environmental
circumstances does a particular strategy, whether it’s simple or complex, work (Hertwig, 2019).
At this point, metaphorically speaking, the rationality question jumps from one blade of Simon’s

Scissors to the other.

Taking computational and opportunity costs into account, many biases turn out to be a good
approximation of an optimal solution to a speed-accuracy tradeoff. But computational or
resource-rationality is not enough. Taking environmental and informational uncertainty as well

as the no-free-lunch theorems into account, the speed-accuracy tradeoff does not hold. Simple
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solutions can be more robust to different environmental conditions that cannot be optimized for a

priori.

5.4.3 Optimally overcoming Framing Effects

Looking back historically, one finds the framing effect and the underlying prospect theory as one
of the core insights underlying behavioral economics and the axiomatic approach to rationality.
Confronted with risky prospects, the possible outcomes and the probabilities of the outcomes
have to be weighted. The same option can, linguistically or mentally, be framed or described in
different ways (Tversky & Kahneman, 1979, 1981,1984). For example, the same possible
outcomes of a gamble can be described as a certain probability of loss or as a certain probability

of gains relative to the status quo.

The most well-known demonstration of a framing effect was presented by Tversky and
Kahneman (1981), using the “Asian disease” thought experiment:
Imagine that the U.S. is preparing for the outbreak of an unusual Asian disease, which is
expected to kill 600 people. Two alternative programs to combat the disease have been

proposed. Assume that the exact scientific estimate of the consequences is as follows:

Positive frame
If Program A is adopted, 200 people will be saved.
If Program B is adopted, there is a 1/3 probability that 600 people will be saved and a 2/3

probability that no people will be saved.

94



Negative frame
If Program C is adopted, 400 people will die.
If Program D is adopted, there is 1/3 probability that nobody will die and 2/3 probability

that 600 people will die.

All four described choices have the exact same expected value, when calculated by multiplying
outcomes by their probability of occurrence, 200 lives saved and 400 lives lost. Program A and C
are equivalent in associated probabilities of outcomes, as are programs B and D. While the
options are equivalent, participants presented with the positive frame predominately chose
Program A, the certain option (72 percent). The participants responding to the negative frame

primarily chose Program D, or the risky option (78 percent) (Bloomsfield, 2006).

“Rational” invariance to framing effects requires that such changes in the description of
outcomes, a shift of focus on “lives lost” or “lives saved”, should not alter the preference order.
People repeatedly demonstrate failures of invariance, which means they strongly react to the way
the same risky choice is presented. The “Asian disease” thought experiment illustrates that a
mere change in formulation changes a shift of preference from risk aversion to risk-seeking. This

effect has been replicated extensively (e.g. Ruggeri et al., 2020).

One underlying argument of axiomatic rationality is that ignoring unnecessary context is crucial

— but what constitutes unnecessary context? Imagine the “Asian disease” problem embedded in a
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practical situation. You are the director of a political mission and enter the board room; in the
meeting that follows, you are presented with either the positive or the negative frame mentioned
above. Viewing this through the lens of axiomatic and computational rationality, you are
presented with a speed-accuracy trade-off. If you have enough time, you can use your System 2
reasoning to decouple from the current situation and actively reframe the options presented into a
more neutral representation of the odds and values of the options you have to choose from.
Asking “what are we even talking about", quantitatively, seems like a reasonable way to
approach the question, which should accordingly lead to indifference to a choice between the

positive and negative frame.

Being embedded into a social — and thus multi-agent, real-life — situation, the two formulations,
however, can mean multiple other things (Gigerenzer, 1996). The formulation can be
intentionally chosen by the presenter and entail further information about her experience with the
subject at hand, including a reference to understand what the situation is about. Depending on the
goals and mission of the organization you are working for, the choice might be relevant for you
or not. Framing effects can also be exploited deliberately to manipulate the relative attractiveness
of the options. Thaler (1980) noted that lobbyists for the credit card industry insisted that any
price difference between cash and credit purchases be labeled a cash discount rather than a credit
card surcharge. Depending on the intentions of the presenter, you might be intentionally misled
to act in their interest, or they might want to give you a useful lead to fulfill your and your
organizations’ goals. In one case taking the frame as an additional piece of information can be

valuable, while in the other, an intentional decoupling of the information is the better choice.
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In judgment and decision-making under uncertainty, no clear calculus of risky choices can be
applied. In a multi-agent environment, the way information is presented can mean additional
pieces of information or active deception that requires decoding of the symbolic representation.
All of this takes place in a reference narrative against which background action is judged. The
economists Kay and King (2020) pointed out that under radical uncertainty, the most
fundamental question is not about inductive or deductive reasoning, but abductive reasoning. The

central question is about understanding "what is going on here".

Dealing with the framing problem in a board meeting, the question then is what is the right thing
to do? To which the answer is, as in a classical univeristy essay, “it depends”. What is the right

thing to think or do? It radically depends on the context.

King and Kay (2020) mention a different example, represented in Figure 9, to understand the
issue. In a triangle you read “A BIRD IN THE THE HAND”. In many experiments, when
confronted with it, participants fail to spot the repetition of the article “the”. However, it is not
clear whether that is an error. Having to deal with a text that comes with slight errors is
something humans regularly have to solve. What the “right” or “rational” response is depends on
the context. If you are at an optician and the text is hanging on the wall to test your eyesight, you
are likely meant to read the words exactly how they are presented to you. If you are auditioning
for a play, however, then what you see here is likely a typographical error in the text and meant

to be ignored. What is relevant as an actor is probably your ability of emotional expression, so
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you better ignore the article. That which constitutes an error when reading the words in the
triangle depends on the context. The so-called biases stemming from anchoring and adjustment
and framing effects can be understood as computationally rational and therefore the optimal use
of limited cognitive resources (Lieder et al., 2018; Lieder & Griffiths, 2020, Sharp et al., 2022).
However, they indicate deeper statistical issues at the edge of the computational paradigm, the
measurability of uncertainty, and the goal of optimality (Gershman et al., 2015; Brighton, 2018;

Kozyreva & Hertwig, 2019; Brighton, 2020).

A
BIRD
IN THE
THE HAND

Figure 9. The triangle with the text “A BIRD IN THE THE HAND?” is often referred to as an optical
illusion, as the second “the” in the triangle is systematically overlooked. In the case of our work and King
and Kay (2020) it is used to illustrate that what the correct way of reading the words in the triangle is not
a priori defined. Accordingly, while one word is systematically not recognized, this is only to be
considered an error in specific contexts.

5.5 Abductive Reasoning and Relevance Realization

Abductive reasoning and relevance realization allow a continuous transition between the
statistical requirements of “small” and “large worlds”. Brighton (2020) analysed the robustness

of rationality principles against uncertainty conditions, differentiating between their use in small
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and large worlds. The former can be modeled with a decision matrix consisting of a mutually
exclusive and exhaustive set of states of the world, consequences, and actions that lead from one
to the other. Assuming a small world is a necessary condition (Savage, 1954) for applying
Bayesian decision theory, although almost no real environment falls into this category (Binmore,
2009). In Brighton’s differentiation, this means they are better understood as “large worlds”.
These are shaped by unmeasurable uncertainty (Knight, 1921; Kozyreva and Hertwig, 2019) and
probabilistic ambiguity under the subjective interpretation of probability (e.g., Gilboa and
Schmeidler, 1989; Schmeidler, 1992; Epstein, 1999). Brighton argues that it is more rational to
regard generating distributions as non-existent than to view them as the foundation for
formulating the rationality question or to consider their explicit application as the solution to the

question.

As elaborated above computational or resource-rationality is not sufficient to deal with an
uncertain environment because it assumes a priori knowledge of an optimal response. Given the
no-free-lunch theorems, simple high-bias heuristics can be more predictive or adaptive to
different potential instantiations of the structure of an unquantifiably uncertain environment
(Gigerenzer & Todd, 1999). Figuratively speaking, the axiomatic and optimality-modeling
approach and the ecological rationality tradition work towards each other from opposite ends of
Simon’s scissors. One is constrained by computational resources while presupposing the solution
to the environment, the other primarily constrained by the structure of the environment. Both
approaches are centered on different economical constraints and trade-offs. Now, the question is

how can they be brought together?
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Deductive and inductive reasoning have their role in understanding the world, once it is
represented in closed symbol systems, but as one is confronted with larger worlds, the
importance of abductive reasoning increases. Abductive reasoning — which may sound
unfamiliar — means searching for the best explanation of what one observes (King & Kay, 2020).
When events are essentially one-of-a-kind, which is often the case in the world of radical
uncertainty, this kind of reasoning is indispensable. The core of abductive reasoning is finding

out what is relevant to a situation, so-called relevance realization.

5.5.1 Relevance Realization

A major mistake of the General Problem Solver (GPS) framework of Simon, Shawn & Newell
(1959) was to rely on the assumption that tasks form a well-defined category, or more broadly,
that any problem could easily be turned into a well-defined or formal problem. For most
real-world situations (e.g. taking notes during a lecture or taking a photo), every step of
formalization is vague or even completely lacking: the initial state, the goal state, path
constraints, and operators — all four components of the General Problem Solver. In large worlds,
cognition has to deal with “ill-defined problems”. The major skill in general problem solving and
intelligence is to convert ill-defined problems into well-defined ones. This means making the
search space more tractable by ruling out options that are not relevant (Vervaeke et al., 2012).
When looking at how the dual-process theory and expert intuition are connected, expert chess

masters perceptually reduce their search space while applying System 1 thinking®. Their

¥ The dual-process theory (Kahneman & Tversky, 1974; Stanovich & West, 2000; Kahneman, 2003;
Kahneman, 2012) differentiates between Type 1 and Type 2 thinking, or System 1 and System 2 thinking,
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perception and attention is directly shaped by their training, so they can already rule out moves
that do not serve their goals by merely looking at the chessboard (Simon & Chase, 1973; Klein,
1998; Gawande, 2002; Chaiken & Trope, 1999; Gilbert, 2002; Sloman, 2002; Stanovich & West,

2002).

Related points about the primary importance of subjective perception for rationality are made by
Felin, Krueger, and Koenderink (2017). Their argumentation also constitutes the target article of
the Great Rationality Debate 2.0 (Chater et al., 2018). Felin et al. (2017) ground their work in the
conception of the Umwelt by Uexkiill (1921), which conceptualizes the semiotic world of an
organism as grounded in that particular framing of the environment which includes all
meaningful aspects of the world for a specific organism. They also stress the newfound
importance for rationality of the ecological approach to perception by Gibson (1979), the
patterns of animal behavior studied by Tinbergen (1951, 1963) and Lorenz (1955; Burkhardt,
2005), and Hoffmann et al.’s (2015) interface theory of perception.

The most important skill for achieving rationality in the “large world” of “ill-posed problems” is
therefore the ability to focus on relevant information and the relevant structure of the
information. It is cognitively transforming the large world into an addressable problem
formulation or. a “small world”. However, the smaller search space is only achievable by first

considering the larger search space and dividing the relevant from the irrelevant.

referring to “fast or slow” modes of cognition. System 1 here means fast, automated, parallel, unconscious
thinking processes, while System 2 means slow, effortful, sequential, controlled and conscious thinking
processes.
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To illustrate the depth of this challenge, Vervaeke et al. (2012) point towards a story about a
robot written by Daniel Dennett:

A robot is trying to retrieve batteries as its source of food to then consume them. It comes upon a
wagon with a battery on it, that could be retrieved by pulling the wagon. However, there is also a
bomb located on the wagon, which would fall down as an unintended side effect. The designers
of the robot, therefore, try to make sure they make the robot not only considers the intended
effects of its actions but also unintended side effects, that would prevent the goal fulfillment. The
robot, when put to the test, is not able to do anything anymore, as it just stands still and tries to
go through all possible unintended side effects. The designers notice that only a small list of side
effects is potentially relevant and design the robot to form a list of this sub list. This, however,
only moves the problem of intractability from one problem to another. Once again the robot is
immobilized, endlessly calculating the meta-list of relevant properties to consider (Dennett,

1984).

To determine what is relevant one has to determine first what is irrelevant. This entails, again,
taking the whole “large world” search space into consideration, leading us back to the problem of
combinatorial explosion. Relevance realization according to Vervacke et al. (2012) seems
paradoxical, like a circular definition that falls prey to recursive regress. The question to break
through the theoretical circle of relevance realization is how to avoid combinatorial explosion
and circular determination in focusing on what is relevant. The underlying paradox makes the
problem a generalized version of the frame problem in artificial intelligence which has also been

described as the “conundrum of the infinite regress of the Cartesian Theater” (Dennett, 1984).
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5.5.2 Embodied Dynamicism and the Emerging Framework

“There is no means of testing which decision is better, because there is no basis for comparison. We live
everything as it comes, without warning, like an actor going on cold. And what can life be worth if the
first rehearsal for life is life itself? That is why life is always like a sketch. No, "sketch" is not quite a
word, because a sketch is an outline of something.”

— Milan Kundera, The Unbearable Lightness of Being

With their work, Verveake et al. (2012) critically built on work by Sperber and Wilson (1986,
1995), who proposed a theory of relevance, and Oaksford and Chater (1995), who deduced a
theory of information gain on its basis. To prevent circularity in the definition of relevance
realization, which overcomes precisely the problem introduced above, Verveake et al. (2012)
identify three guidelines for theorists.

First, the conclusion must be that relevance cannot be captured as one static property of
information. There can be no context-independent meta-theory of relevant information because
relevance is context-sensitive. Instead of a theory of relevance, there needs to be a theory for a
self-organizing mechanism for relevance realization. Second, the theory of the mechanism is
neither representational nor syntactic, but economic. Third, instead of being instantiated by a
completely general-purpose learning algo