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Abstract

Cognitive science continues to make a compelling case for having a coherent, unique, and fun-

damental subject of inquiry: What is the nature of minds, where do they come from, and how do

they work? Central to this inquiry is the notion of agents that have goals, one of which is their

own persistence, who use dynamically constructed knowledge to act in the world to achieve those

goals. An agentive perspective explains why a special class of systems have a cluster of co-occur-

ring capacities that enable them to exhibit adaptive behavior in a complex environment: percep-

tion, attention, memory, representation, planning, and communication. As an intellectual endeavor,

cognitive science may not have achieved a hard core of uncontested assumptions that Lakatos

(1978) identifies as emblematic of a successful research program, but there are alternative concep-

tions according to which cognitive science has been successful. First, challenges of the early, core

tenet of “Mind as Computation” have helped put cognitive science on a stronger foundation—one

that incorporates relations between minds and their environments. Second, even if a full cross-dis-

ciplinary theoretic consensus is elusive, cognitive science can inspire distant, deep, and transfor-

mative connections between pairs of fields. To be intellectually vital, cognitive science need not

resemble a traditional discipline with its associated insularity and unchallenged assumptions.

Instead, there is strength and resilience in the diverse perspectives and methods that cognitive

science assembles together. This interdisciplinary enterprise is fragile and perhaps inherently

unstable, as the looming absorption of cognitive science into psychology shows. Still, for many

researchers, the excitement and benefits of triangulating on the nature of minds by integrating

diverse cases cannot be secured by a stable discipline with an uncontested core of assumptions.
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1. Introduction

Whether cognitive science will wither away or weather the turbulent paradigmatic

waves of science is a critical issue for readers of this journal, as well as cognitive science

in all of its other manifestations: university departments, degree programs, the Cognitive

Science Society, journals bearing the name, and researchers who self-identify as cognitive

scientists. Perhaps the key attribute of all persisting organizational units, including com-

panies, biological organisms, countries, religious communities, and intellectual fields of

inquiry, is that they strive for their continued persistence. Those units that do not so

strive cease to exist. While scientometricians can objectively and dispassionately articu-

late the case that cognitive science has not matured into a coherent disciplinary field

since its early origins in the 1970s (van den Besselaar, 2018; Vugteveen, Lenders, & Van

den Besselaar, 2014), we who consider ourselves cognitive scientists cannot help but

receive this news with emotional reactions ranging across denial, defensiveness, frustra-

tion, and dejection.

I concur with many of the empirical bases of support that N�u~nez et al. (2019) marshal

to support their contention that cognitive science has not yet materialized the promise for

a “new science of the mind” as envisioned by Gardner (1987). Cognitive science, whether

denoted by the journals like Cognitive Science or Topics in Cognitive Science, by mem-

bership in the Cognitive Science Society, or by degree-granting curricula at universities,

is heavily lopsided toward psychology (Gentner, 2010). Cognitive science has become

more diverse in its coverage of topics over the years. Unfortunately, this has been

achieved not by increasing its coverage of anthropology, computer science, or philosophy,

but by branching out to cover areas within psychology beyond adult cognition: develop-

ment, neuroscience, social, and emotion (Goldstone & Leydesdorff, 2006; Leydesdorff &

Goldstone, 2014). Given the dense and strong connections of areas within psychology, it

is perhaps unsurprising, in retrospect, that cognitive science would evolve by bringing in

originally neglected areas within psychology, rather than creating permanent bridges

between disciplines committed to very different methods and goals.

While I strongly endorse N�u~nez et al.’s claim that cognitive science has inadequate

participation outside of psychology, their statements such as “authors with psychology

affiliations have continued to be consistently overrepresented among the core disciplines

—by nearly 4 times their expected share” (p. 5) assume that there is an objective way of

determining what each traditional discipline’s contribution should be. I do not make this

assumption, and certainly do not assume that each of the six disciplines should get equal

shares. Moreover, the six fields of artificial intelligence (and computer science more

broadly), anthropology, linguistics, neuroscience, philosophy, and psychology do not

exhaustively cover the intellectual territory of cognitive science. Important contributions
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and insights about cognitive science also come from economics, literary studies, biology,

physics, gender studies, business, law, and medicine, to name just a few pertinent disci-

plines. Cognitive science should not limit itself to the six fields articulated in the Sloan

Foundation’s 1978 report on cognitive science. Intellectually vibrant endeavors can and

should be capable of reconfiguring themselves.

2. Diversity of perspective

Cognitive science is too lop-sided toward psychology not because of a deviation from

any particular distribution of contributions from traditional disciplines, but rather because

its underlying topic of inquiry requires and benefits from different perspectives. I am

treating the core inquiry of cognitive science to be: What is the nature of minds, where

do they come from, and how do they work? This is the fundamental inquiry that has

piqued the interest of most people who call themselves cognitive scientists, and it is not

reducible to the fundamental questions of other sciences like physics (“What is the nature

of matter and energy?”), biology (“What is the nature of life?”), or psychology (“Why do

humans and other animals behave as they do?”). Minds follow different principles than

material objects (Pinker, 1997). When Jane gives John a book, Jane no longer has it. By

contrast, when Jane gives an idea from the book to John, both have it. We may not yet

know what things do or could usefully be said to have minds, but minds appear to be

needed when a system needs to exhibit adaptive behavior in a complex environment.

Multiple disciplinary perspectives are needed because otherwise, our understanding of

minds is likely to be too tied to their most immediately available human manifestation.

Anthropology encourages us to appreciate that typical participants in psychology experi-

ments are WEIRD (Henrich, Heine, & Norenzayan, 2010)—Western, Educated, Industri-

alized, Rich, and Democratic, and that there are robust cross-cultural differences in

perception, reasoning, learning, and memory (Beller & Bender, 2015). Even more radi-

cally, artificial intelligence and philosophy offer the possibility that human beings may

not always be the pinnacle of adaptive reasoning systems. Triangulating on the nature of

minds by considering the commonalities shared by their biological, mechanical, and com-

munity forms provides constraints that a single perspective cannot provide on its own. By

striving to create a general enough conception of minds to capture their diverse manifes-

tations, cognitive science belongs to the relatively uncommon class of “integrative

sciences.” This class also includes artificial life—creating software, robotic, and synthetic

biological life forms to understand the essential nature of life abstracted beyond its DNA-

based forms (Agmon, Gates, Churavy, & Beer, 2016; Bedau, 2003; Horowitz & England,

2017). A third exemplar is complex systems, the general study of systems made up of

parts that interact to create emergent, global patterns such as positive and negative feed-

back loops, oscillations, and recursive branching structures (Mitchell, 2009; Page &

Miller, 2007; Thurner, Klimek, & Hanel, 2018). Interestingly, adaptation is a theme for

all three of these integrative sciences, and some approaches subsume all three (Maturana

& Varela, 1973/1980).
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3. The core

Given the broader intellectual ecology of traditional disciplines like philosophy, eco-

nomics, and psychology, and other cross-cutting and more labile integrative sciences like

artificial life, information science, and network science, does cognitive science continue

to make a compelling case for having a unique and valuable perspective? My own answer

remains enthusiastic and positive, in large part because of the promise of general theories

for our enterprise’s core questions. These questions include: How can an agent make

decisions and perform actions that increase its likelihood of flourishing? How do agents

aptly perceive and use patterns in the environment? How do agents create and modify

organizations through social learning, communication, cooperation, and competition? The

relatively abstract term “agent” is used to remain agnostic about the form that the agents

take—neurons in a human brain, bees in a hive, workers in a large company, or mixtures

of recommendation modules in an artificial intelligence. The term “agent” is still more

restrictive than the more general term “system” and captures the commonality that brains,

hives, companies, and artificial intelligences have goals, one of which is their own persis-

tence, and they use their dynamically constructed knowledge to act in the world to

achieve those goals. An agentive perspective featured prominently in the origins of cogni-

tive science (Miller, Galanter, & Pribram, 1960; Simon, 1969), and it remains an inferen-

tially powerful concept. If a system is aptly construable as an agent, then one can make

many inferences about the kinds of capacities that it will have—devices for gathering

information from the environment (senses), strategically determining where to seek addi-

tional information (attention), storing and retrieving previously acquired information

(memory), transforming the information in new ways that allow relevant patterns to be

emphasized (representation), and establishing action sequences informed by the trans-

formed information (planning and action).

An agentive perspective allows insightful generalizations across superficially dissimilar

systems. For example, agents must make decisions, and the diffusion model (Ratcliff,

1978) is a rigorously formulated and empirically well-tested mechanism for decision mak-

ing that has been successfully applied to many kinds of agents. In this model, information

continuously accumulates and a relative rule is used to determine whether a threshold

amount of evidence has been achieved in order to respond. The diffusion model posits an

evidence accumulator that begins at a starting point and continuously accumulates noisy

evidence at a specific rate. There are upper and lower boundaries that serve as thresholds

for triggering a decision. The model makes predictions for response accuracy and the

entire distribution of response times. It has been useful for modeling neurons’ firing rates

in monkeys (Gold & Shadlen, 2007). In humans, it organizes and predicts results from

cognitive tasks such as recognition, memory, categorization, and choice (Forstmann, Rat-

cliff, & Wagenmakers, 2016). It has also been recruited to explain foraging behavior in

acellular slime molds (Latty & Beekman, 2011) and bee hives (Marshall et al., 2011).

The same model applies across these levels because all of these agents need to make

accurate and fast decisions (Bogacz et al., 2006).
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A second example of the interdisciplinary utility of agent-based theories is adversarial

problem solving. When it is beneficial for an agent to come up with a resilient and flexi-

ble solution to a problem that it faces, a general approach that has had noteworthy suc-

cesses in computer science, economics, psychology, evolutionary biology, and business

has been to recruit or create a competitor who is tasked with taking advantage of limita-

tions that it finds in the agent’s solutions. Early examples of this from game theory estab-

lished equilibrium choice strategies that are rational in the sense that a player deviating

from a strategy will not have an expected gain when playing other rational players (von

Neumann & Morgenstern, 1944). These game theoretic accounts have been applied with

quantitative precision to explain real-world behaviors such as the probabilistic but heavily

biased decisions of penalty kickers and goalies to kick/predict shots to different locations

in a soccer goal (Chiappori, Levitt, & Groseclose, 2002). In computer science, an effec-

tive way to have a game-playing Artificial Intelligence (AI) learn evaluative weights for

different board features is to have an AI with one set of weights play against another AI

with different weights, preserving and modifying the winning AI’s weights (Samuel,

1959). In modern instantiations of this idea such as the deep neural network AlphaZero

(Silver et al., 2018), adversarial self-play among variants allows the same algorithm to

produce grandmaster level performance in either chess, Go, or shogi (Japanese chess).

The rapidly growing area of Generative Adversarial Networks (GANs) (Goodfellow

et al., 2014) is based on the clever idea of pitting a generative neural network that pro-

duces objects against an adversary neural network that is tasked with discriminating natu-

ral objects from those produced by the generative network. One can imagine, say, a

generative network receiving rewards based on how well its counterfeit bills fool a dis-

criminator network, at the same time that the discriminator network receives rewards

based on how accurately it accepts real money and rejects counterfeits. Over time, each

network performs its task better. Systems of learning networks mutually testing and train-

ing each other in this way have produced systems capable of producing pictures of faces

that are extremely realistic and novel, high-resolution images based on low-resolution

inputs, photograph-like images of objects based on sketches or even text descriptions,

realistically colorized black and white images, accurate high-resolution predictions for

what the next frame of a movie will look like, and compelling artistic creations that com-

bine one object’s style with another object’s content (Cresswell et al., 2018; Isola, Zhu,

Zhou, & Efros, 2017; Kang, Gao, & Roth, 2019; Mazzone & Ahmed, 2019). In psychol-

ogy, researchers have argued that human reasoning evolved in the adversarial social con-

text of people trying to justify their beliefs and actions to others, and convince others to

do their bidding through argumentation (Mercier & Sperber, 2019). GANs researchers

have primarily been trying to solve specific engineering problems rather than create

humanlike systems, and so it is striking that work on humans and computers has con-

verged on adversarial processes for evolving agents to behave in increasingly sophisti-

cated ways.

These are just two of many possible examples of the kind of inspiration that an agent-

based perspective on systems fosters. For me, this perspective is a more compelling uni-

fier for cognitive science than the “Mind as computer” slogan that N�u~nez et al. (2019)
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describe as an early unifying theme, but which has also spurred considerable dissent of

late, in part because of differences of opinion as to what computation involves. In any

case, these examples demonstrate field-transcending connections made by researchers

who are, for often times haphazard and serendipitous reasons, exposed to a theory in a

very different field. The presence of interdisciplinary ventures like cognitive science can

appreciably increase the odds of cross-fertilizations like these occurring (Repko, 2008).

4. Beyond the core

Cognitive science has a well-specified subject of inquiry (minds and intelligent sys-

tems), and this subject naturally requires the integration of disparate traditional fields.

However, N�u~nez et al. (2019) make a convincing case that cognitive science does not

possess many of the trappings of a traditional discipline. Different universities name and

configure cognitive science in different ways, and have markedly different requirements

for their students. The Cognitive Science Conference is not widely attended by research-

ers in many of the fields that cognitive scientists themselves see as highly relevant. The

scarcity of anthropologists, philosophers, and computer scientists at the conference is con-

spicuous.

One sign that N�u~nez et al. interpret as cognitive science’s failure to develop into a suc-

cessful research program (Lakatos, 1978) is the increasing prevalence to referring to cog-

nitive sciences rather than cognitive science. Each variant reveals a value. The singular

form stresses a common, unifying core (cf “The Commonwealth”), whereas the plural

form reflects the strength that can be achieved by federating autonomous organizations

into a larger unit (cf “The United States”). More generally, some of N�u~nez et al.’s analy-

ses seem overly tied to the letter rather than spirit of cognitive science. For example, the

graduate PhD degree in “Cognitive & Information Sciences” at University of California

Merced is not included in their analysis of cognitive science graduate programs because

it is not literally called “cognitive science,” even though in terms of its content, it would

be viewed as solidly within cognitive science by most self-described cognitive scientists.

At the undergraduate level, N�u~nez et al. find that many degrees are based on a high per-

centage of coursework that does not explicitly mention “cognitive science” in its course

titles (see their Fig. 4). This also is not problematic for cognitive science as a unified

intellectual pursuit. The specific names given to courses are often based more on institu-

tional history and chance than substantive content. A course on “Experiments and Models

in Cognitive Science” and “Experiments and Models in Perception and Cognition” likely

cover very similar material even though only the former counts as coursework in cogni-

tive science by the authors’ criterion. Few would deny that courses on “Classical

Mechanics,” “Electricity and Magnetism,” “Quantum Mechanics,” and “Thermodynamics

and Statistical Mechanics” cohere to form the foundation of a physics curriculum even

though none of these courses has “physics” in their titles. A deeper semantic and prag-

matic analysis of intellectual institutions would be needed to determine whether there is a
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sufficient overlap in the training of cognitive scientists to have them coordinate their

efforts on the project of understanding minds.

I suspect that there is, indeed, considerable overlap in the training of cognitive scien-

tists nowadays. One can mention topics such a backpropagation, qualia, modularity, lin-

guistic relativity, information theory, Turing machines, functionalism, and hippocampal

place cells in cognitive science venues and have a good chance of being understood.

Given the far-flung disciplinary origins of these concepts, it is impressive and remarkable

that there is a sizeable community that understands them all at a reasonably deep level,

and can even intelligibly make connections across the concepts.

Beyond disputes about what counts as a training and research in cognitive science, a

deeper way of engaging N�u~nez et al.’s institutional analysis is to question the extent to

which a uniform disciplinary training across the world’s cognitive science programs is a

good thing. Cognitive science means different things in different places. Institutionally,

cognitive science at UCSD has considerable strength in levels of analysis beyond the con-

fines of individual people. University of California Irvine emphasizes computational mod-

els of cognition. MIT’s program emphasizes neuroscience. Other institutions have

emphases in vision, language, high-level cognition, or philosophy that distinguish them

from other programs. In my opinion, this diversity of approaches should be celebrated. In

much the same way that cross-cultural diversity confers resilience on humanity as a

whole, so cross-institutional diversity in how cognitive science is approached confers resi-

lience on the intellectual enterprise. In both cases, efforts to enforce greater uniformity

across sites could well have the deleterious effect of reducing flexibility. When the prob-

lems facing a collective are difficult, it is often advantageous to increase the diversity of

solutions by establishing local groups with greater within-group than between-group con-

nectivity (Barkoczi & Galesic, 2016; Mason, Jones, & Goldstone, 2008; Page, 2017).

And it is hard to imagine a tougher problem than an agent trying to understand its own

mind using that same mind.

What other models for a successful cognitive science enterprise exist besides Lakatos’s

(1978) notion of intellectual troops rallying around and defending a hard, unchallenged

core of assumptions and methods? One sharply contrasting model is one in which the

attacks from within cognitive science on its own, original core have been healthy. In that

spirit, the criticisms that N�u~nez et al. describe from embodied, embedded, extended, and

enactive conceptions of mind (Colombo, Irvine, & Stapleton, 2019) toward the originally

core tenet of “Mind as computation” have been healthy for putting cognitive science on a

more robust foundation. According to the immunological “hygiene hypothesis,” the

increased prevalence of hay fever and asthma in many wealthy nations is due to the

increased cleanliness of children’s environments, which insufficiently challenge their

developing immunological systems, causing their immune systems to respond inappropri-

ately to innocuous substances (Yazdanbakhsh, Kremsner, & van Ree, 2002). The intellec-

tual counterpart to this hypothesis asserts that research enterprises that are not adequately

challenged fail to become robust. The attacks on the historic origins of cognitive science

only serve to put cognitive science on a stronger foundation (Nietzche, 1889/1990), one
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which incorporates the relation between a mind and its environment, with environments

prominently including tools constructed by the mind as well as other minds.

A second alternative to Lakatos’s notion of a successful research program is to dis-

pense with a common core and embrace pairwise cross-fertilization between disciplines.

Cognitive science would have a valuable role to play in science even if it only served,

say, to inspire machine learning researchers to consider promising approaches in human

developmental neuroscience when constructing and analyzing their neural networks (Lilli-

crap & K€ording, 2019), or psychologists to consider Bayesian models of probabilistic

inference as plausible models of human judgment (Blanchard, Lombrozo, & Nichols,

2018). If we require consensus across the contributing disciplines of cognitive science

about the meaning or proper application of a theory, then we will forfeit many opportuni-

ties for useful interdisciplinary connection and transfer. The highly pruned conceptual

systems that survive a consensus alignment process are too meager to support fertile

cross-pollination. By contrast, successful alignment and translation between pairs of con-

ceptual systems within a larger set of systems is possible even when a single coherent

alignment across all systems remains elusive (Goldstone & Rogosky, 2002). Under this

view, cognitive science is the network community that emerges as a pattern of relatively

dense local connections between diverse researchers studying minds and intelligent sys-

tems. One advantage of a network science approach to identifying a scientific community

is that multiple, partially overlapping communities can be identified (Palla et al., 2005).

The presence of established disciplines like computer science, anthropology, and psychol-

ogy would not preclude the emergence of a network community of cognitive scientists.

A reasonable reply to these alternative conceptions of what it would mean for cogni-

tive science to be intellectually vibrant is as follows: “Mathematics has a common core

that its students are expected to know. Philosophy has its canon that includes Socrates,

Descartes, and Husserl. Why shouldn’t cognitive science have a common core?” Widely

shared canons, practices, and norms do offer benefits. However, premature convergence

on a shared core could have the unhealthy effect of reducing diversity, restricting other-

wise rich explorations, and preventing useful partial convergences within subsets of fields

bridged by cognitive science.

Premature convergence on a core would be particularly harmful for cognitive science

because our enterprise is much closer to the “just getting started” than “moribund

decline” stage of its lifespan. One striking illustration of this, shown in Fig. 1, comes

from a compilation of AI experts’ published predictions for when a high-level AI would

be achieved (Armstrong, Sotala, & �O h�Eigeartaigh, 2014). For example, in 1988, Hans

Moravec predicted human-like levels of intelligence in robots in the Year 2028. As disap-

pointing as the delays in the James Webb Space telescope (Panel A) have been, at least

the slope of the best fitting line relating the year of the forecast with the forecasted year

is <1, suggesting a convergence around the Year 2026. By contrast, the slope of the best

fitting line for a high-level AI is >1, completely failing to intersect with the Y = X axis!
Essentially all bets are off for when a human-like AI will be created. The gap between

human and machine intelligence has not reduced over the years despite impressive

achievements in AI such as playing chess and Go at grandmaster levels, autonomous
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driving, beating the best human players at question-answering games like Jeopardy, and

recognizing natural speech and handwriting at highly effective levels. My own diagnosis

for why the gap persists is that not enough attention has been paid to furnishing machines

with (a) human-like constraints, both innate and self-acquired, (b) an ability to create rich

and coherent models for generating predictions for situations not contained within their

original training set, (c) mutually informing loops of generation and evaluation in which

both processes are grounded in perception and action, and (d) a rich environment consist-

ing crucially of a community of other agents similarly engaged in the process of making

sense of the environment. Regardless of whether these specific criticisms are on target, it

is clear that many exciting AI systems are being deployed to tackle important real-world

tasks but also that the path towards creating humanlike AIs is still obscure. Our early

(A)

(B)

Fig. 1. Panel (A) is from Randall Munroe (2018): https://xkcd.com/2014/. It shows a plot of forecasted

launch dates for the long-delayed James Webb Space Telescope (from data available at https://en.wikipedia.

org/wiki/James_Webb_Space_Telescope). The X-axis represents the date on which a forecast is made, and

the Y-axis shows the forecasted year of completion on that date. Where the best-fitting line for the set of fore-

casts intersects the line Y = X provides a prediction (the year 2026) for when the telescope will actually be

launched. By contrast, expert predictions for when a high-level Artificial Intelligence will be built, assembled

by Armstrong, Sotala, and �O h�Eigeartaigh (2014), are plotted in panel (B) with a best fitting blue line that

has a slope >1, meaning that it never intersects with the red Y = X line in the future.
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explorations into creating working models of minds show promise, but we are also in

need of fundamentally transformative approaches. In this context, fostering diversity of

approaches, not rallying around a common core, is the strategy most likely to succeed for

cognitive science.

It is not sensible to criticize the progress of cognitive science by claiming both that

there is not yet a hard core to the cognitive science enterprise as one expects for traditional

academic departments, and that cognitive science has failed to bridge the participating

fields of philosophy, anthropology, linguistics, neuroscience, computer science, and psy-

chology. If cognitive science were to become more like a conventional discipline, then it

would likely also become more insular. Interdisciplinary journals tend to have broader,

more diverse citations than do disciplinary journals (Leydesdorff & Rafols, 2011).

Personally, I am thankful that cognitive science is not a traditional discipline with a

discipline’s associated insularity and uncontested core. Humanity’s collective pursuit of

knowledge requires efforts on many points along a stable-to-fluid continuum. Like many

cognitive scientists, I am frequently drawn more to the fluid, interdisciplinary pole. Yes, I

would like cognitive scientists to be able to talk with each other deeply and efficiently,

assuming, to some degree, a common knowledge base. But in the end, I find opportunities

for discovering cross-disciplinary commonalities even more enticing. Maintaining a truly

interdisciplinary status is inherently instable (van den Besselaar, 2018; Leydesdorff &

Rafols, 2011), and the very real and immanent threat of cognitive science being com-

pletely absorbed into psychology is just one threat to cognitive science’s fragile existence.

Our venture must compete against other interdisciplinary enterprises like network science

and complex systems. It must continue to be relevant to research outside of itself, and

renew itself by bringing in different perspectives, even on matters that were once thought

of as agreed upon. Still, there is an undeniable excitement that comes from being part of

something that is still, and may always be, in the process of becoming (Barad, 2007).
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