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The history and future of Al
Stuart Russell*

Abstract: The standard model for developing Al systems assumes a fixed, known objective that the
Al system is required to optimize through its actions. Systems developed within the standard model
have been increasingly successful. I briefly summarize the state of the art and its likely evolution over
the next decade. Substantial breakthroughs leading to general-purpose Al are much harder to predict,
but they will have an enormous impact on the global economy and on human roles therein. At the same
time, I expect that the standard model will become increasingly untenable in real-world applications
because of the difficulty of specifying objectives completely and correctly. I propose a new model for
Al development in which the machine’s uncertainty about the true objective leads to qualitatively new
modes of behaviour that are more robust, controllable, and deferential.
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l. Introduction

Developments in artificial intelligence (Al) are generating significant media interest and
commercial investment. Al has become the focus of great-power rivalry, with many
commentators viewing it as the technological underpinning of future economic ascend-
ancy. Others view the present level of excitement as yet another ‘hype cycle’, repeating
the overenthusiasm of the 1960s and 1980s. A more defensible view distinguishes cumu-
lative advances in research from public demonstrations and commercial exploitation.
The purpose of this paper is to situate the present capabilities of AI within a longer
intellectual tradition, the better to anticipate likely future developments. That tradition,
in which economic theory has played a significant role, equates intelligence with the
ability to act rationally—that is, to choose actions that can be expected to achieve one’s
objectives. This framework, explicated in section II of the paper, is so pervasive within
Al that it would be reasonable to call it the standard model. A great deal of progress on
reasoning, planning, and decision making, as well as perception and learning, has oc-
curred within the standard model. As discussed in section 111, these advances are likely to
lead within the next decade to new, practical capabilities of significant economic value.
In section IV, I discuss the possibility of what is variously called human-level Al,
general-purpose Al, or artificial general intelligence (AGI). Although we are far from
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achieving this goal, it is reasonable to suppose that eventual success would have eco-
nomic impacts so far-reaching as to be almost incalculable. At the same time, we cannot
ignore the social consequences of replacing humans in the vast majority of currently
valued economic roles. Anticipating and preparing for desirable socioeconomic ar-
rangements in this new era is an important task for economists, policy-makers, and a
wide range of academic disciplines.

Section V addresses a different consequence of progress in Al: the potential for loss
of control over increasingly capable Al systems. In 1951, Alan Turing spoke on the
BBC Third Programme as follows: ‘It seems probable that once the machine thinking
method had started, it would not take long to outstrip our feeble powers. . . . At some
stage therefore we should have to expect the machines to take control.” Unlike Turing,
I believe this fate is avoidable, but it means abandoning the standard model in favour of
one in which machines are necessarily beneficial rather than merely intelligent. This new
model has interesting similarities to the principal-agent models studied in economics
and draws on the tools of preference elicitation, game theory, and mechanism design.

Il. Intelligence as rationality and the standard model of Al

The central technical concept in Al is that of an agent—an entity that perceives and
acts (Russell and Norvig, 2020).! Cognitive faculties such as reasoning, planning, and
learning are in the service of acting. The concept can be applied to humans, robots, soft-
ware entities, corporations, nations, or thermostats. Al is concerned principally with
designing the internals of the agent: mapping from a stream of raw perceptual data to
a stream of actions. Designs for Al systems vary enormously depending on the nature
of the environment in which the system will operate, the nature of the perceptual and
motor connections between agent and environment, and the requirements of the task.

Al seeks agent designs that exhibit ‘intelligence’, but what does this mean? Aristotle
(in his Ethics) gave one answer: ‘We deliberate not about ends, but about means. . . . [We]
assume the end and consider how and by what means it is attained, and if it seems easily
and best produced thereby.” That is, an intelligent or rational action is one that can be
expected to achieve one’s objectives. This line of thinking has persisted to the present
day. Arnauld (1662) broadened Aristotle’s theory to include uncertainty in a quanti-
tative way, proposing that we should act to maximize the expected value of the out-
come. Daniel Bernoulli (1738) refined the notion of value, moving it from an external
quantity (typically money) to an internal quantity that he called utility. De Montmort
(1713) noted that in games (decision situations involving two or more agents) a ra-
tional agent might have to act randomly to avoid being second-guessed. Von Neumann
and Morgenstern (1944) tied all these ideas together into an axiomatic framework that
underlies much of modern economic theory.

As Al emerged in the 1940s and 1950s, it needed some notion of intelligence on
which to build the foundations of the field. Although some early research was aimed
more at emulating human cognition, the notion that won out was rationality: a machine
is intelligent to the extent that its actions can be expected to achieve its objectives. In the

I The word ‘agent’ in Al carries no connotation of acting on behalf of another.
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standard model, we aim to build machines of this kind; we define the objectives; and the
machine does the rest. There are several different ways in which the standard model can
be instantiated. For example, a problem-solving system for a deterministic environment
is given a cost function and a goal criterion and finds the least-cost action sequence
that leads to a goal state; a reinforcement learning system for a stochastic environment
is given a reward function and a discount factor and learns a policy that maximizes the
expected discounted sum of rewards.

This general approach is not unique to Al. Control theorists minimize cost func-
tions; operations researchers maximize rewards; statisticians minimize an expected loss
function; and economists, of course, maximize the utility of individuals, the welfare of
groups, or the profit of corporations.

lll. Capabilities and trends

Among the many myths about Al that circulate in the media, perhaps the most mis-
leading is the idea that Al is a new technology, sometimes called ‘deep learning’, that
emerged in the mid-2010s as a result of ‘breakthroughs’such as the victory of AlphaGo
over Lee Sedol, the former human Go world champion. In fact, the current capabil-
ities of AT systems derive from decades of research and development in a variety of
areas (of which deep learning is just one), building on centuries of work on formal
models of thinking and acting. What the media call ‘breakthroughs’—such as victories
by DeepBlue in chess, Watson in Jeopardy!, and AlphaGo in Go—are more properly
called ‘demonstrations’. In all three cases, these demonstrations showcased technology
derived from multiple research breakthroughs that occurred decades earlier.

Perhaps the oldest-established area of Al is that of combinatorial search, in which
algorithms consider many possible sequences of future actions or many possible con-
figurations of complex objects. Examples include route-finding algorithms for GPS
navigation, robot assembly planning, transportation scheduling, and protein design.
Closely related algorithms are used in game-playing systems. In all of these algorithms,
the key issue is efficient exploration to find good solutions quickly, despite the vast
search spaces inherent in combinatorial problems.

Beginning in around 1960, AI researchers and mathematical logicians developed
ways to represent logical assertions as data structures as well as algorithms for per-
forming logical inference with those assertions. Since that time, the technology of so-
called automated reasoning has advanced dramatically. For example, it is now routine
to verify the correctness of VLSI designs before production and the correctness of
software systems and cybersecurity protocols before deployment in high-stakes appli-
cations. The technology of logic programming (and related methods in database sys-
tems) makes it easy to specify and check the application of complex sets of logical
rules in areas such as insurance claims processing, data system maintenance, security
access control, tax calculations, and government benefit distribution. Special-purpose
reasoning systems designed to reason about actions can construct large-scale, provably
correct plans in areas such as logistics, construction, and manufacturing. The most
visible application of logic-based representation and reasoning is Google’s Knowledge
Graph, which, as of May 2020, holds 500 billion facts about 5 billion entities (Sullivan,
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2020) and is used to answer directly more than a third of all queries submitted to the
Google search engine.

Beginning in the 1980s, the AI community began to grapple with the uncertainty in-
herent in real-world observations and in knowledge acquired from humans or through
machine learning. Although some rule-based expert systems adopted ad hoc calculi
for representing and propagating uncertainty, probability theory became the dominant
tool, largely due to the development of Bayesian networks by Judea Pearl (1988) and
others. This led to the development of the first large-scale computational tools for prob-
abilistic reasoning and to substantial cross-fertilization between Al and other fields that
build on probability theory, including statistics, information theory, control theory, and
operations research. Bayesian networks and related methods have been used for model-
ling, diagnosis, monitoring, and prediction of a wide range of complex systems includ-
ing jet engines, Mars rovers, ecological networks, and intensive care patients. Causal
networks (Pearl, 2000; Pearl and Mackenzie, 2018), which extend Bayesian networks to
model the effects of exogenous interventions, have clarified and facilitated the analysis
of causal relationships in many empirical disciplines, especially in the social sciences.

The development of probabilistic programming languages or PPLs (Koller ez al., 1997,
Pfeffer, 2001; Milch et al., 2005; Goodman et al., 2008) provides a universal represen-
tation for probability models, meaning that any model representable in any formalism
can be represented efficiently in a PPL. Moreover, PPLs come with general-purpose
inference algorithms, so that (in principle, at least) no algorithm development or math-
ematical derivations are needed when applying probability theory to a new domain.
PPLs constitute one of the fastest-growing areas of Al and enable the rapid construc-
tion of enormously complex models. For example, the new monitoring system for the
Comprehensive Nuclear-Test-Ban Treaty began life as a PPL model that took only a
few minutes to write (Le Bras et al., 2020); while operating, it may dynamically con-
struct internal representations involving hundreds of thousands of random variables.

Alan Turing (1950) suggested that machine learning would be the most practical
way to create Al capabilitiecs. The most common paradigm is supervised learning,
wherein labelled examples are provided to a learning algorithm that outputs a pre-
dictive hypothesis with which to label unlabelled examples. Early developments in Al
and in statistics proceeded separately, but both fields produced useful tools for learning
low-dimensional models, with application to areas such as loan decisions, credit-card
fraud detection, and email spam filtering. For high-dimensional data such as images,
deep convolutional networks have proved to be effective (LeCun et al., 1989, 2015;
Krizhevsky et al., 2013). Deep learning has substantially advanced the state of the art
in visual object recognition, speech recognition, and machine translation, three of the
most important subfields of AI, as well as in protein folding, a key problem in mo-
lecular biology. Language models such as GPT-3—very large neural networks trained
to predict the next word in a sequence—show intriguing abilities to respond to ques-
tions in a semantically meaningful way. Recent work has shown, however, that deep
learning systems often fail to generalize robustly and are susceptible to spurious regu-
larities in the training data (Carter et al., 2020; D’Amour et al., 2020). Moreover, the
amount of training data required to achieve a given level of performance is far greater
than a human typically requires.

The algorithmic study of sequential decision-making under uncertainty began in
economics (Shapley, 1953) and operations research (Bellman, 1952, 1957). Algorithms
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developed in these fields typically handle only small problems with up to a million
states. In Al, the development of reinforcement learning (RL) has allowed much larger
problems to be addressed satisfactorily, including checkers with 102! positions (Samuel,
1959) and Go with 10'79 positions (Silver et al., 2016). RL algorithms learn by experi-
encing state transitions and their associated rewards while updating a representation of
the value of states (and possibly actions as well) or a direct representation of the de-
cision policy. Applications of RL range from bidding in advertising markets (Jin et al.,
2018) to improving the ability of robots to grasp previously unseen objects (Quillen
et al., 2018). As with supervised learning, applications of deep networks in RL may also
be quite fragile (Gleave et al., 2020).

With modest advances in perception and dexterity, we can expect to see robots moving
into a range of unstructured environments including roads, warchouses, agriculture,
mining, and warfare. We may see progress on language understanding comparable to
the progress on image understanding that occurred in the last decade, which would en-
able high-impact applications such as intelligent personal assistants and high-quality
intelligent tutoring systems. Search engines, rather than responding to keywords with
URLs, would respond to questions with answers based on reading and, to some degree,
understanding everything the human race has ever written. And text would be aug-
mented by satellite imagery, enabling computers to see every object (50cm or larger) on
Earth every day.

Although this view is far from universally shared, I think it is likely that in the coming
decade the pendulum will swing away from a reliance on end-to-end deep learning and
back towards systems composed from modular, semantically well-defined representa-
tions built on the mathematical foundations of logic and probability theory, with deep
learning playing a crucial role in connecting to raw perceptual data. (This approach
underlies, for example, Waymo’s industry-leading self-driving car project.) The rea-
sons for this prediction are complex, but include (i) the performance problems with
deep learning mentioned earlier; (ii) the advantages, in terms of rigor and transpar-
ency, of being able to analyse systems as possessing knowledge and reasoning with that
knowledge; (iii) the expressive limitations of circuit-based representations (including
deep learning systems) for capturing general knowledge; (iv) the essential role played
by prior knowledge in enabling a learning system to generalize robustly from small
numbers of examples; and (v) the enormous benefits of being able to improve the per-
formance of systems by supplying knowledge rather than training data. It is important
to understand that ‘modular, semantically well-defined representations’ are not neces-
sarily hand-engineered or inflexible: such representations can be learned from data, just
as the entire edifice of science itself is a modular, semantically well-defined representa-
tion that has (ultimately) been learned from data.

IV. Future developments and implications

The existing and projected advances described in the preceding section will undoubt-
edly lead to economically important applications in many areas, and many forecasters
see these developments as contributing significantly to economic growth over the next
decade. Yet this effect is likely to be small compared to that of truly general-purpose Al.
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General-purpose Al has been the long-term goal of the field since its inception. It
would be as flexible as human intelligence: given essentially any task that is feasible for
a human or collection of humans, it would quickly learn to perform the task as well as
or better than humans. It would also have massive speed, memory, and input bandwidth
advantages over humans. Its potential benefits would be far greater than those of a col-
lection of narrow, application-specific Al systems, just as supplying general-purpose
electrical power has had far more benefits than the varied and sometimes bizarre col-
lection of electrostatic phenomena and devices so ingeniously contrived by eighteenth-
century physicists. For this reason, the prospect of creating general-purpose Al is
driving massive investments and geopolitical rivalries.

We are far from achieving general-purpose Al.2 No amount of data or computing
power is going to change that. We need conceptual breakthroughs in a number of areas
including decision-making over long timescales and the cumulative use of knowledge in
learning. These breakthroughs are inherently unpredictable. In a 1977 interview, John
McCarthy, one of the ‘founding fathers’ of Al said, “What you want is 1.7 Einsteins and
0.3 of the Manhattan Project, and you want the Einsteins first. I believe it’ll take five
to 500 years’ (Shenker, 1977). This remains true today, although we have seen dramatic
progress since 1977 in many areas. The vast majority of Al researchers now believe that
general-purpose, human-level Al will arrive in this century (Grace et al., 2018).

It is important to understand, moreover, that most of the progress towards
general-purpose Al has occurred as a result of working on narrow, special-purpose
applications. This is because Al researchers working on such applications are typic-
ally developing not merely an ad hoc encoding of what an intelligent person would do
in such-and-such situation, but an attempt to provide the machine with the ability to
figure out the solution for itself. For example, when Yann LeCun’s team at AT&T Labs
worked on recognizing handwritten digits in the 1990s, they didn’t write special algo-
rithms to recognize ‘8’ by searching for curvy lines and loops; instead, they improved on
existing neural network learning algorithms to produce convolutional neural networks.
Those networks can also learn to recognize letters, shapes, stop signs, dogs, cats, police
cars, and desirable Go positions; in fact, they were the basis for the deep-learning revo-
lution of the 2010s.

The consequences of developing general-purpose Al technology are significant. One
can speculate about solving major open problems, such as extending human life indef-
initely or developing faster-than-light travel, but these staples of science fiction are not
yet the driving force for progress in Al. Consider, instead, a more prosaic goal: raising
the living standard of everyone on Earth, in a sustainable way, to a level that would be
viewed as quite respectable in a developed country. Choosing (somewhat arbitrarily)
respectable to mean the eighty-eighth percentile in the United States, the stated goal
represents almost a tenfold increase in global gross domestic product (GDP), from
$76 trillion to $750 trillion per year. The net present value of the increased income
stream is $13.5 quadrillion, assuming a discount factor of 5 per cent.? (The value is $9.4

2 There would be no single moment at which Al exceeds human intelligence. Al capabilities in different
branches of cognitive activity vary far more than those of humans, and in some branches they already exceed
human capacities by orders of magnitude. (For example, a search engine remembers very well and cannot
plan at all; a chess program plans very well and cannot remember at all.) By the time that Al systems exhibit
generality across all branches, direct comparisons to humans will be meaningless.

3 1. J. Good, who coined the phrase ‘intelligence explosion’, estimated the value of general-purpose Al at
one megaKeynes, equivalent to around $2,500 quadrillion in current dollars.
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quadrillion or $6.8 quadrillion if the technology is phased in over 10 or 20 years.) These
numbers are large relative to the amounts currently invested in Al research.

A tenfold increase in global GDP per capita took place over 190 years, from 1820
to 2010 (van Zanden, 2014). Achieving that tenfold increase required the develop-
ment of factories, machine tools, automation, railways, steel, cars, airplanes, electri-
city, oil and gas production, telephones, radio, television, computers, the Internet,
satellites, and many other revolutionary inventions. The tenfold increase in GDP pos-
ited above is predicated not on further revolutionary technologies but on the ability
of general-purpose Al systems to employ what we already have more effectively and
at greater scale. There would be no need to employ armies of specialists in different
disciplines, organized into hierarchies of contractors and subcontractors, in order to
carry out a project. All embodiments of general-purpose Al would have access to all
the knowledge and skills of the human race, and more besides. The only differenti-
ation would be in the physical capabilities: dexterous legged robots for construction
or surgery, wheeled robots for large-scale goods transportation, quadcopter robots for
aerial inspections, and so on. In principle—politics and economics aside*—everyone
could have at their disposal an entire organization composed of software agents and
physical robots, capable of designing and building bridges or (fully automated) fac-
tories, improving crop yields, cooking dinner for a hundred guests, running elections,
teaching a child to read, or doing whatever else needs doing. It is the generality of
general-purpose intelligence that makes this possible.

In this role as a universal producer of goods and services, general-purpose Al
will have an effect on the global economy that is quite different from that of other
general-purpose technologies such as electrical power. With the possible exceptions of
heat and light, electrical power did not directly meet human needs, but it did improve
many existing supply chains for meeting human needs and it helped bring new supply
chains into existence (such as those based on computation). General-purpose Al also
has these characteristics—for example, as a tool that can improve the quality and speed
of scientific research, the allocation of scarce resources, and the coordination of human
activities.

The advent of general-purpose Al will inevitably cause far-reaching changes in the
organization and productivity of our economic systems, but it will also affect humans’
roles therein. Aristotle, in Book I of his Politics, first described what Keynes (1930) later
called technological unemployment:

For if every instrument could accomplish its own work, obeying or anticipating
the will of others . . . if, in like manner, the shuttle would weave and the plectrum
touch the lyre without a hand to guide them, chief workmen would not want
servants, nor masters slaves.

In the last decade, thousands of media articles and opinion pieces and many books have
been written on this topic (e.g. Ford, 2015; Chace, 2016; Brynjolfsson and McAfee, 2016;

4 The political and economic difficulties should not, of course, be underestimated. Corporations, elites,
or countries may attempt to hoard general-purpose Al technology and its benefits, and under some circum-
stances economic incentives may operate to retard the dissemination of Al-based goods and services (Aghion
et al., 2017). One can also expect finite resources such as land, human attention, and perhaps raw materials
to become relatively more expensive.
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Agrawal et al., 2019). Others well-known economists sounding the alarm include Robert
Shiller, Michael Spence, Paul Krugman, Klaus Schwab, and Larry Summers. Research
centres are springing up all over the world to understand what is likely to happen. Will
new jobs arise to replace all those done by the machines, or will machines do the new jobs
too? Put another way: when a machine replaces one’s physical labour, one can sell mental
labour. When a machine replaces one’s mental labour, what does one have left to sell?

Bessen (2019) posits a simple quantitative model whereby increased productivity
through automation initially reduce prices, raises demand, and increases employment in
a given industry. Eventually, demand saturates and further technological advances lead
to reduced employment. Over time, the employment numbers describe an ‘inverted-U’
curve. (See also Russell (2019, pp. 113-24).) Bessen provides such curves for several
industries in the twentieth century and makes the obvious point that the effect of a
technological advance on employment depends on which side of the curve that industry
is on at the time. With general-purpose Al, every industry will move quickly to the
downhill side of the inverted U.

One possible response is the provision of a universal basic income (UBI). Perhaps sur-
prisingly, UBI has support across the political spectrum, ranging from the Adam Smith
Institute (Bowman, 2013) to the Green Party (Bartley, 2017). Among Voltaire’s three
great evils, UBI addresses ‘need’ but not ‘boredom’ and ‘vice’. Future economic roles
for humans will be ones in which we simply prefer to have humans, or where humans
have an intrinsic competitive advantage because the similarity of our nervous systems
and cognitive architectures enables us to know what it’s like for another human to have
a given experience. Such roles are likely to be in interpersonal services to individuals.

At present, most such roles—such as childcare—are low-status and poorly remuner-
ated. This is not because we do not value children, but because we lack the necessary
science base and professional training curricula to deliver childcare that is highly bene-
ficial and therefore of high economic value. (Compare childcare with, for example, car-
diac care.) The same is true for essentially all avenues by which one person can improve
the life of another by direct interaction. The required level of scientific understanding
of human psychology and human life may take decades to create.

V. Failure of the standard model and a possible
replacement

As described in section 11, the standard model of Al (and related disciplines) is a pillar
of twentieth-century technology. Unfortunately, this standard model is a mistake. Once
Al systems move out of the laboratory (or artificially defined environments such as
the simulated Go board) and into the real world, there is very little chance that we can
specify our objectives completely and correctly in such a way that the pursuit of those
objectives by more capable machines is guaranteed to result in beneficial outcomes for
humans. Indeed, we may lose control altogether, as noted by Turing in his 1951 lecture,
as machines take pre-emptive steps to ensure that the stated objective is achieved.® This

5 Hillis (2019), among others, has drawn the analogy between uncontrollable Al systems and uncon-
trollable economic actors—such as fossil-fuel corporations maximizing profit at the expense of humanity’s
future. Machine learning algorithms performing content selection on social media platforms may be the most
significant illustration so far of the risks posed by Al systems pursuing incorrectly defined objectives; indeed,
such algorithms optimize their reward functions by manipulating humans to make them more predictable in
their clicking behaviour (Groth er al., 2019).

120Z Jaquiaoa( || uo Jesn Ausiaaiun uenjodosa|y Ja1sayouey Aq €/9%/£9/60S/€/.E/elonie/daixo/wod dno olwapeoe//:sdny wodj papeojumoq



The history and future of Al 517

is why, when a genie has granted three wishes, the third wish is always to undo the first
two wishes.

The mistake comes from transferring a perfectly reasonable definition of intelligence
from humans to machines. The definition is reasonable for humans because we are entitled
to pursue our own objectives. (Indeed, whose would we pursue, if not our own?) Machines,
on the other hand, are not entitled to pursue their own objectives. A more sensible defin-
ition of AI would have machines pursuing our objectives. In the unlikely event that we can
specify the objectives completely and correctly and insert them into the machine, then we
can recover the standard model as a special case. If not, then the machine will necessarily
be uncertain as to our objectives, while being obliged to pursue them on our behalf. This
uncertainty—with the coupling between machines and humans that it entails—is crucial
to building Al systems of arbitrary intelligence that are provably beneficial to humans.

In the 1980s the Al community abandoned the idea that Al systems could have def-
inite knowledge of the state of the world or of the effects of actions, and it embraced
uncertainty in these aspects of the problem statement. It is not at all clear why, for the
most part, the community failed to notice that there must also be uncertainty in the
objective. Although some Al problems, such as puzzle solving, have inherently well-
defined goals, many other problems that were considered at the time, such as recom-
mending medical treatments, have no precise objectives and ought to reflect the fact
that the relevant preferences (of patients, relatives, doctors, insurers, hospital systems,
taxpayers, etc.) are not known initially in each case. While it is true that unresolvable
uncertainty over objectives can be integrated out of any decision problem, leaving an
equivalent decision problem with a definite (average) objective, this transformation is
invalid when there is the possibility of additional evidence regarding the true object-
ives. Thus, one may characterize the primary difference between the standard and new
models of Al through the flow of preference information from humans to machines at
‘run-time’. This flow comes from evidence provided by human behaviour.

This basic idea is made more precise in the framework of assistance games—ori-
ginally known as cooperative inverse reinforcement learning (CIRL) games in the ter-
minology of Hadfield-Menell er al. (2017a). The simplest case of an assistance game
involves two agents, one human and the other a robot. It is a game of partial informa-
tion, because, while the human knows the reward function, the robot does not——even
though the robot’s job is to maximize it. In a Bayesian formulation, the robot begins
with a prior probability distribution over the human reward function and updates it
as the robot and human interact during the game. Assistance games can be general-
ized to allow for imperfectly rational humans (Hadfield-Menell ez al., 2017b), humans
who don’t know their own preferences (Chan et al., 2019), multiple human participants
(Fickinger ef al., 2020), multiple robots, and so on.

Assistance games are connected to inverse reinforcement learning or IRL (Russell,
1998; Ng and Russell, 2000) because the robot can learn more about human preferences
from the observation of human behaviour——a process that is the dual of reinforcement
learning, wherein behaviour is learned from rewards and punishments. The primary dif-
ference is that in the assistance game, unlike the IRL framework, the human’s actions
are affected by the robot’s presence—for example, the human may try to teach the robot
about his or her preferences.

The overall approach also resembles principal-agent problems in economics, wherein
the principal (e.g. an employer) needs to incentivize another agent (e.g. an employee) to
behave in ways beneficial to the principal. The key difference here is that, unlike a human
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employee, the robot has no interests of its own. Furthermore, we are building one of the
agents in order to benefit the other, so the appropriate solution concepts may differ.

Within the framework of assistance games, a number of basic results can be estab-
lished that are relevant to Turing’s problem of control.

— Under certain assumptions about the support and bias of the robot’s prior
over human rewards, one can show that a robot solving an assistance game has
non-negative value to humans (Hadfield-Menell ez al., 2017a).

— A robot that is uncertain about the human’s preferences has a non-negative
incentive to allow itself to be switched off (Hadfield-Menell et al., 2017b). In
general, it will defer to human control actions.

— To avoid changing attributes of the world whose value is unknown, the robot
will generally engage in ‘minimally invasive’ behaviour to benefit the human
(Shah et al., 2019). Even when it knows nothing at all about human prefer-
ences, it will still take ‘empowering’ actions that expand the set of actions avail-
able to the human.

There are too many open research problems in the new model of Al to list them all here.
The one most directly relevant to economics and public policy is the question of social
aggregation: how should a machine make decisions when its actions affect the interests
of more than one human being? Obviously, this question is central to moral philosophy
and the social sciences. Issues include the preferences of evil individuals (Harsanyi,
1977); relative preferences and positional goods (Veblen, 1899; Hirsch, 1977); and inter-
personal comparison of preferences (Nozick, 1974; Sen, 1999). Also of great import-
ance is the plasticity of human preferences, which brings up both the philosophical
problem of how to decide on behalf of a human whose preferences change over time
(Pettigrew, 2020) and the practical problem of how to ensure that Al systems are not
incentivized to change human preferences in order to make them easier to satisfy.

Assuming that the theoretical and algorithmic foundations of the new model for
Al can be completed and then instantiated in the form of useful systems such as per-
sonal digital assistants or household robots, it will be necessary to create a technical
consensus around a set of design templates for provably beneficial Al, so that policy-
makers have some concrete guidance on what sorts of regulations might make sense.
The economic incentives would tend to support the installation of rigorous standards
at the early stages of Al development, because failures would be damaging to entire in-
dustries, not just to the perpetrator and victim.

The question of enforcing policies for beneficial Al is more problematic, given our
lack of success in containing malware. In Samuel Butler’s Erewhon and in Frank
Herbert’s Dune, the solution is to ban all intelligent machines, as a matter of both
law and cultural imperative. Perhaps if we find institutional solutions to the malware
problem, we will be able to devise some less drastic approach for Al
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