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Abstract

Dreams of machines rivaling human intelligence have shaped
the field of AI since its inception. Yet, the very meaning of
human-level AI or artificial general intelligence (AGI) re-
mains elusive and contested. Definitions of AGI embrace a
diverse range of incompatible values and assumptions. Con-
tending with the fractured worldviews of AGI discourse is
vital for critiques that pursue different values and futures. To
that end, we provide a taxonomy of AGI definitions, laying
the ground for examining the key social, political, and ethi-
cal assumptions they make. We highlight instances in which
these definitions frame AGI or human-level AI as a techni-
cal topic and expose the value-laden choices being implicitly
made. Drawing on feminist, STS, and social science schol-
arship on the political and social character of intelligence in
both humans and machines, we propose contextual, demo-
cratic, and participatory paths to imagining future forms of
machine intelligence. The development of future forms of AI
must involve explicit attention to the values it encodes, the
people it includes or excludes, and a commitment to epis-
temic justice.

1 Introduction
There is no agreed-upon definition of artificial general intel-
ligence (AGI) (Morris et al. 2023; Mitchell 2024). Yet from
influential AI companies (DeepMind 2022; OpenAI 2018;
Meaker 2023; Ingram 2024) and AI researchers (Agüera y
Arcas and Norvig 2023; OpenAI 2018; Morris et al. 2023;
Chollet 2019; Bubeck et al. 2023) to the increasingly public
worry (Future of Life Institute 2023; Center for AI Safety
2024) about existential risks (Bostrom 2014; McLean et al.
2023; Naudé and Barten 2023; Noy and Uher 2022), AGI
and human-level AI have become one of the dominant ways
to imagine the future potential of AI. At the same time, AGI
has had its own skeptics (LeCun 2022; Toews 2022; Heaven
2020; Gebru and Torres 2024) who risk taking the target of
their critiques to be more homogenous and congruent than it
actually is.

The lack of homogeneity in current conceptions of AGI
is not a bug. It is a feature of the underlying topic: what
might it mean for machines to have intelligence that rivals
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human intelligence? Substantive disagreements come with
the value-laden character of both intelligence and of AI as a
technology. By value-laden, we mean that political, social,
and ethical values can and should shape conceptions of in-
telligence, technology, and their intersection.(Blili-Hamelin
and Hancox-Li 2023) We lack consensus on the definition of
intelligence because of conflicting values. The same applies
to the current lack of consensus on AGI.

Ruha Benjamin warns that “a narrow definition of what
even counts as technology or intelligence” threatens the
ability of communities to imagine worlds worth build-
ing.(Benjamin 2024) What forms of intelligence and tech-
nology are worth imagining are political and social ques-
tions. However, current approaches to AGI risk mistaking
these questions for technical questions. We lay the ground-
work for examining these potential mistakes by analyzing
and classifying contingent assumptions underlying different
definitions of AGI. Contending with the fractured world-
views among conceptions of AGI plants the seeds for resist-
ing harmfully narrow conceptions of machine intelligence.

Our paper proceeds as follows. We begin by providing
a framework for thinking of AGI as inheriting the value-
laden features of both intelligence and technology (Section
2). We then investigate the value-laden, contingent choices
made by influential accounts of AGI and human-level AI
(Section 3). Rather than framing these choices as inher-
ently misguided, we see them as opportunities to investigate
the limited but heterogeneous range of questions currently
being asked about would-be human-level AI. Finally, we
sketch pathways for more contextual, democratically legit-
imate, and participatory perspectives on what forms of ma-
chine intelligence are worth imagining (Sections 4 and 5).

Our investigation is not limited to accounts using the ex-
act phrase “artificial general intelligence”. Like Morris et al.
2023, our topic is the long history of treating “[a]chieving
human-level “intelligence” as the “north-star goal” of the AI
field (Morris et al. 2023), dating at least as far back as the
1955 Dartmouth AI Conference (McCarthy et al. 1955). Dis-
cussions of “human-level AI”, “general AI”, or “AI” (such
as in the phrase “strong AI” (Searle 1980)) fall within the
scope of our account.
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2 Between Human Intelligence and
Technology: AGI’s Dual Value-Laden

Pedigrees
Building on STS scholarship on the values embedded
in technology (Winner 1980), research communities like
FAccT, AIES, and CHI have taken a deep interest in the
political, social, and ethical values embedded both in AI
tools and in the practices that surround AI (Fishman and
Hancox-Li 2022; Dotan and Milli 2020; Birhane et al.
2022b; Scheuerman, Hanna, and Denton 2021; Hutchinson
et al. 2022; Bommasani 2022; Denton et al. 2020, 2021;
Mathur, Lustig, and Kaziunas 2022; Shilton 2018; Brous-
sard et al. 2019; Green 2021; Blodgett et al. 2020; Viljoen
2021; Abebe et al. 2020; Birhane and Guest 2021; Blili-
Hamelin and Hancox-Li 2023; Costanza-Chock 2020). AGI
and human-level AI concern not only existing technolo-
gies, but also the technologies that many AI builders, re-
searchers, and organizations dream of building in the future.
When companies describe their official “long term aim [as]
to solve intelligence, developing more general and capable
problem-solving systems, known as artificial general intel-
ligence (AGI)” (DeepMind 2022), or when thought leaders
claim that “[m]itigating the risk of extinction from AI should
be a global priority alongside other societal-scale risks such
as pandemics and nuclear war” (Center for AI Safety 2024),
they engage in “the process of negotiating between compet-
ing perspectives, values, and goals” (Green 2021).

We interrogate the political, social, and ethical questions
undergirding AGI discourse by paying attention to how dif-
ferent accounts embody competing visions for the future
of technology. We don’t see value-laden assumptions as a
flaw. We see them as choices that admit legitimate disagree-
ment through competing values. Our account of alternative
paths forward (Section 4) strives to be reflective and ex-
plicit about the political and social assumptions of the vi-
sions we call for—such as democracy, epistemic justice,
contextualism, and participation. Throughout, we also em-
brace the value of reflectiveness (Boyarskaya, Olteanu, and
Crawford 2020; Prunkl et al. 2021) about political, social,
and ethical assumptions. We believe that making value as-
sumptions explicit to ourselves and to others often makes
for better individual and collective decisions—we might say,
for more intelligent “experiments in living” (Mill 2003; An-
derson 1991). Our aim in emphasizing reflectiveness is to
point to more legitimate methods of determining the values
that we want in AI. When large corporations are the only
entities championing the narrative that their visions of AGI
will transform everyone’s lives, what and whose values ulti-
mately win out becomes a question of power divorced from
legitimacy (Burrell and Metcalf 2024).

In the rest of this section, we examine a second and more
often overlooked root of AGI’s value-laden character: intel-
ligence. Debates about defining and measuring human in-
telligence are crucial to anticipating the value-laden aspects
of AGI for at least three reasons. Firstly, many of the rea-
sons for why definitions of human intelligence are value-
laden carry over to the case of AI. Secondly, some attempts
at defining AGI use concepts or methods from human intel-

ligence research. Thirdly, the question of whether machines
match or surpass human intelligence faces the challenge of
specifying what counts as human intelligence and of evalu-
ating human intelligence.

2.1 Intelligence Is Value-Laden Because It Is a
Thick Concept

Intelligence is what philosophers would call a thick evalua-
tive concept: it includes both descriptive and normative el-
ements (Anderson 2002; Kirchin 2013, 2017). It contains
descriptive elements about what empirical phenomena fall
under the concept of intelligent behavior. It also contains
a normative element. Evaluating intelligence inevitably in-
volves assessing the desirability of specific behaviors. Pre-
vious research (Anderson 2002; Alexandrova and Fabian
2022; Blili-Hamelin and Hancox-Li 2023; Cave 2020) has
argued that when we try to define or measure thick concepts,
we inevitably embed ethical values in the design decisions
we make about the boundaries of the concepts and the mea-
surement methodology. Other examples of thick concepts
that have value-laden definitions are health and well-being
(Alexandrova and Fabian 2022). The fact that intelligence is
value-laden is at the root of debates over its definition and
validity.

The validity of the concept of general intelligence in hu-
mans has been extensively criticized. One of the principle
targets of these critiques is Spearman’s g: a hidden, not di-
rectly observable factor expressing “shared variance across
a set of intercorrelating cognitive tasks” (Warne and Burn-
ingham 2019). Here we recap a few of the main critiques
to provide some background for our later points about how
some definitions of AGI make moves that are subject to sim-
ilar critiques.

History of Ableism and Racism General intelligence
metrics for humans have been criticized as ableist and racist
(Anderson 2002; Summerfield 2023). Anti-racist critiques
of human intelligence tests cite the influence of teacher ex-
pectations and stereotype threat, which affect test-takers of
different demographics differently (Osborne 2001). Disabil-
ity advocates have argued that conventional standardized
tests for intelligence are ableist because they do not con-
sider how disabled individuals can perform within a broader
social context (Pellicano and den Houting 2022). In general,
these critiques of g draw on the fact that human experiences
and behaviors are diverse and contextual in ways that are
hard to capture in standardized tests (Legault, Bourdon, and
Poirier 2021).

Weaknesses of Factor Analysis The use of factor analy-
sis to discover g as a causal factor has been extensively cri-
tiqued (Glymour 1998; Johnson 2016). These critics argue
that factor analysis, on its own, does not rule out alterna-
tive causal structures that could explain the same empirical
results. Factor analysis can show that a common cause is
a possible explanation of observed statistical patterns. But
those same patterns could be explained by many other causal
hypotheses.

We mention this critique of factor analysis not just to sit-
uate the epistemic status of human intelligence metrics, but
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also as background for our later discussion (Section 3.2) of
attempts in AI to find the equivalent of g in AI systems.
These attempts are subject to the same critique that factor
analysis does not rule out alternative causal hypotheses.

One possible response to this critique of factor analy-
sis is to treat g in a deflationary way: to say that it is not
explanatory but is merely a shorthand for the correlation
between performances on multiple cognitive tests. In this
way, g could serve as a shorthand for communicating per-
formance on a group of tests, without committing to it be-
ing a real causal factor. This is analogous to formulations of
AGI that strive for a deflationary approach, as we describe
in Section 3.1.

Circularity Another critique of psychometrics work pur-
porting to quantify human intelligence is that it cannot
be validated without reference to intelligence tests, mak-
ing such measurements circular (Summerfield 2023; Boring
1923; Richardson 2017; Popper 2013). As Boring (1923)
put it over 100 years ago, “[I]ntelligence is what the tests
test”. Boring (1923)’s worry is not simply that intelligence
tests need to be appealed to in validating intelligence tests.
Rather, it is that the theoretical construct they purport to
measure is itself motivated by setting aside the broad range
of connotations of intelligence in favor of focusing on what-
ever can be measured through intelligence tests (Boring
1923). This critique points to how psychometrics research
is insufficiently motivated and under-theorized. Warne and
Burningham (2019) is an example of recent work that dou-
bles down on disconnecting research on g from any attempt
at anchoring psychometrics research in a substantive the-
oretical conception of intelligence. As with the critique of
factor analysis (2.1), deflationary approaches that avoid as-
cribing an explanatory role to g may be a potential response
to this worry. 1

2.2 Relevance to AGI
The critiques of g and the recognition of intelligence as a
thick concept provide the background for why the definition
and measurement of human intelligence is a political and
social question. For similar reasons, defining and measur-
ing AGI is also a political and social question. AGI is also a
thick concept involving both descriptive (what tasks or abil-
ities fall under its definition) and normative (what counts as
good machine behavior) criteria. And, as we argue next, cur-
rent definitions of AGI embed political and social values in
ways that are often not explicitly acknowledged by their au-
thors. In the next section, we identify the design choices that
formulations of AGI make, emphasizing their contingency
and the types of values that each choice embeds.

3 The Motley Choices of AGI Discourse
In this section, we look at some of the typical moves
made when defining AGI. Our central contention is that
these definitions always depend on assumptions about what
is valuable to some group of people or what goals are

1For an overview of recent approaches to motivating psychom-
terics research, see Deary (2012).

worthwhile—whether implicitly or explicitly. This is ex-
pected once we understand that the topic of AGI and human-
level AI sits at the intersection of two fundamentally value-
laden questions. The topic of intelligence is fundamen-
tally value-laden due to its nature as a thick concept (see
Section 2). Moreover, the topic of what technologies and
tools are worth building is itself fundamentally value-laden
(Costanza-Chock 2020; Birhane et al. 2022b; Dotan and
Milli 2020). No conception of AGI can escape the political,
social, and ethical priorities that do and should shape any
answer to the question of what is worth building, by whom,
and for what purposes. Throughout this section, we high-
light value-laden aspects of AGI discourse that pertain both
to its character as a technology and to the nature of the task
of defining intelligence.

Some accounts of AGI attempt to adopt a kind of neutral
stance. They may start by declaring that they intend to have
a deflationary, value-neutral take on AGI (similar to the de-
flationary view on g we sketched in Section 2.1), but even
these ultimately end up going beyond a purely deflationary
view (see Section 3.3). We start by sketching the deflationary
view (Section 3.1), then proceed to look at some of the major
AGI definitions out there and identify dimensions on which
different definitions make different value-laden assumptions
(Section 3.2).

3.1 Purportedly Deflationary Accounts of AGI
Some definitions of AGI start out with seemingly neutral
goals, such as creating a shared language or common stan-
dards for measuring AGI, without (at least at first) specify-
ing any normative goals beyond that. This can be viewed
as similar to the deflationary view of g described in Section
2.1: where g is simply a correlational factor that you can
measure from a battery of tests and does not necessarily rep-
resent any underlying causal or explanatory factor. One can
adopt standards for the sake of being able to consistently
compare systems against one another within those standards
without assuming that those standards are the only “real” or
“objective” standards.

An example of the deflationary view is represented (at
least initially) in “Levels of AGI” (Morris et al. 2023). At
the start of the paper, the authors claim that they are seeking
a “common language to compare models, assess risks, and
measure progress along the path to AGI.” They think that
having a “clear, operational definition of AGI” is the way to
do this.

At first, their goal seems to be purely deflationary—they
want some shared, operationalizable terminology so that we
know when we are referring to similar phenomena. Morris
et al. (2023) are inspired by the Levels of Automation frame-
work (SAE International 2021) used to grade self-driving car
technology—a framework that was also allegedly adopted
to enhance communication.2 Their deflationary approach is
further underlined by a willingness to change the definition
of AGI in the future if we gain the ability to operational-
ize things that are currently not operationalizable. For ex-

2However, see Section 3.3 for a discussion of how this frame-
work also drifted from its initial deflationary goals.
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ample, they currently want to define AGI in terms of “ca-
pabilities rather than processes” because we currently have
little insight into the underlying mechanisms of many AI
systems. They allow that research into mechanistic inter-
pretability might eventually lead to operationalizable defi-
nitions involving processes, which then “may be relevant to
future definitions of AGI” (Morris et al. 2023).

Another AGI account that is on the deflationary spec-
trum is that of Adams et al. (2012), who have “a prag-
matic goal for measuring progress toward its attainment”.
The authors acknowledge that “The heterogeneity of gen-
eral intelligence in humans makes it practically impossible
to develop a comprehensive, fine-grained measurement sys-
tem for AGI”. However, in order to measure progress, they
would still like “a common framework for collaboration and
comparison of results”. This conception is similar to that
of (Morris et al. 2023) in treating the AGI framework as a
common language for communication purposes. To the ex-
tent that Adams et al. (2012) adopt requirements for “general
cognitive architectures”, they emphasize that these require-
ments are not final and are “simply . . . a convenient point of
departure for discussion and collaboration”.

We’ll see in Section 3.3 that these deflationary accounts
depart from their initial declared intentions and end up in-
cluding some value-laden choices. But first, we’ll take a tour
of some non-deflationary accounts of AGI.

3.2 Value-Laden Choices in AGI Definitions: A
Taxonomy

Having outlined deflationary views on AGI, we now identify
some value-laden choices that non-deflationary views make
in their conception of AGI or human-level AI. We organize
these views by the dimensions on which these choices are
made. Many of these choices are better understood as differ-
ences in focus and emphasis, rather than as mutually exclu-
sive assumptions about the correct conception of AGI.

Economic Value Some definitions of AGI are explicit
about the values that they are centering. For example,
OpenAI’s charter claims that “OpenAI’s mission is to en-
sure that artificial general intelligence (AGI)—by which we
mean highly autonomous systems that outperform humans
at most economically valuable work—benefits all of human-
ity” (OpenAI 2018). This definition of AGI is meant to track
the metric of performing economically valuable work. As
others have pointed out (Morris et al. 2023), this assumes
that other types of work are less valuable—a normative as-
sumption.

OpenAI’s definition is perhaps the most explicit about its
values. But we can find other definitions that embed similar
values. Suleyman and Bhaskar (2023), for example, define
“Artificial Capable Intelligence” by its ability to pass what
they call the “Modern Turing Test”: the capability to turn
a starting pot of $100,000 of capital into $1,000,000 over
several months. Similarly, Nilsson (2005) proposes an “em-
ployment test” to replace the Turing Test: “To pass the em-
ployment test, AI programs must be able to perform the jobs
ordinarily performed by humans. Progress toward human-
level AI could then be measured by the fraction of these jobs

that can be acceptably performed by machines.”
In contrast, Morris et al. (2023) reject definitions based

on economic value alone. They think that benchmark tasks
should align with what people value beyond economic value,
including metrics that are harder to automate or quantify.
Here, in tension with their purported deflationary orientation
(see Section 3.1), they explicitly argue for having compo-
nents of AGI that are less operationalizable (because they are
harder to quantify). The reason they are doing so is value-
laden: because they think that there are values beyond eco-
nomic value that are worthwhile to aim for.

Embodiment The choice of whether to include the ability
to carry out tasks in the physical world is another dimen-
sion on which AGI frameworks differ. Morris et al. (2023)
make an unexplained choice to exclude embodied tasks from
their framework. This exclusion is particularly mysterious
because physical tasks are, on the face of it, no harder to
operationalize than non-physical tasks.

In contrast, criteria like Wozniak’s coffee test require
embodied AI systems. This test, first proposed by Apple
founder Steve Wozniak (Fast Company 2010), tasks the ma-
chine with going into an “average” American home and
making coffee in it. It has since been included in definitions
of AGI (Goertzel, Iklé, and Wigmore 2012; Marcus 2022).
AI critics like Weizenbaum (1976) have also cited the field’s
relative inattention to embodiment as a major shortcoming.

The decision to include or exclude embodiment in the def-
inition of AGI is value-laden, as it incorporates assumptions
about which tasks are considered valuable. Privileging the
mental over the physical is a normative choice. It also car-
ries normative consequences, such as influencing the types
of AI systems likely to be developed and their potential im-
pacts on society.

Human-Like Processes Versus Outcomes Another divi-
sive choice in conceptualizing AGI or human-level AI is
whether to insist on mechanisms or processes that mimic hu-
man cognitive processes. For example, Morris et al. (2023)
want to prioritize outcomes (“what an AGI can accomplish”)
over human-like processes because outcomes are more op-
erationalizable. Excluding “processes” from the definition
means that criteria based on the following are excluded: con-
sciousness (Butlin et al. 2023; Lenharo 2024; Searle 1980;
Summerfield 2023; Smart 2015), sentience (Schwitzgebel
and Garza 2015), and abilities modeled on human children
(Turing 2012; Nilsson 2005; Gopnik 2019, 2015; Summer-
field 2023).

This choice of excluding anthropomorphic cognitive pro-
cesses goes beyond purely conceptual questions about how
to best define AGI.3 It also influences the types of research

3Here is a possible epistemic argument for taking a stance on
the exclusion of anthropomorphic processes from the concept of
AGI. The question of whether or not implementing human-like pro-
cesses is needed to achieve human-like outcomes is an empirical
question. Settling open-ended empirical questions through defini-
tions is bad epistemic practice. Definitions of AGI should, there-
fore, be agnostic on empirical questions such as the importance
of human-like processes to achieve different human-like outcomes.
We see this as amounting to providing a principled reason for not

144



projects that attract AI investment, which has ethical conse-
quences in terms of what the AI we build (and its attendant
social consequences) looks like. Lenharo (2024) interviews
a researcher claiming that “to his knowledge, there was not
a single grant offer in 2023 to study the topic” of conscious-
ness in AI.

Rich Sutton’s “The Bitter Lesson” articulates this prac-
tical concern about maximizing return on investment (Sut-
ton 2019). Sutton frames this as a choice between focus-
ing on implementing human-like processes versus focusing
on “general methods that leverage computation”. He frames
the choices as practically exclusive in the sense that “[t]ime
spent on one is time not spent on the other” Sutton (2019).
The bitter lesson is that building human-like processes into
AI may be psychologically satisfying to researchers, but
tends to be much less effective than focusing on “general
purpose method[s]” that scale with computation.

However, it’s not clear that the practical argument for ig-
noring the processes underlying intelligence is correct. Sum-
merfield (2023), for instance, makes the case that in drawing
lessons from “natural general intelligence” (i.e. human cog-
nition and intelligence), work on AGI stands to yield more
“useful” and “effective” systems, and to better leverage the
“tight intellectual synergy between AI research, cognitive
science, and neuroscience”.

In short, different practitioners make different choices
about what they consider to be “practical” for achieving
AGI. Choices like these about effectiveness and how to
best allocate limited resources are inherently value-laden—
raising questions like for what goals, given whose beliefs
and preferences, given what conditions? For example, Sum-
merfield (2023) does not articulate what he means by “use-
ful” or “effective”, let alone for whom it is useful or effec-
tive. Similarly, when Morris et al. (2023) argue for having
shared, operationalizable (and thus outcome-based) stan-
dards for AGI on the grounds that the standards will be “use-
ful”, they do not articulate whom it will be useful for, or con-
sider whether it may be less than useful to some. Critics of
current trends in AI have pointed to how its harms and bene-
fits are distributed unevenly in ways that are correlated with
existing power structures (Green 2021; Abebe et al. 2020;
Blodgett et al. 2020; Birhane and Guest 2021; Costanza-
Chock 2020). Given this context about how AI is currently
used, implicit assumptions that “useful” means “useful for
everyone” need more justification.

Generality A point of widespread agreement among ac-
counts that specifically favor the term “AGI” over “human-
level intelligence” is the importance of generality (Go-
ertzel 2014; Morris et al. 2023; Agüera y Arcas and Norvig
2023; Summerfield 2023). Summerfield (2023) summarizes
this as the view that a “generally intelligent individual is
polymathic—good at everything.”4 The recent populariza-

answering the question of whether AGI needs to involve anthropo-
morphic cognitive processes. Discourse on AGI often goes beyond
this agnostic stance for practical reasons.

4Summerfield (2023) emphasizes the importance of the kind of
flexibility that humans display in ordinary everyday activities—
“whether performing daily rituals of basic hygiene, navigating

tion of the term “AGI” is often traced to the mid-2000s in-
terest in contrasting “narrow AI” capable of “specific ‘in-
telligent’ behaviors in specific contexts” with systems that
would be able to “self-adapt to changes in their goals or cir-
cumstances”, “generalize knowledge from one goal or con-
text to others”, and so on (Goertzel 2014).5

Although widespread, the strong emphasis on “generality,
adaptability and flexibility” (Goertzel 2014) in machine in-
telligence is not universal among accounts of human-level
machine intelligence. For instance, Bostrom (2014) departs
from this norm by denying that achieving human-level intel-
ligence or superintelligence requires “general” intelligence
at all. Bostrom sees this as part of his strong rejection of the
requirement for human-like cognitive processes. He instead
remains agnostic about the structure of abilities needed to
match or outclass the instrumental performance of human
intelligence.

We argued earlier (Section 3.2) that assumptions about
whether AGI should include human-like processes or not is
value-laden because it is based on notions of “usefulness”
or “effectiveness” that presuppose whom and what the as-
sumptions are useful for. The same line of thought applies
to arguments about whether the generality of abilities is im-
portant. Assumptions about what practical outcomes are de-
sirable are needed to make the case for or against the im-
portance of generality. Bostrom’s line of argument presumes
that replicating the instrumental performance of human in-
telligence is the goal—but there are other possible goals for
AI. Similarly, others’ assumption that being polymathic is
essential to AGI glosses over two points: whether this is a
desirable goal for AI, and the real diversity of human abili-
ties (not all humans are similarly polymathic). Here we see
an analogy with critiques of g on the basis that it ignores
human diversity (see Section 2.1).

Individualism Conceptions of AGI also differ on whether
they conceive of intelligence as a property of individuals—
such as isolated humans or systems. One aspect of individ-
ualism about AGI is ontological, having to do with whether

the streets of their neighbourhood, negotiating the local market,
deftly parenting their children, or judiciously managing house-
hold finances”—rather than in the kinds of abilities associated with
“chess grandmasters” or “Nobel laureates”. This sense of general-
ity is quite different from what gets emphasized by g. Rather than
centering a putative variable that correlates with improved perfor-
mance across all cognitive tasks, Summerfield emphasizes the mul-
tiple complex facets of the kind of cognitive flexibility that humans
display.

5Goertzel (2014) traces the genealogy of the term “AGI” as
follows. “The brief history of the term “Artificial General Intelli-
gence” is as follows. In 2002, Cassio Pennachin and I were editing
a book on approaches to powerful AI, with broad capabilities at
the human level and beyond, and we were struggling for a title. I
emailed a number of colleagues asking for suggestions. My for-
mer colleague Shane Legg came up with “Artificial General Intel-
ligence,” which Cassio and I liked, and adopted for the title of our
edited book [Goertzel et al. (2007)]. The term began to spread fur-
ther when it was used in the context of the AGI conference series. A
few years later, someone brought to my attention that a researcher
named Mark Gubrud had used the term in a 1997 article on the
future of technology and associated risks [Gubrud (1997)].”
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the entity ascribed “intelligence” is an individual. The psy-
chometrics project of measuring and comparing the intelli-
gence and cognitive skills of humans takes individuals as a
key unit of analysis. AI evaluation practices like benchmark-
ing, as currently practiced, mostly treat individual models as
bearers of the properties they measure, and definers of AGI
often propose tests that are mostly or entirely tests on indi-
vidual agents (Chollet 2019; Morris et al. 2023).

By contrast, accounts like Bostrom (2014) and Attard-
Frost (2023) reject ontological individualism. Bostrom ar-
gues that when thinking about what it means for machines
to match or outclass human intelligence, the relevant unit
of comparison includes not just the intelligence of an indi-
vidual human but also “the combined intellectual capability
of all of humanity” at present (Bostrom 2014). Specifically,
he argues that collectives—such as “firms, work teas, gossip
networks, advocacy groups, academic communities, coun-
tries, even humankind as a whole” (Bostrom 2014)—can
be understood as a mechanism for increasing intelligence.
Bostrom also refers to collective intelligence as “collective
intellectual problem-solving capacity”. This rejection of on-
tological individualism is related to the longer tradition of
thinking about collective intelligence (Lévy 1994, 2010; En-
gelbart 1962; Baltzersen 2021; Suran, Pattanaik, and Dra-
heim 2021; Araya and Marber 2023; Landemore and Elster
2012; Anderson 2006; Putnam 2011; Dewey 2011; Peters
and Heraud 2015). Baltzersen (2021) proposes thinking of
collective intelligence as “collective problem solving”, both
in large and small groups of people.6 In Section 5, we come
back to a strand of this tradition that frames democracy as
a “precondition for the full application of intelligence to the
solution of social problems” (Putnam 2011).

Ontological individualism has normative implications in
shaping the “north star” goals of AI: is the imagined chal-
lenge building machines that rival the intelligence of iso-
lated human individuals, or creating systems that replicate
the collective intelligence of groups or entire societies? It is
unclear, on the face of it, which goal is ethically preferable
to the other (of course, not building either is also an option).
Due to contemporary AI’s focus on individual intelligence, it
is hard to envision how AI systems would be different if the
focus was instead on collective intelligence—but it is plau-
sible that that counterfactual would lead to very different AI
systems, with correspondingly different impacts on society.

A second dimension of individualism in conceptions of
AGI is methodological: concerning whether measurements
of intelligence are carried out in environments where indi-
viduals are acting by themselves or where agents interact in
a social environment with other agents. Most AI benchmarks
are focused on individual agents carrying out tasks by them-
selves. But an alternative vision is possible (Attard-Frost
2023)—one that we describe in more detail in Section 4.1.
These two different ways of measuring intelligence would
lead to different prioritizations of resources for research and
development, with attendant ethical implications. For exam-

6Lévy (2010) similarly defines collective intelligence as “the
capacity of human collectives to engage in intellectual cooperation
in order to create, innovate and invent”.

ple, if we measure intelligent agents’ performance in more
social and interactive environments, would this also lead to
AI systems having fewer unanticipated harmful effects when
deployed into the “real world”? Arguably, many of the re-
cent cases of unanticipated harmful effects from AI systems
being deployed are due to these systems being evaluated pre-
deployment on decontextualized tasks that ignore aspects of
the social environment (Wolf, Miller, and Grodzinsky 2017;
Ganguli et al. 2022; Saisubramanian, Zilberstein, and Kamar
2022).

Instrumentality Thesis A widespread assumption in dis-
cussions of AGI is what Russell (2019) calls the “standard
model of intelligence”: “[Humans or] machines are intel-
ligent to the extent that their actions can be expected to
achieve their objectives.” Similarly, Legg and Hutter (2007)
characterize intelligence as “measur[ing] an agent’s ability
to achieve goals in a wide range of environments.” These
accounts endorse what we call the instrumentality thesis:
the view that intelligence is a means to whatever ends, final
goals, or preferences an agent might have.7 These accounts
conceive of being more or less intelligent as categorically
different from being better or worse at determining what
matters, what goals are worth pursuing, or what is good for
its own sake. Bostrom (2003) illustrates this feature of intel-
ligence with the example of a paperclip maximizer: an agent
with the final goal of building a world with maximally many
paperclips. Paperclips are sometimes useful tools, such as
for organizing paper documents. But paperclip maximizing
as a final goal is patently not worthwhile. The instrumental-
ity thesis is part of a common tradition in AI: thinking of
intelligent agents as maximizing the expected utility of ac-
tions for satisfying given objectives or preferences.

The assumption that intelligence is purely about instru-
mental rationality is another juncture where values come
into play. An alternate conception of intelligence could con-
sider the ability to determine what goals are worth pursuing
as a form of intelligence. Agents with this ability would be
able to form independent views about whether the goals they
are assigned by other agents are worthwhile, and if not, how
or whether to resist their assignments. In short, the view that
intelligence encompasses only instrumental rationality lays
the ground for AI to develop agents that can optimize the
goals of their designers, but that have no ability to question
those goals. We can imagine instead a very different future
of AI: where we have intelligent agents that are able to dis-
sent about final goals (see Section 5). Which future is more
desirable is a question of values: do we want intelligent ma-
chines that are completely subservient, or do we want ma-
chines that can collaborate with humans in determining what

7Bostrom (2014) calls this the orthogonality thesis, which he
defines as follows (Bostrom 2014): “Intelligence and final goals
are orthogonal: more or less any level of intelligence could in prin-
ciple be combined with more or less any final goal.” We find it
more helpful to highlight the similarity of this conception of intel-
ligence with the conceptions of instrumental rationality that come
from traditions like utility theory, or embrace Hume’s adage that
“Reason is, and ought only to be the slave of the passions” (Hume
1991; Schmitter 2021).
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goals are worth pursuing?

Operationalizability/Measurability Another dimension
on which accounts of AGI differ is whether to require oper-
ationalizability or measurability for their definition. At one
end of the spectrum, we have Morris et al. (2023), who
frame their project around operationalizability and explic-
itly reject criteria that are not operationalizable. However,
other discussants include definitions that are not measurable.
Bostrom (2014), for example, makes frequent reference to
the collective intelligence of all of humanity at present in his
framework—a concept that seems difficult, if not impossi-
ble, to operationalize.

Operationalizability may appear value-neutral at first
glance. However, scholars have argued that simply hav-
ing a common language and shared standards is in itself
value-laden. Commensuration (the act of establishing com-
mon standards to measure things) allows large institutions
to coordinate actions and automate decision-making, but
less powerful groups often argue that some things cannot
be measured in order to resist actions that can be justified
through “rational choices” (Espeland and Stevens 1998). So-
cial scientists have also recognized that commensuration has
performative effects, creating a kind of path dependency:
“as commensuration gets built into practical organizations
of labor and resources, it becomes more taken for granted
and more constitutive of what it measures” (Espeland and
Stevens 1998). This type of path dependency has been rec-
ognized in various domains of commensuration, such as
standardized grades of grain quality (Porter 1996) and uni-
versity rankings (Fowles, Frederickson, and Koppell 2016).
Previous work on ML benchmarking has also highlighted
how benchmarking creates performativity and path depen-
dency (Dehghani et al. 2021; Blili-Hamelin and Hancox-Li
2023).

Choice of Tasks and Benchmarks One cross-cutting di-
mension of difference across definitions of AGI is the tasks
or benchmarks that they include in their criteria for AGI.
Some of the previously mentioned dimensions intersect with
this—for example, if embodiment is part of your AGI defini-
tion, you would include some embodied tasks in your defini-
tion. In contemporary AI research, with its plethora of tasks
and benchmarks, researchers sometimes make choices about
which tasks they emphasize when estimating progress to-
ward AGI.

Two prominent AI researchers recently argued that “[t]he
most important parts of AGI have already been achieved by
the current generation of advanced AI large language mod-
els” (Agüera y Arcas and Norvig 2023). While these re-
searchers define AGI roughly as instructable systems able
to operate over a wide variety of topics, tasks, modalities
and languages, the fact that the strengths of current LLMs
are considered to already cover “the most important parts
of AGI” implies that the things that LLMs cannot do are the
less important parts of AGI. These LLM weaknesses include
(as they acknowledge themselves) arithmetic and adhering
to facts. However, they do not explain why these areas of
reasoning are devalued relative to LLM strengths like trans-
lation or synthesizing code. Other researchers, in contrast,

believe that arithmetical and logical reasoning are necessary
components of AGI (Marcus 2023). Agüera y Arcas and
Norvig (2023)’s assertion that the most important aspects
of AGI are achieved by current-day LLMs is value-laden.
Choices of tasks and benchmarks are a key site of value-
laden design choices (Blili-Hamelin and Hancox-Li 2023;
Bommasani 2022). Deciding to focus on LLMs over de-
ductive reasoning systems has ethical implications because
these systems will change our societies in different ways. 8

Importing g Into AI One family of AGI characterizations
relies on directly importing the concept of g from human in-
telligence into AI. These papers assume that the hypothesis
that g is an explanatory causal factor in human intelligence
is true, then seek to discover it in AI systems. For example,
Hernández-Orallo et al. (2021) try to find g by conducting
factor analysis on the results of machine experiments. They
motivate this by analogy to the supposedly explanatory role
of g in human intelligence, which they do not question. This
move has the following weaknesses.9

Firstly, the critiques of factor analysis as a methodology
for finding a unique causal structure, as applied to the case of
g in human intelligence (see Section 2.1), would also trans-
fer over to the case of AI. Secondly, taking AI to have a
directly analogous g factor means that all the value-laden
assumptions around what human abilities count as impor-
tant are imported over into the AGI case (see Section 2). For
example, Chollet (2019), who also draws inspiration from g,
takes for granted that there is a “space of tasks and domains
that fit within the human experience” that we should use to
measure intelligence—ignoring critiques of similar assump-
tions in the human intelligence literature (see Section 2.1).

3.3 Are Deflationary Views Truly Deflationary?
We’ve outlined dimensions on which accounts of AGI make
value-laden choices that aren’t determined by purely epis-
temic criteria. We also saw that design choices made within
the more “deflationary” views of AGI go beyond the appar-
ently value-neutral goal of having a common language and
shared standards. Here we discuss some more subtle ways
in which these “deflationary” views incorporate values.

Morris et al. (2023) propose a common language in or-
der to enable us to compare models, assess risks, and mea-
sure progress. These are different goals that a common lan-
guage can potentially achieve. But it is not clear that each
goal would be maximized by the same language. Should the
shared standards that would be “best” for risk assessment
necessarily be the same as those that would be best for mea-
suring progress? To determine what shared standards would
be best for risk assessment, we need to make some norma-
tive assumptions—for example, about which risks are more
important. Our shared standards might differ depending on
whether we think so-called “existential risk” is the biggest
risk, in contrast to ongoing harms from AI.10 As an example,

8For another critique of the reliance on benchmarks in relation
to AGI, see Summerfield (2023).

9For another critique, see also Russell (2019).
10For commentary on how policymakers are over-focused on ex-

istential risk, see (Hanna and Bender 2023) and (Milmo 2023).
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later on in the paper, Morris et al. (2023) reject Suleyman
and Bhaskar (2023)’s definition of AGI (see Section 3.2) be-
cause it might introduce “alignment risks”. It follows that
minimizing alignment risks is at least an implicit desider-
atum for Morris et al. (2023)’s framework—but this is not
stated upfront.

Looking at another deflationary view of AGI, Adams et al.
(2012)’s way of framing the quest for AGI, as described in
Section 3.1, assumes that their “pragmatic goal” is worth
achieving—a topic on which people with different values
might disagree.

Furthermore, there are insights to be drawn from Mor-
ris et al. (2023)’s analogy to the Society of Automotive En-
gineers’ (SAE) framework of levels of automation for au-
tomobiles (SAE International 2021). The intention of the
analogy was to justify a similar move in the AI space, with
the implied utility of a common language and shared stan-
dards. However, critical work on the SAE framework has ar-
gued that what appears to be merely a descriptive, technical
definition with the SAE’s stated intentions of “simplifying
communication” and “providing clarity” in fact has norma-
tive assumptions and implications (Hopkins and Schwanen
2021). Implications teased out by Hopkins and Schwanen in-
clude: promoting “homogeneity in mobility futures”, specif-
ically a homogeneous vision of automation as the future of
mobility; reproducing a “dominant discourse of an expert-
led, technologically-centred vision of mobility futures”; and
removing “obstacles and impediments to the successful (and
timely) development of the automated vehicle niche.” Sim-
ilarly, we may ask if shared standards for AGI promote ho-
mogeneity in AI futures and reproduce an expert-led domi-
nant discourse. Certainly, the standards currently being de-
veloped are expert-led and lack input from people who are
more likely to suffer negative impacts in AI—an issue that
we discuss further in Section 4.3.

4 Towards Contextualized, Politically
Legitimate, and Social Intelligence

We now outline alternative visions for values worth center-
ing in imagining future forms of machine intelligence. These
views embrace the value-laden nature of intelligence instead
of side-stepping it. Broadly speaking, the following propos-
als take seriously the role of physical and social contexts in
definitions of machine intelligence, in contrast to the views
outlined in Section 3. We selected these views because they
embody the values of contextualism, epistemic justice, in-
clusiveness, and democracy, which we consider vital for vi-
sions of the future of AI worth pursuing.

4.1 Contextual Intelligence
The importance of a contextual understanding of sociotech-
nical systems is well-recognized (Selbst et al. 2019; Wei-
dinger et al. 2023; NIST 2023; Lazar and Nelson 2023;
Shelby et al. 2023; Mohamed, Png, and Isaac 2020). Given
the interlocking social and technical factors that shape the
impact of AI systems, we need to consider “how a sys-
tem is used, its interactions with other AI systems, who
operates it, and the social context in which it is deployed”

(NIST 2023). Attard-Frost (2023)’s account of intelligence
as “value-laden cognitive performance” brings a contextual-
ist perspective to conceptualizing intelligence itself.

Their account centers the role of values in defining what
counts as good cognitive performance, in addition to the role
of “interdependencies between agents, their environments,
and their measurers in collectively constructing and mea-
suring context-specific performances of intelligent action”
(Attard-Frost 2023). As they argue, contextually situated ac-
counts of intelligence have a history in STS (Hayles 2017;
Barad 2003), but also in AI (Weizenbaum 1976).

Attard-Frost’s account of intelligence contrasts with more
individualistic views that measure intelligence “with refer-
ence to an extremely constrained and highly standardized
set of cognitive activities performed by individuals, rather
than with reference to situated activities performed in rela-
tion to other individuals and social environments” (Attard-
Frost 2023). To use their lab analogy, Attard-Frost’s account
is in vivo rather than in vitro—an account of how cogni-
tion is performed in social environments.11 Another way of
viewing the difference is that in vivo accounts have higher
ecological validity—a property that even the less contextual
accounts of AGI agree is desirable (Morris et al. 2023).

Attard-Frost’s account may have some practical
drawbacks—perhaps it is harder to operationalize, or
to compare systems that operate in different contexts. Thus,
whether or not we choose to adopt something like their
account is itself dependent on our values and goals: their
goal of queering intelligence is itself a normative one, and it
may conflict with other normative goals.

4.2 Inductive Risk and Social Values

Another helpful lens on how to define future forms of ma-
chine intelligence is that of inductive risk. In the values in
science literature, inductive risk is often used to justify hav-
ing different standards of evidence for accepting scientific
claims. The idea is that when the potential social costs of
accepting/denying a scientific claim are high, social and po-
litical values should influence standards of evidence (Dou-
glas 2000; Steel 2010; Blili-Hamelin and Hancox-Li 2023).

We can adapt the argument from inductive risk to the case
of defining AGI by reframing it in terms of standards of evi-
dence for accepting definition(s) of AGI.12 As Section 3 has
illustrated, current AGI definitions make many choices that
are unjustified by epistemic values, or are based on implicit
assumptions about what is socially valuable. Adapting the
argument from inductive risk to AGI, we would say: due to
the significant social impacts that could arise from having
definitions of intelligence that value certain social goals/-
tasks/beings over others, social and political values should
influence how we define AGI.

11See also Hutchins (1995) on the distinction between cognition
“in the wild” and cognition under artificially controlled (labora-
tory) conditions.

12We frame it this way because it is unclear whether definitions
of AGI are “scientific claims” as traditionally construed by philoso-
phers of science. We thank Ravit Dotan for proposing this point.
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4.3 Epistemic Justice for Defining Future Forms
of AI

One aspect of many definitions of AGI that we have ana-
lyzed here is that they mostly come from actors who have
relatively more power and influence over the future of AI. At
the same time, there is a dearth of voices in the conversation
from people who are more likely to be harmed by deployed
AI systems. Advocates of AGI and human-level AI imag-
ine this technology as impacting almost everyone. Taking
that ambition seriously requires processes that give a mean-
ingful say to the communities who would be impacted by
the technology. Dreams of future technologies should come
hand in hand with participatory, inclusive, and—as we argue
below— politically legitimate decision-making processes.

A positive vision for defining future forms of AI (or, tak-
ing a step back, even deciding if it should be pursued) would
learn from the participatory ML and epistemic justice litera-
ture. We would love to see a vision for future forms of ma-
chine intelligence that is constructed through participatory
methods (Birhane et al. 2022a; Delgado et al. 2023; Young
et al. 2024), while still being aware that the products of these
methods have their limitations (Sloane et al. 2020). Need-
less to say, these participatory methods should take care to
include the perspectives of not just those who design or fund
AI, but those who will be impacted by it in other ways.

The epistemic justice lens also highlights discussions of
epistemic justice in scientific fields that have had to make
similar assessments of difficult-to-measure concepts. Epis-
temic justice is the idea that different groups of people have,
due to power differentials, differing levels of credibility or
differing contributions to the concepts that underpin our
shared knowledge, and this is an injustice because it can
render unequal distributions of consequences (e.g. misun-
derstanding what sexual harassment is has more impact on
women than on men) or make it harder for less powerful
groups to understand their own experiences (Fricker 2007;
Schmidt 2019).

Alexandrova and Fabian (2022) argue that scientific fields
studying thick concepts like intelligence, health, wellbe-
ing, and sustainability have a distinctive need for participa-
tory processes. For research that has implications on real-
world communities—such as fields influencing policy and
lawmaking—they argue that relying on the personal values
of people studying the phenomena is not enough. Research
on thick concepts that affect real-world communities, they
argue, ought to seek legitimacy for its values. Political legit-
imacy concerns how states and institutions avoid coercion
and oppression in their use of power over their own citizens,
such as through justifying their power to those they have
power over (Peter 2017). Alexandrova and Fabian (2022)
propose an epistemic constraint on those fields, requiring the
values of the field to be legitimated through a participatory
“political process that includes all the stakeholders of this
research.”

Similarly, Elabbar (2023) has extensively examined how
values enter into Intergovernmental Panel on Climate
Change (IPCC) reports. He considers these reports to in-
volve difficult curatorial choices about “which truth-apt

claims and representations to display in a given space at
all, under rationing pressure”. These curatorial choices are
value-laden. For example, 89% of government reviews in
the IPCC’s Summary for Policymakers are from devel-
oped nations, indicating one way that powerful nations have
more input into the report. Crucially, the climate change
case points to the ineffectiveness of interventions like trans-
parency in design choices. Elabbar argues that being trans-
parent about the role of values in justifying design choices
fails to empower many stakeholders. This is because “de-
veloping emission figures presumes advanced knowledge of
carbon accounting methods and various other forms of spe-
cialist expertise”, and “[i]n cases where the effect of value
choices is subtle and complex, lay audiences will typically
lack the capacity to cash out transparency in the form of
genuine alternatives that accord with their values”. Thus, he
rejects transparency as a solution to this type of epistemic
injustice.

We think a similar situation applies to the problem of
defining AGI. AGI definitions are currently being developed
by people who, as technical experts designing AI systems,
have relatively more power, and the effects of their design
choices are complex. Transparency into this process would
likely be insufficient to empower most stakeholders to imag-
ine alternatives to these visions—which is not to say that it
isn’t desirable. Participatory methods are thus a key part of
the solution.

Notably, by suggesting more participatory methods, we
do not mean that every issue surrounding future forms of
machine intelligence should be subject to a population-wide
referendum. As the IPCC case illustrates, specialist expertise
is indispensable to making good decisions on these issues.
Luckily, modern democracies have several methods of en-
suring that citizens have a voice in state decisions through
mechanisms other than referenda. For example, represen-
tative democracy, where citizens elect representatives who
make decisions on behalf of them, mixes elements of expert-
led decision making with citizen participation. Similarly,
polities have also experimented with citizen assemblies on
important issues (Devaney et al. 2020; Huang and Tu 2017).
These are small forums where a selected set of “ordinary”
citizens debate issues as a mechanism for influencing public
opinion and political decision-makers.

5 Conclusion: Politically Legitimate
Intelligence

Donna Haraway’s “A Manifesto for Cyborgs” argues that
despite its origin in “racist, male-dominant capitalism” and
“militarism”, the figure of the human-machine hybrid can
be repurposed towards resisting oppressive social categories
in imagining the future (Haraway 1987; Forlano and Glabau
2024). Imagining “altering bodily functions” to allow hu-
mans to survive in space (Clynes and Kline 1960) opens
the door to Ashley Shew’s interrogation of how technol-
ogy reinforces ableism:“Everyone in space will be disabled”
(Shew 2018; Forlano and Glabau 2024). The scale, power,
and scope—or perhaps lack of scope, as Gebru and Torres
argue (Gebru and Torres 2024; Burrell and Metcalf 2024)—
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of dreams of AGI should raise serious doubt about whether
the concept is worth similarly subverting. Whether through
subverting or discarding AGI, we nevertheless believe in the
need for more contextual, participatory, and democratic ap-
proaches to imagining future forms of intelligence and ma-
chines.

To that end, we have taxonomized the discordant value-
laden choices of AGI discourse. We surfaced alternative
paths that provide more contextual, participatory, and epis-
temically just perspectives on imagining future forms of AI.
We suggested that the question of what forms of machine
intelligence are worth pursuing calls for a plurality of con-
tested and value-laden perspectives. We now conclude by
highlighting perspectives that provide positive rejoinders for
placing dissent, deliberation, and political legitimacy at the
center of conversations about intelligence and future tech-
nologies.

Democratic legitimacy and social conceptions of intelli-
gence are connected. Birhane et al. (2022a) defend the need
for participatory AI to be supplemented with approaches that
yield “stronger forms of validation and legitimacy” through
democratic governance. Though they do not refer to it, their
position is resonant with an intellectual tradition that sees
democratic institutions as embodying a distinctive form of
intelligence (Anderson 2006, 2023; Putnam 2011; Lande-
more 2013; Festenstein 2019; Alexander and Kitcher 2021;
Dewey 2011; Festenstein 2023; Anderson 1991; Mill 2003).
This tradition asks the question: how can we arrive at em-
pirically informed solutions to social problems that avoid
subordinating people to others? The answer is to consider
democracy as its own form of “social intelligence”—as a
collective process of deliberation and reasoning that can lead
to iterative improvement on solutions and worthwhile goals.

Building on John Dewey’s conception of “democracy as
the use of social intelligence to solve problems of practi-
cal interest”, Anderson (2006) argues that democratic insti-
tutions embody solving social problems without resorting
to oppression or coercion. She argues that democracies are
uniquely suited to investigating solutions to public interest
problems, problems that need to be solved through deliber-
ation (“votes and talk”) rather than through procedures like
markets. They do so by pairing sources of legitimacy like
procedural fairness and universal inclusion (through mech-
anisms like law, rights, and voting), experimentation (“re-
vising [. . . ] decisions on the basis of experience with their
consequence”), and dissent (Anderson 2006).

Public interest solutions to problems like deforestation
and sustainability (Agarwal 2001) require institutions capa-
ble of correcting their shortcomings and unintended conse-
quences.13 “Just as the solution to scientific problems is to

13Anderson illustrates these features through Agarwal (2001)’s
study of the effects of gender exclusion in limiting the equity and
the efficiency of community forestry groups (CFG) as sustainable
solutions to deforestation in India and Nepal. Agarwal highlights
a gendered division of labor that made women the primary users
of local forests while imposing “formal and informal obstacles” to
their participation in CFGs Anderson (2006)—such as the com-
bination of rules that limit participation to 1 per household with
patriarchal norms that favor men as representatives of households,

do more science, the cure for the ailments of democracy is
more democracy” (Anderson 2006). Similarly, for Dewey,
this process of appraisal, discussion, and judgment is what
constitutes “organized intelligence”:

Of course, there are conflicting interests; otherwise
there would be no social problems [. . . ] The method
of democracy—inasfar as it is that of organized
intelligence—is to bring these conflicts out into the
open where their special claims can be seen and ap-
praised, where they can be discussed and judged in the
light of more inclusive interests than are represented
by either of them separately. (Dewey 1987)14

Putnam (2011) summarizes this view: democracy “is the
precondition for the full application of intelligence to the
solution of social problems”.15 This lens puts pressure on
the narrow range of problems, tasks, and processes that take
center stage in discussions of would-be human-level AI and
AGI. Intelligent solutions to social problems should not be
framed as a matter of finding optimal means for satisfying
fixed preferences. Rather, they require procedures that sup-
port universal inclusion in interrogation, deliberation, and
dissent about what counts as the “common good” (Putnam
2011) and the “public interest” (Anderson 2006). They re-
quire procedures with political legitimacy (Peter 2017). On
this view, future forms of AI can provide intelligent solu-
tions to social problems only if they are also objects of dis-
sent and deliberative contestation, rather than systems de-
signed from the top-down by “experts” only. The project of
imagining “worlds” (Costanza-Chock 2020) and future tech-
nologies worth building should be one of collective “exper-
iments in living” (Mill 2003; Anderson 1991), in which all
impacted rights-holders hold decision-makers accountable.
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