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1. MOTIVATION AND STATE OF THE ART 
The first Asilomar principle states: “the goal of AI research should be to create not undirected intelligence, 
but beneficial intelligence”. Artificial general intelligence (AGI), however, is specifically characterised by 
its generality, which would allow AGI systems to be applied to a wide range of applications and display a 
variety of behaviours. Consequently, it seems that the greater the generality of a system, the more difficult 
it will be to direct its behaviour. Unfortunately, we lack proper tools to understand the relation between 
the generality of a system, its capacity, and the resources it uses, to the question of how these factors affect 
its control, potential and predictability and, accordingly, several safety issues.  
To develop these tools, we must contemplate the forms that AGI could take under different paradigms 
in the first place. AI agents can be designed, trained and conditioned in many different ways. The design 
includes the architecture, principles and knowledge the system has initially, the training involves the way 
the system learns or is taught, with the information provided, and the conditioning involves the way 
feedback or motivation is used to steer or align the behaviour of the system. 
One simple paradigm is an oracle AI. Despite originating in the early days of computer science, it is still 
the common model for supervised models, which underlie many decision-making systems in a myriad of 
applications. A system only taking questions and producing answers could make mistakes, be unreliable 
or replicate an unfair bias. But, on top of this, it has been hypothesised that a powerful future oracle might 
potentially be very harmful by manipulating humans, interpreting questions in unintended ways, or trying 
to escape constraints placed on it (Armstrong et al. 2012, Armstrong 2017).  
The most common paradigm for autonomous systems nowadays is reinforcement learning (Sutton and 
Barto 1998), for which numerous issues and solutions have been analysed; these include corrupted rewards, 
interruptibility, and side effects, among others. This paradigm has many variants, some of them motivated 
by research in AI safety, such as inverse reinforcement learning (Ng and Russell 2000), learning from 
preferences (Christiano et al. 2017) or the recent inverse reward design paradigm (Hadfield-Menell et al. 
2017).  
There are settings with very different kinds of feedback to condition an AI system, such as adversarial 
settings, in the form of GANs, or “Turing learning” (Groß et al. 2017). Instead of correct answers or 
rewards, a system can be given the right behaviours, such as in learning by demonstration or imitation 
learning (Schaal 1999, Ho and Ermon 2016), and learning by human control or traces (Schaul et al. 2015). 
Other paradigms minimise or eliminate the reliance on external rewards or even feedback, such as 
knowledge seeking agents (Orseau et al. 2013) or intrinsic motivation (Bellemare et al. 2016). 
Some of these paradigms have been used to develop top-down theories of what inductive inference or even 
artificial (general) intelligence should be. We have Solomonoff prediction in the first place, which is 
sequential (and hence under the oracle paradigm, Solomonoff 1964). But we also have interactive 
extensions (Hernandez-Orallo 2000b) or its adaptation to a reinforcement learning setting (Hutter 2005, 
Aslanides et al. 2017). In all of these cases, the agent is separated from the environment, and some safety 
issues may not appear compared to the case where the agent is part of the environment —a paradigm 
known as naturalised induction (Soares 2014, Soares and Fallenstein 2017). Some of these paradigms have 
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to be reanalysed to consider resource-bounded systems or AI systems that are subject to other real-world 
constraints, and to bridge the gap between the short and the long-term scenarios.  
Metalearning, transfer learning, curriculum learning, incremental learning, machine teaching (Zhu 2015), 
etc, could also be considered to be potential key components of an AGI model, and could be combined 
with other paradigms, especially during the training stage. For instance, machine teaching can be combined 
with Solomonoff induction (Hernández-Orallo and Telle 2018), or planning with gradient descent (Srinivas 
et al. 2018). Also, the paradigms can be affected by the underlying technologies, with deep learning being 
a whole ecosystem of techniques. It may be that some of these current techniques could lead to powerful 
AGI systems without additional major breakthroughs and insights (Christiano 2016); it may also be that 
these techniques lead to powerful future systems that nonetheless lack some abilities required for them to 
be AGI under particular definitions. 
There are additional issues to explore in multi-agent scenarios. If several agents share the same 
environment, even using the same paradigm, the emergent interactions may result in new safety issues or 
invalidate the results for the single agent case (Hadfield-Menell et al. 2016, Guerraou et al. 2017). 
Conversely, the distribution of multiple agents may make the system more robust (Christiano 2018). A 
particular case is AI on demand or cognition as a service (Spohrer et al. 2015), where a platform provides 
a wide range of services. In some cases, the particular agents are not allowed to learn or keep memory 
between services, but in other cases they can learn at the backstage in a more controlled way.  
For each and all of these paradigms and combinations, many properties can be analysed, such as efficiency 
or convergence. In this project we are interested in the analysis of the risks of AGI, covering five 
previously identified safety areas —“side effects”, “goal hacking”, “oversight”, “exploration” and 
“distributional shift” (Amodei et al. 2016)—, but also including the malicious use of AI (Brundage & Avin 
et al. 2018), where the goal is misuse in the first place. We aim to cover the whole landscape of AI Safety 
(Mallah 2017, Everitt et al. 2018).  
However, from the previous literature review, it is clear that the paradigms are becoming more complex 
and more hybrid. As a result, the theoretical results (and especially positive  theoretical results) are rare; 
each flaw requires a patch, which in turn creates new issues, in aeternum (Hibbard 2014). Also, if we 
consider Turing-complete systems, we face Rice’s Theorem: no interesting property, including safety 
statements, can be determined for all possible situations. Partly because of this, empirical research has 
begun to take a more prominent role, with the introduction of AI Safety Benchmarks (Leike et al. 2017) 
mimicking the proliferation of benchmarks and the relevance of evaluation in AI (Castelvecchi 2016, 
Hernández-Orallo 2017a, 2017b, Hernández-Orallo et al. 2017). Either theoretically or empirically, instead 
of analysing each issue for each particular paradigm, we are interested in some criteria that allow us to 
look at the landscape in a more comprehensive, gradual and accessible way.  
There are not many encompassing criteria in this direction. Three remarkable exceptions exist. The first 
one is the general view of value alignment (Russell et al. 2015), which is prominent in the agenda of AI 
safety, and triggers the discussion of the trade-off between pristine ethical principles and a more pragmatic 
view of what the good values are, relative to a social or historical moment. The second overarching 
criterion is a measurement of impact, quantifying those agents with low or high impact (Armstrong & 
Levinstein 2017). Again, we see the emergence of trade-offs, as low-impact AI may limit the magnitude 
of beneficial impacts. The third criterion is autonomy, which is usually understood in terms of 
independence, or taken for granted, rather than seen gradually according to the levels of supervision for a 
task that is required for an AI system to perform safely (Alexander et al. 2018). 
There are two other criteria that have not been applied systematically to the issues of AI safety and the 
risks of AGI in particular: they are the capability of the system and its generality. It is true that for some 
paradigms the issues can appear independently of their capability and generality, because of the nature of 
a framework. For instance, even a simple reinforcement learning agent can potentially end up resisting 
being disconnected (Soares et al. 2015, Orseau and Armstrong 2016), but these situations may be more or 
less likely depending on these two dimensions. As we will argue below, these two criteria are probably the 
most relevant dimensions for the analysis of intelligence, and hence AGI. However, despite their 
importance, we lack good metrics of capability, and the situation is even worse for generality. It is even 
unclear whether generality is defined by a diversity of capabilities and tasks, or whether it is defined by a 
diversity of goals. Would hypotheses like ‘basic AI drives’ (Omohundro 2008) and the orthogonality thesis 
(Bostrom 2012) hold for systems with different levels of capability and generality, and developed under 
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different research paradigms? With proper metrics and understanding, we could reframe the agenda of AGI 
safety as a function of both capability and generality. 
In summary, for all these paradigms, once several safety issues are categorised as possible, we need a 
more fine-grained assessment of their plausibility, in terms of generality (range of tasks and abilities 
covered by the systems) and capability (the performance profile for each of them). In other words, as AI 
systems become more general and more capable, it is reasonable to think that safety problems will be 
amplified and new challenges will emerge, as a function of these two dimensions. 
Let us first look at capability. From an anthropocentric point of view, if the capability of a system starts 
resembling that of a human, we may expect all the dangerous situations humans can create, either by 
accident or maliciously. Second, a specific problem of AGI is the possibility of superintelligence (Bostrom 
2017), especially if it creates a huge gap beyond human capabilities, or may even lead to phenomena such 
as an intelligent explosion (Good 1966), the singularity (Kurzweil 2010) and related forecasts (Armstrong 
et al. 2014). 
However, there is still very poor understanding of how to measure the capability of a system and, 
especially, how to link this capability, or maximum performance, to the required resources. This can 
be done at a very theoretical level (Sotala, K. 2017, Turchin 2018), even linking it to physics and energy 
(Hernandez-Orallo 2018). But it can be seen more pragmatically as the ratio between performance of 
particular techniques such as deep learning, and the cost or consumption of their implementation on several 
computer architectures, such as FPGA, ASIC, CPU or GPU (Reagen et al. 2017, Hwang 2018, Amodei 
and Hernandez 2018). Other more neglected resources (Martínez-Plumed et al. 2018b) can be identified 
when the ultimate goal is performance for a single task. In these cases, the representativeness of the 
problem, as well as the replicability of results (or the cost to apply to other situations) is compromised 
because of an overly strong focus on task performance. This is also related to Goodhart’s law and some of 
the safety problems an overemphasis on a metric can cause (Manheim and Garrabrant 2018).  
In the context of AGI, analysis has also been done of “capability amplification”, suggesting that in some 
circumstances increased capability may represent a solution rather than a problem from a safety 
perspective. Under some conditions, “ a policy that ‘wants’ to be aligned, in some sense  — allowing it to 
think longer—  may make it both smarter and more aligned” (Christiano 2017). Indeed, in modern-day 
systems a lack of capability is rarely seen as a potential risk, but the use of insufficiently capable systems 
for complex situations may lead to problems. Incompetent systems are dangerous. All this suggests a 
possible non-monotonic relation between capability and risks, which warrants more systematic 
investigation.  
Capability alone, as a monolithic concept, may fall short in providing a characterisation or modulation of 
risks. The generality of the system and how adaptable it is for a range of situations is not only intrinsic to 
learning (and hence intelligence) but has been a dimension of analysis from the early days of AI to the 
present day (Martínez-Plumed et al. 2018a). This draws upon similar previous debates around the concept 
of general intelligence in humans (Spearman 1927, Jensen 1998, Detterman 2002) and other animals 
(Burkart et al. 2017). Generality was already a pivotal issue for the early general problem solver (Newell 
1959), a research programme that was abandoned for other narrower, but more successful, systems. 
Nonetheless, general intelligence returned as a central concept for the field by the time of McCarthy’s 
Turing Award speech on “generality in AI” (McCarthy 1989) and more recently under the term Artificial 
General Intelligence (Adams et al. 2012).  
AGI is frequently understood as Human-Level Machine Intelligence (HLMI) or Human-Level AI (HLAI), 
(e.g., Besold and Schmid 2016), defined as 'AI as good or better than humans at all cognitive tasks'. 
However, this definition does not clarify what human-level intelligence is, what level of generality it shows 
and how tasks or humans are selected. Variants such as High-Level Machine Intelligence (keeping the 
acronym, HLMI) still include “human” in their definition (Müller and Bostrom 2016, Grace et al. 2017). 
Alternatively, a less anthropocentric perspective of AGI that we pursue in this project may deviate from 
HLAI in several ways, such as being very general but less capable than humans, or covering some tasks 
that humans cannot cover. 
The relevance of generality for safety in AI has been recognised more recently. For instance, Krakovna 
(2018) puts it this way: “For many narrow systems and narrow applications where you can sort of foresee 
all the ways in which things can go wrong, and just penalize all those ways or build a reward function that 
avoids all of those failure modes, then there isn’t so much need to find a general solution to these problems. 
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While as we get closer to general intelligence, there will be more need for more principled and more 
general approaches to these problems”.  
Limiting generality (or trading it against capability or resources) seems currently unattainable as a 
governance tool. Firstly, there is a strong economic pressure towards more general systems as they may 
eventually become cheaper and more broadly applicable than specialised systems requiring lengthy 
development, especially in the context of automations and jobs (Frey and Osborne 2017, Nedelkoska and 
Quintini 2018, Fernández et al. 2018). Secondly, it is unclear where and how to put a limit on generality. 
Generality as a concept is difficult to define. For instance, under the oracle or cognitive services paradigms, 
we may consider a general personal assistant. But are we referring to a wide repertoire of pre-defined tasks 
and services, or do we mean a system that can be trained to do any task? Can subgoals be general even 
with a very restrictive main goal? And, in a social context, can we understand generality as capturing the 
beliefs, desires and intentions (or values) of a wide range of other users (minds), or just those that are 
similar to the modelling agent? (Rabinowitz 2018).  
A further problem is that generality is usually conflated with the very concept of intelligence or 
capability. For instance, AGI, as a term, is sometimes used as synonym for human-level machine 
intelligence or even superintelligence. This conflation has been reinforced by notions of intelligence as 
good performance on all cognitive tasks, or all tasks humans can do, leading to different interpretations. 
For instance, universal intelligence (Legg and Hutter 2007) is a very elegant formulation of a notion of 
intelligence covering all computable tasks in an interactive setting, and as an alternative to the assumptions 
of the no-free-lunch theorems (Wolpert & MacReady 1997). The formal definition is usually (mis-
)interpreted as performance in a wide range of environments, despite its subjectivity (Hibbard 2009, 
Hernández-Orallo and Dowe 2010, Leike & Hutter 2015, Hernandez-Orallo 2017a). Indeed, given limited 
resources (compute, time), a system will only be able to cover a small subset of all possible tasks. As a 
result, even under these frameworks, any system would be specialised. How can we think of a metric of 
generality, different from capability, that is consistent and meaningful for resource-bounded agents?  

2. HYPOTHESES AND GOALS 
One important hypothesis of this project is the possibility of decoupling generality from capability for 
all the AGI paradigms. For instance, if we look at the variance of results —more variance, less 
generality— and aggregated scores of a set of systems on a range of tasks, we see quite a constrained 
picture (Figure 1, left), where variance and score are strongly correlated. In the end, the reciprocal of 
variance may not be a good measure of generality. However, there is an important source of evidence 
where generality can be seen in a different way and can be decoupled from capability. This is item response 
theory, IRT (Embretson and Reise 2000), which is also being applied to machine learning and AI 
(Martínez-Plumed et al. 2016). IRT extracts latent factors that are able to explain the behaviour of tasks 
(items) and agents (persons). Person characteristic curves show accomplishment vs. difficulty, in the form 
of sigmoid curves, where the location could be seen as the capability and the slope of the curve could be 
seen as the generality (higher slope, higher generality, see Figure 1, right). 
 

  
Figure 1. Left: Variance vs. average normalised score for twenty AI techniques studied for the ALE benchmark (Atari games). 
The dashed grey curve is the variance of a Bernoulli distribution (the worst case). Right: an agent characteristic curve, with 

resources (hardness or difficulty) shown on the x-axis and accomplishment on the y-axis. Data from (Hernandez-Orallo 2000).  
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Looking at Figure 1 (right) we see that covering all tasks is impossible for a system with limited resources: 
very difficult tasks are unattainable. Consequently, it seems more efficient if a general system focuses on 
all the easy problems first, before using resources or architecture for the more complex ones. This is 
especially the case if the system is going to be deployed on situations where we do not know the a priori 
distributions of the tasks. In other words, we can see generality as covering a wide range of tasks up to a 
given level of difficulty or resources.  
Another hypothesis is that both generality and capability can be used to find trade-offs, by analysing 
the enhancement of capability and generality as a function of required resources. We have to consider 
that, in the first place, decoupling generality and capability does not mean that they may be independent 
for particular AGI systems. A pressure to achieve simple tasks could lead to some correlations with 
capability. For instance, as we can see in Figure 2, a cognitive enhancement for a system increases its 
capability more efficiently if it focuses on easy tasks.  

 
Figure 2. Two agent characteristic curves (with resources on the x-axis and accomplishment on the y-axis) with a domain-

general (vertical violet rectangle) or a domain-specific (horizontal orange rectangle) cognitive enhancement. Left: both 
rectangles cover the same area (and capability). Right: both rectangles imply the same effort in resources, but the specific one 

(orange rectangle) now has a smaller area, and hence less increase in capability than the general one (violet rectangle).  

What these plots help show more explicitly is the relation between capability, generality and resources. 
This can be exploited for safety issues, especially for the analysis of self-improvement, superintelligence 
and growth, in terms of different curve shapes. 
Finally, a third hypothesis is that using resources (or difficulty) as a base for deriving capability and 
generality metrics leads to a meaningful notion of intelligence that can be applicable to all 
paradigms, especially in experimental settings when considering a range of tasks. This is illustrated in 
Figure 3 (bottom), where we can consider all possible tasks with a uniform distribution of difficulties, 
leading to a way of considering all possible tasks that does not fall into many of the problems of other 
formalisms, including the no-free-lunch theorems.  

 
Figure 3. Top: the probability of a task (µ) derives (inversely) from the complexity of its description. If a universal distribution is 
used for this, this becomes Legg and Hutter’s universal intelligence (2017). Note that the description of a task does not say much 

about the difficulty (h) of the solution policy (π), especially in interactive environments, Middle: we start with a distribution of 
difficulties (h), and tasks are conditional to that difficulty (Hernandez-Orallo 2000). Bottom: starting with difficulties then we 

derive policies (π) of that difficulty. Finally, tasks are conditional to the policy (Hernandez-Orallo 2017a).  

The explicit connection with resources (h) as a starting point suggests that if risks can be quantified and 
controlled by a proper modulation of resources for capability and generality, we could derive new tools for 
AI governance, by exploring ways of tracking computing power and avoiding concentrations. 
Given these considerations, we formulate the following main goals of the project: 
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1. Catalogue the paradigms of AGI, according to the principles the system is based on, the way its 
behaviour is conditioned and how learning takes place, and map the risks (safety issues and 
malicious use) over these paradigms. 

2. Derive metrics of generality and capability that can be used comprehensively and effectively 
over multiple paradigms, and link these measures with resources, in the context of capability 
amplification, self-improvement and intelligence growth. 

3. Identify more detailed desirable intelligence profiles, and connect with the generality and 
capability metrics, in the context of disruptions related to automation and oversight (replacement 
risks), as well as mind modelling and cognitive diversity (domination risks). 

4. Propose solutions for some of these paradigms, according to trade-offs and limitations (of 
generality, capability or resources, autonomy, differences or diversity in mind-modelling capacity) 
that minimise the risks. 

The project will deliver white papers and survey papers for the use by the AI safety community, but will 
also promote new research questions through technical papers and workshops at major conferences. 
Dissemination to the research community, policymakers and the public will be leveraged by CSER and 
CFI’s excellent global outreach networks. 
 
Work packages: 
WP1: Management. Goals: Overall coordination of the project, its internal synergy, its monitoring and 
accountability, human resources and formal arrangements, reporting, risk assessment and validation. 
WP2: Outreach. Goals: Manage the external relations of the project, its dissemination and publicity, the 
engagement of the community and the creation of public events and organisations. 
WP3: Generality. Goals: Derive conceptions and measures of generality and capability that can be used 
for the evaluation of AI systems, and are compatible with natural systems.   
WP4: Paradigms and Risks. Goals: Produce a taxonomy of paradigms in AGI, and a comprehensive 
mapping from these paradigms to the risks of AI, following FLI’s AI safety landscape (Mallah 2017) and 
other surveys. 
WP5: Resources and growth. Goals: Create a list of criteria in which resources are linked to the growth 
of generality and capability, in order to reframe intelligence growth, augmentation and superintelligence 
accordingly. 
WP6: Safe landmarks. Goals: Locate those combinations of paradigms, levels and trade-offs of 
generality and capability that are safer, individually and collectively. 
SP7: Replacement risks. Goals: Determine when a system A can replace a system B, according to the 
capability and generality of both systems, and what risks this may imply, especially in the workplace. 
SP8: Domination risks. Goals: Determine when a system A can dominate a system B, according to their 
capability and generality, and the implied risks, especially in social environments and in terms of agent 
diversity. 

3. VISION AND LONG-TERM-IMPACTS 
This project presents a new perspective on the potential risks of artificial general intelligence in a more 
comprehensive, analytical and rigorous way, at both the theoretical and empirical levels, by clearly 
delineating the paradigm of the agent, and the metrics of capability and generality. This will have a short-
term impact on research agendas during and immediately after the end of the project.  
Ultimately, the main vision is to analyse risks in terms of more abstract criteria, such as generality and 
capability, as an alternative or complementary conceptual framework to autonomy, alignment and impact, 
instead of endless combinations of particular paradigms and categories of risks.  
In practical terms, the project will influence the assessment of the three main areas of risks: safety (how 
and when the system may go wrong), misuse (security; and how the system may be used for malicious 
purposes) and competition (do resources linked to growth in capability and generality equalise or 
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destabilise competition between actors). We aim to break the analytical schism between short-term 
and long-term risks, and see a gradation in the paradigms from specialised AI to AGI. 
As long-term impacts, we enumerate the following: 
● A more comprehensive, and non-anthropocentric, characterisation of the forms that AGI 

could take, and how to conceptualise it according to new metrics of capability and generality. This 
is foundational and will thus have implications on all AGI research, especially around safety issues. 

● A taxonomy of paradigms in research aimed at achieving AGI, covering many different paths 
towards general intelligence, which can bridge the communities in AI and safety, and render a 
better way of structuring and connecting research in AGI safety, as more capable and general 
systems are developed. 

● A series of benchmarks, metrics and tools, including tests and software, for AI safety research, 
which will allow researchers to include the metrics of generality and capability, versus 
resources, in their algorithms and optimise accordingly.  

● A different, less monolithic, view of augmentation, self-improvement and superintelligence, in 
height and breadth, which can move the debate forward from simplistic views of exponential 
explosion and the singularity (e.g., European Parliament, Bentley 2018).  

● A different view on the future of work, in a the context of replacement risks. Instead of probabilities 
per profession, we will analyse how cognitive profiles affect the whole labour market and what 
professional profiles are ranked with highest risks if automated. (spin-off contribution) 

● A grounded connection between domination and risks, clarifying when a system can dominate 
another system or a group of diverse individuals, and its connections with social intelligence, 
manipulation and diversity (spin-off contribution).  

In order to maintain the generation of research, career development and exploitation of the human assets 
and synergies of the project once finished, we have devised two stretch packages to be converted into spin-
off projects. We also plan more ambitious projects (e.g., ERC projects in Europe) and the consolidation of 
the workshops as a periodic event. AGI safety is extremely clustered, mostly concentrated in the USA (as 
seen in Baum 2017, Fig. ESI). This project will aim to increase the diversity (in terms of people and 
approaches) of the ecosystem of AGI research and associated risks, especially through the connections of 
CSER and CFI, and the European Commission (HumaInt). 
Overall, this project will contribute new concepts to AGI and safety, and more powerful tools for the AI 
research and governance communities, which will be technically rigorous yet intelligible and beneficial 
for society.  
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