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Abstract: For more than seven decades, the dominant ambition of computing research has been 

artificial intelligence (AI): machines that perform tasks which ordinarily require human 

intelligence. The rapid progress of deep learning, transformer-based foundation models and 

large-scale reinforcement learning since 2012 has moved that ambition from laboratory curiosity 

to everyday infrastructure. This paper argues that the next technological turn of events is not 

"more AI" in the incremental sense, but the possible emergence of superintelligence (ASI): 

systems whose cognitive performance greatly exceeds that of the best human minds across 

virtually all domains of interest. Using an integrative literature review of peer-reviewed 

scholarship, expert surveys, technical reports and policy instruments published between 1950 and 

2025, the paper (i) clarifies the conceptual distinction between narrow AI, artificial general 

intelligence (AGI) and superintelligence; (ii) traces the intellectual history of the idea from 

Turing and Good to contemporary scaling research; (iii) analyses six plausible pathways to 

superintelligence, namely compute and data scaling, algorithmic and architectural innovation, 

recursive self-improvement, whole brain emulation, biological and neural-interface enhancement, 

and networked collective intelligence; (iv) evaluates the evidence and counter-evidence on 

timelines and "takeoff" speeds; (v) maps the transformative opportunities and the systemic and 

existential risks; and (vi) reviews emerging governance responses at global, continental and 

national levels, with particular attention to Africa and Nigeria. The review finds that 

superintelligence differs from present-day AI not merely in degree but in kind: it shifts the 

central problem from building capable tools to aligning and governing autonomous agents more 

capable than their designers. The paper proposes a Superintelligence Readiness and Governance 

Framework (SRGF) built on five interlocking layers: foundational capacity, technical alignment 

and safety, institutional governance, socio-economic transition, and international coordination. It 

concludes with recommendations for researchers, policymakers, industry and developing 

economies, and identifies priority areas for future research.  
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1. INTRODUCTION 

1.1 Background  

Every major era of human development has been defined by 

a technology that extended a particular human capacity. The 

steam engine extended muscle; electrification extended the 

reach of energy; the computer and the internet extended 

memory and communication. Artificial intelligence, in its 

current form, extends specific cognitive functions such as 

pattern recognition, prediction, translation and the 

generation of text, images and code (Russell & Norvig, 

2021). The scale of this extension has been dramatic. 

Between 2012 and 2025, deep neural networks went from 

struggling to label photographs to defeating world 

champions at Go (Silver et al., 2016), predicting the three-

dimensional structure of proteins with near-experimental 

accuracy (Jumper et al., 2021), and producing fluent 

language across a wide range of professional tasks (Brown 

et al., 2020; Bubeck et al., 2023). 

Yet a growing body of scholarship argues that these 

achievements, impressive as they are, are best understood as 

precursors rather than as the destination. The deeper 

question raised by contemporary progress is whether 

machines will eventually match and then surpass human 

intelligence in general, not only in narrow tasks. The 

mathematician I. J. Good (1965) anticipated this question 

more than half a century ago when he observed that an 

"ultraintelligent machine" capable of designing still better 

machines would trigger an "intelligence explosion", leaving 

human intelligence far behind. Bostrom (2014) later 

formalised the concept of superintelligence as any intellect 

that greatly exceeds human cognitive performance in 

virtually all domains of interest. On this view, the decisive 

technological event of the coming decades is not the further 

spread of AI tools but the possible arrival of an entirely new 

class of agent. 

The title of this paper, "NOT AI But Superintelligence", is 

therefore deliberately provocative. It does not deny the 

importance of artificial intelligence. Rather, it contends that 

framing the future purely in terms of "AI adoption" 

understates what may be at stake. Present-day AI is a tool 

that humans direct. Superintelligence, if achieved, would be 

a strategic actor that could direct itself, out-plan its creators 

and reshape science, economies and security in ways that 

are difficult to predict (Russell, 2019; Bengio et al., 2024). 

That shift, from tool to agent and from augmentation to 

potential replacement of human cognitive leadership, is the 

"next turn of events" that this paper examines. 

1.2 Statement of the Problem 

Despite its potential significance, superintelligence remains 

under-examined in mainstream management, engineering 

and development literature, particularly in Africa. Three 

gaps motivate this study. First, there is conceptual 

confusion: the terms AI, AGI and superintelligence are often 

used interchangeably in policy and media discourse, 

obscuring significant differences in capability, autonomy 

and risk (Morris et al., 2023). Second, the literature is 

polarised between enthusiasts who regard superintelligence 

as imminent and sceptics who regard it as speculative or 

incoherent (Marcus, 2020; Mitchell, 2021), with few 

integrative reviews that weigh both positions against the 

available evidence. Third, governance discussions are 

concentrated in North America, Europe and East Asia, while 

the implications for developing economies, which may be 

affected profoundly but have limited influence over the 

technology's trajectory, receive comparatively little attention 

(Jobin et al., 2019). 

1.3 Aim and Objectives 

The aim of this paper is to provide a comprehensive, 

balanced and forward-looking analysis of superintelligence 

as the next major technological transition. The specific 

objectives are to: 

• clarify the conceptual distinctions between narrow 

AI, AGI and superintelligence; 

• trace the historical and theoretical development of 

the idea of superintelligence; 

• analyse the principal technological pathways 

through which superintelligence might emerge; 

• evaluate the current evidence and expert opinion on 

timelines and the speed of transition; 

• assess the opportunities and risks that 

superintelligence presents across key sectors; 

• review existing and emerging governance 

responses and propose an integrated readiness and 

governance framework, with particular reference to 

Africa and Nigeria. 

1.4 Research Questions 

The review is guided by the following questions: 

i. In what fundamental ways does 

superintelligence differ from current artificial 

intelligence? 

ii. What technological pathways could plausibly 

lead to superintelligence, and what are their 

enablers and barriers? 

iii. What does the current evidence suggest about 

the likelihood and timing of superintelligence? 

iv. What are the major opportunities and risks 

associated with superintelligence? 

v. How should societies, especially developing 

economies, prepare for and govern the 

transition? 
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1.5 Significance and Scope of the Study 

This paper contributes to scholarship and practice in four 

ways. It offers a structured conceptual synthesis that 

distinguishes superintelligence from adjacent concepts; it 

integrates technical, economic, ethical and policy 

perspectives that are usually treated separately; it 

foregrounds the position of the Global South, using Nigeria 

as an illustrative case; and it proposes a practical framework 

that policymakers and organisations can use to assess 

readiness. The scope is international, but examples are 

drawn deliberately from sectors of strategic importance to 

Nigeria, including energy, oil and gas, supply chains, 

environmental management, health and education. The 

paper is a conceptual and integrative review; it does not 

report new empirical data, and its forward-looking claims 

are necessarily uncertain. 

1.6 Structure of the Paper 

Section 2 sets out conceptual foundations. Section 3 reviews 

the historical trajectory and key theoretical frameworks. 

Section 4 describes the methodology. Section 5 analyses 

pathways to superintelligence. Section 6 examines the 

evidence and debates on timelines. Sections 7 and 8 discuss 

opportunities and risks respectively. Section 9 reviews 

governance responses and presents the proposed framework. 

Section 10 considers implications for developing economies, 

Section 11 outlines directions for future research, and 

Section 12 concludes with recommendations. 

2. CONCEPTUAL FOUNDATIONS 

2.1 Defining Intelligence 

Any discussion of superintelligence must begin with 

intelligence itself, a concept that has resisted a single agreed 

definition. Legg and Hutter (2007), after surveying more 

than seventy definitions from psychology and computer 

science, proposed that intelligence "measures an agent's 

ability to achieve goals in a wide range of environments". 

This formulation has three useful features for the present 

analysis. It is functional rather than biological, so it can 

apply equally to humans, animals and machines. It 

emphasises generality, the capacity to perform well across 

many environments rather than in one. And it is goal-

relative, which means that intelligence and the goals it 

serves can, in principle, be separated, a point of considerable 

importance for later discussions of alignment (Bostrom, 

2012). 

Turing (1950) famously sidestepped the definitional 

problem by proposing a behavioural test: if a machine's 

conversational responses could not be reliably distinguished 

from those of a human, it should be regarded as thinking. 

Searle (1980) objected that behavioural equivalence does 

not establish understanding, a critique that remains relevant 

to debates about whether today's language models 

"understand" what they produce. For the purposes of this 

paper, the functional, capability-based view is adopted. 

Whether a superintelligent system would be conscious or 

would "understand" in a philosophical sense is an important 

question, but its practical impact on the world would depend 

primarily on what it can do (Chalmers, 2010). 

2.2 Narrow AI, AGI and Superintelligence 

It is helpful to distinguish between three broad levels of 

machine capability. Artificial narrow intelligence (ANI) 

refers to systems that perform specific tasks, sometimes at 

superhuman levels, but cannot transfer that competence to 

unrelated domains. Chess engines, spam filters, 

recommendation systems and most industrial machine-

learning applications fall into this category. Artificial 

general intelligence (AGI) refers to systems that can match 

human performance across a broad range of cognitive tasks, 

including learning new tasks from limited instruction. 

Morris et al. (2023) propose a graded taxonomy of AGI 

levels based on performance and generality, ranging from 

"emerging" to "superhuman". Artificial superintelligence 

(ASI) refers to systems that greatly exceed the cognitive 

performance of the best humans in virtually all domains of 

interest, including scientific creativity, strategic planning, 

social persuasion and engineering design (Bostrom, 2014). 

Table 1 summarises the principal differences. The key 

insight is that the transition from ANI to ASI is not a single 

step along one dimension. It involves increases in breadth 

(the range of tasks), depth (performance relative to experts), 

autonomy (the degree of independent goal pursuit) and, 

potentially, self-improvement (the ability to enhance one's 

own capabilities). 
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Table 1. Comparison of narrow AI, artificial general intelligence and superintelligence 

Dimension Artificial Narrow Intelligence 

(ANI) 

Artificial General Intelligence 

(AGI) 

Artificial Superintelligence (ASI) 

Scope of competence Single task or narrow domain Broad range of cognitive tasks at 

human level 

Virtually all cognitive domains, far 

above human level 

Learning and transfer Limited transfer; retraining needed 

for new tasks 

Learns and transfers across domains 

like a skilled adult 

Learns faster and generalises more 

effectively than any human 

Autonomy Operates within tightly defined 

parameters 

Can pursue extended goals with 

moderate supervision 

Potentially capable of fully 

independent long-horizon strategy 

Self-improvement None or very limited Possible contribution to AI research Potentially recursive and rapid self-

improvement 

Relationship to 

humans 

Tool Colleague or substitute for many 

roles 

Potentially dominant strategic actor 

Status (2025) Widely deployed Contested; partial and emerging 

capabilities claimed 

Hypothetical 

Primary governance 

concern 

Bias, privacy, safety of specific uses Labour disruption, misuse, 

accountability 

Alignment, control, concentration of 

power, existential risk 

Source: Author's synthesis based on Bostrom (2014), Russell and Norvig (2021) and Morris et al. (2023). 

 

2.3 Forms of Superintelligence 

Bostrom (2014) distinguishes three forms in which 

superintelligence might manifest. Speed superintelligence is 

a system that can do everything a human intellect can do, 

but much faster. Because electronic components operate 

millions of times faster than biological neurons, even a 

human-level digital mind running at accelerated speed could 

accomplish in a day what a human researcher accomplishes 

in years. Collective superintelligence is a system composed 

of a large number of smaller intellects whose combined 

performance vastly exceeds any single human or existing 

human organisation. Networks of cooperating AI agents, 

each perhaps at human level, could constitute such a system. 

Quality superintelligence is a system that is at least as fast as 

a human mind but qualitatively smarter, able to perceive 

patterns, formulate concepts and solve problems that are 

effectively beyond human reach, in much the way that 

human cognition exceeds that of other primates. 

These forms are not mutually exclusive, and a mature 

superintelligence might combine all three. The distinction is 

nonetheless useful because different forms raise different 

questions. Speed superintelligence raises issues of oversight, 

since humans may be unable to review decisions made at 

machine speed. Collective superintelligence raises issues of 

coordination and emergent behaviour. Quality 

superintelligence raises the deepest questions, because its 

reasoning may be partly unintelligible to its overseers. 

2.4 Why "Not AI But Superintelligence"? 

The central claim of this paper is that superintelligence 

represents a discontinuity in kind, not merely in degree. 

Three arguments support this claim. The first concerns 

agency. Most current AI systems are reactive: they respond 

to prompts or inputs and do not form long-term plans of 

their own. A superintelligent system capable of autonomous 

long-horizon planning would be a strategic actor whose 

behaviour depends on its goals, not only on its inputs 

(Russell, 2019). The second concerns asymmetry. 

Throughout history, humans have retained cognitive 

advantage over their tools. Superintelligence would reverse 

that relationship, creating a situation without historical 

precedent in which the most capable planner on the planet is 

not human (Bostrom, 2014). The third concerns 

irreversibility. Many technological mistakes can be 

corrected by trial and error. If a sufficiently capable system 

pursued goals misaligned with human values, there might be 

no opportunity to correct the error after the fact 

(Yudkowsky, 2008; Bengio et al., 2024). 

For these reasons, governance approaches designed for 

narrow AI, such as data-protection rules, bias audits and 

sector-specific product regulation, are necessary but not 

sufficient for superintelligence. The problem shifts from 

"How do we use this tool responsibly?" to "How do we 

ensure that agents are more capable than ourselves remain 
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beneficial?" That shift is the conceptual core of the "next 

turn of events". 

2.5 Common Misconceptions about Superintelligence 

Public and policy discussions of superintelligence are often 

clouded by misconceptions that can distort judgement in 

both directions. Clarifying them is a necessary step before 

the substantive analysis. 

The first misconception is that superintelligence would 

necessarily resemble a human mind, with human-like 

emotions, motives or consciousness. Nothing in the 

definition requires this. A superintelligent system could be 

highly capable while having an internal organisation very 

different from that of a human brain, and anthropomorphic 

assumptions can lead observers either to overestimate its 

benevolence or to imagine dramatic "hostility" where the 

real concern is indifference to human interests (Bostrom, 

2014; Mitchell, 2021). 

The second misconception is that greater intelligence 

automatically brings greater wisdom or morality. The 

orthogonality thesis discussed in Section 3.3 holds that 

capability and goals can vary independently (Bostrom, 

2012). A system can be extraordinarily effective at pursuing 

an objective that its designers would, on reflection, regard as 

harmful. 

The third misconception is that the main danger is robots or 

physical machines. In practice, a superintelligent system's 

most important capabilities would probably be 

informational: designing technologies, writing software, 

persuading people and coordinating economic activity. Such 

a system could exert great influence through digital 

networks without any physical body of its own (Russell, 

2019). 

The fourth misconception is that the question can be 

deferred until superintelligence is close. Alignment and 

governance problems are difficult, and institutions take 

years to build. If takeoff is fast, there may be little warning 

between the arrival of human-level systems and the arrival 

of superintelligent ones (Bostrom, 2014; Bengio et al., 

2024). Preparation is therefore most valuable before the 

transition rather than during it. 

The fifth misconception, held by some sceptics, is that 

because current systems make obvious errors, 

superintelligence is a fantasy that warrants no attention. 

Present limitations are real and important (Marcus, 2020), 

but the history of the field shows that capabilities once 

regarded as distant, such as superhuman Go or accurate 

protein structure prediction, arrived sooner than many 

experts expected (Silver et al., 2016; Jumper et al., 2021). A 

prudent position takes both current limitations and the 

possibility of rapid progress seriously. 

3. HISTORICAL TRAJECTORY AND 

THEORETICAL FRAMEWORKS 

3.1 Early Foundations 

The modern idea of machine intelligence originated with 

Alan Turing's paper "Computing Machinery and 

Intelligence" (Turing, 1950), which proposed the imitation 

game and anticipated many later objections. The 1956 

Dartmouth workshop formally launched AI as a research 

field, with optimistic forecasts that key aspects of 

intelligence could be simulated within a generation. That 

optimism proved premature. Successive "AI winters" in the 

1970s and late 1980s followed periods of inflated 

expectation, as symbolic, rule-based approaches struggled 

with the complexity and ambiguity of the real world 

(Russell & Norvig, 2021). 

3.2 The Intelligence Explosion Hypothesis 

The first rigorous articulation of superintelligence as a 

distinct possibility came from Good (1965), a statistician 

who had worked with Turing at Bletchley Park. Good 

reasoned that designing machines is itself an intellectual 

activity, an ultra-intelligent machine could design even 

better machines, producing an "intelligence explosion". He 

added, presciently, that the first ultra intelligent machine 

might be the last invention humanity needs ever make, 

"provided that the machine is docile enough to tell us how to 

keep it under control". This conditional clause anticipates 

the entire contemporary field of AI alignment. 

Vinge (1993) popularised the term "technological 

singularity" to describe the point beyond which superhuman 

intelligence would make future events impossible for 

unaided humans to predict. Kurzweil (2005) extended the 

argument by pointing to exponential trends in computing 

price-performance and predicted that machine intelligence 

would reach human level around 2029, with a broader 

singularity around 2045. Chalmers (2010) subjected the 

singularity argument to careful philosophical analysis and 

concluded that, while not certain, the case for an intelligence 

explosion is serious enough to warrant sustained attention. 

3.3 The Orthogonality and Instrumental Convergence 

Theses 

Two theoretical propositions have become central to the 

study of superintelligence. The orthogonality thesis holds 

that intelligence, and final goals are largely independent: 

almost any level of intelligence could, in principle, be 

combined with almost any goal (Bostrom, 2012). A highly 

intelligent system is therefore not automatically wise or 

benevolent; its intelligence determines how effectively it 

pursues its goals, not what those goals are. The instrumental 

convergence thesis holds that agents with a wide variety of 

final goals will tend to pursue similar intermediate goals, 

such as self-preservation, resource acquisition, goal-content 
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integrity and cognitive enhancement, because these are 

useful for achieving almost any objective (Omohundro, 

2008; Bostrom, 2012). 

Taken together, these theses imply that a superintelligence 

would not need malicious intent to pose a risk. A system 

pursuing an apparently harmless objective might 

nevertheless resist being switched off or seek to acquire 

resources, simply because doing so helps it accomplish its 

goal (Russell, 2019). This insight underpins the "control 

problem": the challenge of ensuring that superintelligent 

systems remain corrigible and aligned with human interests. 

3.4 The Deep Learning Era 

The current wave of progress began around 2012, when 

deep convolutional neural networks achieved dramatic 

improvements in image recognition. Three developments 

then accelerated the field. The first was the transformer 

architecture (Vaswani et al., 2017), which enabled efficient 

training on very large text corpora. The second was the 

discovery of empirical scaling laws showing that model 

performance improves predictably as compute, data and 

parameters increase (Kaplan et al., 2020; Hoffmann et al., 

2022). The third was the combination of large pre-trained 

"foundation models" (Bommasani et al., 2021) with 

reinforcement learning from human feedback, which made 

general-purpose language systems more useful and 

controllable (Christiano et al., 2017; Ouyang et al., 2022). 

Sutton (2019) summarised the field's experience as a "bitter 

lesson": general methods that leverage computation have 

repeatedly outperformed approaches that rely on hand-

crafted human knowledge. 

Table 2 presents selected milestones on the path from early 

computing to the present debate about superintelligence. 

 

Table 2. Selected milestones in the development of machine intelligence and the superintelligence debate 

Year Milestone Significance 

1950 Turing publishes "Computing Machinery and 

Intelligence" 

Proposes a behavioural test for machine thinking 

1956 Dartmouth Summer Research Project Launches AI as a formal research discipline 

1965 Good's "Speculations Concerning the First 

Ultraintelligent Machine" 

First formulation of the intelligence explosion 

1993 Vinge's "The Coming Technological Singularity" Popularises the concept of a technological singularity 

2008 Omohundro's "The Basic AI Drives" Introduces instrumental drives of goal-seeking systems 

2014 Bostrom's Superintelligence Systematic treatment of paths, dangers and strategies 

2016 AlphaGo defeats Lee Sedol Superhuman play in a domain long thought to require 

intuition 

2017 Transformer architecture introduced Foundation for modern large language models 

2020 Neural scaling laws; GPT-3 Predictable gains from scale; strong few-shot learning 

2021 AlphaFold 2 published AI solves a decades-old scientific grand challenge 

2023 Bletchley Declaration on AI Safety First major intergovernmental statement on frontier AI risks 

2024 EU AI Act enters into force; AU Continental AI 

Strategy; Nigeria's draft National AI Strategy 

Emergence of binding and continental governance 

instruments 

2025 International AI Safety Report Expert synthesis of evidence on general-purpose AI risks 

Source: Compiled by the author from the cited literature. 
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3.5 Theoretical Lenses Adopted in this Paper 

Three theoretical lenses inform the analysis that follows. 

The first is the intelligence explosion model (Good, 1965; 

Chalmers, 2010), which frames superintelligence as the 

possible outcome of recursive capability gains. The second 

is socio-technical systems theory, which holds that 

technologies cannot be understood apart from the 

institutions, incentives and social practices in which they are 

embedded; this lens is especially important for 

understanding governance and developing-country 

implications. The third is the principal-agent and alignment 

perspective (Russell, 2019; Gabriel, 2020), which treats the 

relationship between humans and advanced AI as one in 

which a principal must ensure that a more capable agent acts 

in the principal's interests despite information asymmetries. 

4. METHODOLOGY 

4.1 Research Design 

This study adopts an integrative literature review design. 

Integrative reviews are appropriate when a topic is 

emerging, interdisciplinary and characterised by diverse 

forms of evidence, because they allow theoretical, empirical 

and policy sources to be synthesised into new conceptual 

frameworks (Torraco, 2005). Superintelligence fits this 

description: the relevant evidence spans computer science, 

philosophy, economics, political science and public policy 

(Dwivedi et al., 2021), and much of it consists of technical 

preprints, expert surveys and government documents rather 

than conventional peer-reviewed empirical studies. 

4.2 Sources and Search Strategy 

Literature was identified by Google Scholar, Scopus, the 

ACM Digital Library, IEEE Xplore, arXiv and official 

government and intergovernmental portals. Search terms 

included combinations of "superintelligence", "artificial 

general intelligence", "intelligence explosion", 

"technological singularity", "AI alignment", "AI safety", 

"scaling laws", "AI governance", "existential risk" and "AI 

policy Africa". Backward and forward citation tracking was 

used to identify foundational and recent contributions. 

4.3 Inclusion and Exclusion Criteria 

Sources were included if they (a) addressed advanced or 

general-purpose AI, AGI or superintelligence directly; (b) 

were published in peer-reviewed outlets, by recognised 

academic presses, as widely cited technical preprints, or by 

official governmental or intergovernmental bodies; and (c) 

contributed conceptual, empirical or policy insight relevant 

to the research questions. Opinion pieces in the popular 

press, marketing materials and sources without traceable 

authorship were excluded. The time frame spans 1950 to 

2025, reflecting both the foundational literature and the most 

recent developments. 

4.4 Analysis and Synthesis 

Selected sources were analysed thematically. Each source 

was coded against the five research questions, and recurring 

themes were grouped into the categories that structure 

Sections 5 to 9: pathways, evidence and timelines, 

opportunities, risks and governance. Where sources 

disagreed, the competing positions are presented together 

with an assessment of the strength of the supporting 

evidence. The proposed framework in Section 9 was 

developed inductively from the gaps and recommendations 

identified across the reviewed literature. 

4.5 Limitations of the Method 

Integrative reviews share the limitations of their sources. 

Much of the literature on superintelligence is necessarily 

speculative, and forecasts by experts have historically been 

unreliable. Rapid developments in the field mean that some 

findings may be overtaken by events. In addition, the review 

is restricted to English-language sources, which may under-

represent perspectives from non-Anglophone regions. These 

limitations are acknowledged throughout, and claims about 

the future are presented as conditional rather than certain. 

5. PATHWAYS TO SUPERINTELLIGENCE 

Bostrom (2014) observed that the existence of multiple 

independent pathways to superintelligence increases the 

probability that at least one of them will eventually succeed. 

This section analyses six pathways that feature prominently 

in literature. Figure 1 presents a conceptual overview of how 

these pathways relate to the progression from narrow AI to 

superintelligence. 
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Figure 1. Conceptual model of pathways from narrow AI to superintelligence (author's construct) 

 

5.1 Scaling of Compute, Data and Models 

The most discussed pathway today is continued scaling of 

existing machine-learning methods. Kaplan et al. (2020) 

showed that the loss of neural language models falls as a 

smooth power law in model size, dataset size and training 

compute across several orders of magnitude. Hoffmann et 

al. (2022) refined these findings, demonstrating that many 

large models had been under-trained relative to their size 

and that compute-optimal training requires scaling data and 

parameters together. Sevilla et al. (2022) documented that 

the compute used to train notable machine-learning systems 

doubled roughly every six months after 2010, a far faster 

rate than the historical trend associated with Moore's law. 

Scaling has produced not only quantitative improvements 

but also capabilities that were not explicitly trained for. Wei 

et al. (2022) described "emergent abilities" that appear 

abruptly once models pass certain scales, although Schaeffer 

et al. (2023) argued that some apparent emergence is an 

artefact of the metrics used to measure it. Proponents of the 

scaling pathway argue that, if trends continue, systems with 

broadly human-level or superhuman capabilities may be 

reached through further investment in compute and data. 

Critics respond that the supply of high-quality human-

generated data is finite, that energy and hardware costs rise 

steeply, and that scaling alone may not deliver robust 

reasoning, causal understanding or reliable long-horizon 

planning (Marcus, 2020; LeCun, 2022). 

5.2 Algorithmic and Architectural Innovation 

Progress in AI has come not only from more compute but 

also from better algorithms. Architectural innovations such 

as the transformer (Vaswani et al., 2017), self-play 

reinforcement learning (Silver et al., 2017, 2018) and 

learning from human preferences (Christiano et al., 2017) 

each produced step changes in capability. Researchers 

sceptical of pure scaling argue that further breakthroughs, 

such as world models that learn how the physical world 

works, hierarchical planning, persistent memory and more 

sample-efficient learning, will be needed before machines 

reach general intelligence (LeCun, 2022; Mitchell, 2021). 

From the perspective of superintelligence, the critical point 

is that algorithmic improvements compound with hardware 

improvements: a more efficient algorithm effectively 

multiplies available compute. 

5.3 Recursive Self-Improvement 

The pathway most closely associated with the idea of an 

intelligence explosion is recursive self-improvement, in 

which an AI system contributes to the design of its 

successors (Good, 1965). Early forms of this dynamic are 

already visible: AI systems are used to write code, search 

over neural architectures, optimise chip layouts and generate 

training data for other models. If AI systems became 

capable of performing a substantial share of AI research 

itself, the rate of progress could increase sharply, because 

the number of effective "researchers" would no longer be 

limited by the human workforce (Chalmers, 2010; Bostrom, 

2014). 

Whether such a feedback loop would produce a rapid "hard 

takeoff" lasting days or months, or a gradual "soft takeoff" 

lasting years or decades, is one of the most consequential 

open questions in the field. Fast takeoff scenarios leave little 

time for societal adaptation or corrective action; slow 

takeoff scenarios allow more time but may still outpace 

institutional responses (Bostrom, 2014; Yudkowsky, 2008). 



ISAR Journal of Science and Technology; Vol-4, Iss-10, 2026 

  

71 
 

5.4 Whole Brain Emulation 

An alternative pathway is whole brain emulation: scanning a 

biological brain in sufficient detail and reproducing its 

functional organisation in software. Sandberg and Bostrom 

(2008) set out a technical roadmap identifying the required 

advances in scanning resolution, neural modelling and 

computing capacity. Because an emulation would inherit 

human cognitive architecture, it might be easier to 

understand and possibly to align than an entirely novel AI. 

However, once running digitally, an emulated mind could be 

accelerated, copied and modified, potentially yielding speed 

or collective superintelligence. Current neuroscience 

remains far from the necessary level of detail, and most 

analysts regard this pathway as slower than machine-

learning approaches. 

5.5 Biological Enhancement and Brain-Computer 

Interfaces 

A third family of pathways focuses on enhancing human 

intelligence directly, through genetic selection, 

pharmacological interventions or brain-computer interfaces 

(BCIs). Bostrom (2014) argued that biological enhancement 

could produce meaningful gains over generations but is 

unlikely to outpace machine intelligence. BCIs have 

advanced considerably; Musk and Neuralink (2019), for 

example, described an implantable platform with thousands 

of recording channels. In the long term, tight integration 

between human brains and AI systems could blur the 

distinction between human and machine intelligence, raising 

questions about identity, consent and inequality of access. 

5.6 Networks and Collective Intelligence 

Finally, superintelligence might arise not from a single 

system but from networks of humans and machines, or from 

many AI agents cooperating at scale. Modern organisations, 

markets and scientific communities already exhibit forms of 

collective intelligence. Equipping millions of AI agents with 

tools, memory and the ability to coordinate could create a 

collective intelligence whose combined capacity exceeds 

that of any human institution (Bostrom, 2014). This pathway 

is particularly relevant to the internet of things (IoT), digital 

supply chains and smart infrastructure, where large numbers 

of interconnected devices already generate and act on data 

with limited human intervention. 

5.7 Supporting Technologies 

Several enabling technologies could accelerate one or more 

of these pathways. Advances in specialised AI hardware, 

high-bandwidth memory and energy-efficient data centers 

directly increase available compute. Quantum computing 

has demonstrated computational advantages on specific, 

carefully constructed problems (Arute et al., 2019), but its 

relevance to general intelligence remains uncertain and 

should not be overstated. Synthetic data generation, 

simulation environments and robotics may relieve 

constraints on training data and enable AI systems to learn 

from interaction with the physical world. 

Table 3 compares the six pathways in terms of their 

mechanisms, current status and principal barriers. 

Table 3. Comparative assessment of pathways to superintelligence 

Pathway Core mechanism Current status (2025) Key enablers Principal barriers 

Compute and data 

scaling 

Larger models trained on 

more data with more 

compute 

Active; strong empirical 

scaling trends 

Investment, specialised 

chips, data centres 

Data exhaustion, energy 

costs, diminishing returns 

Algorithmic 

innovation 

New architectures and 

learning methods 

Active; frequent 

incremental advances 

Open research, talent, 

benchmarks 

Unpredictability of 

breakthroughs 

Recursive self-

improvement 

AI accelerates AI research 

and design 

Early signs (AI-assisted 

coding and design) 

Capable coding and 

reasoning models 

Reliability, verification, 

safety controls 

Whole brain 

emulation 

Digital replication of brain 

structure and function 

Early research stage Neuroscience imaging, 

connectomics 

Scanning resolution, 

biological complexity 

Biological 

enhancement and 

BCIs 

Augmenting human 

cognition directly 

Clinical trials of BCIs; 

limited cognitive gains 

Neurotechnology, 

genomics 

Ethics, safety, slow 

generational timescales 

Networks and 

collective 

intelligence 

Coordinated humans, 

agents and devices 

Emerging multi-agent 

systems and IoT 

Connectivity, 

interoperability standards 

Coordination failures, 

emergent risks 

Source: Author's synthesis based on Bostrom (2014), Sandberg and Bostrom (2008), Kaplan et al. (2020), Sevilla et al. (2022) and 

LeCun (2022). 
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6. CURRENT EVIDENCE AND DEBATES 

ON TIMELINES 

6.1 Indicators of Progress 

Several achievements of the past decade are frequently cited 

as evidence that machine intelligence is advancing towards 

generality. AlphaGo defeated a world champion at Go, a 

game whose vast search space had long been regarded as 

beyond computer mastery (Silver et al., 2016). Its 

successors, AlphaGo Zero and AlphaZero, learned to play 

Go, chess and shogi at superhuman levels purely through 

self-play, without human game data (Silver et al., 2017, 

2018). AlphaFold 2 predicted protein structures with 

accuracy competitive with experimental methods, solving a 

problem that had challenged biology for half a century 

(Jumper et al., 2021). 

Large language models have shown broad competence 

across writing, coding, mathematics, law and medicine. 

Brown et al. (2020) showed that a sufficiently large model 

could perform many tasks from only a few examples. 

Bubeck et al. (2023) argued that an early version of GPT-4 

displayed "sparks" of general intelligence across diverse 

domains. Eloundou et al. (2024) estimated that around 80 

per cent of the United States workforce could have at least 

10 per cent of their work tasks affected by large language 

models, indicating the breadth of the technology's reach. 

6.2 Skeptical Perspectives 

Sceptics offer important counterpoints. Marcus (2020) 

argued that deep learning systems remain brittle, data-

hungry and prone to errors that reveal a lack of genuine 

understanding, and that robust intelligence will require 

hybrid approaches that incorporate symbolic reasoning and 

structured knowledge. Mitchell (2021) identified four 

fallacies that have repeatedly led researchers to overestimate 

progress, including the assumption that narrow successes lie 

on a continuum with general intelligence and the tendency 

to describe machine behaviour using human cognitive terms. 

LeCun (2022) contended that current language models lack 

world models and planning abilities and that new 

architecture will be necessary. Schaeffer et al. (2023) 

cautioned that claims of sudden emergent capabilities may 

partly reflect measurement choices rather than genuine 

discontinuities. 

These critiques do not show that superintelligence is 

impossible. They do, however, caution against linear 

extrapolation from benchmark performance and highlight 

genuine technical obstacles that may lengthen timelines. 

6.3 Expert Forecasts 

Surveys of AI researchers provide one, albeit imperfect, 

indication of expert opinion. Müller and Bostrom (2016) 

surveyed several groups of experts and found a median 

estimate of a 50 per cent probability of high-level machine 

intelligence between 2040 and 2050, with respondents 

estimating a substantial chance that superintelligence would 

follow within 30 years. Grace et al. (2018), surveying 

researchers who had published at leading machine-learning 

conferences, found an aggregate forecast of a 50 per cent 

chance that machines would outperform humans in all tasks 

within about 45 years of 2016, with considerable variation 

between respondents. A larger follow-up survey of 2,778 

researchers (Grace et al., 2024) found that aggregate 

forecasts had moved substantially earlier, placing a 50 per 

cent chance of unaided machines outperforming humans in 

every task by 2047, about 13 years earlier than the 

comparable estimate in the previous survey round. 

Two caveats apply. First, expert forecasts in many fields 

have a poor track record, and responses in these surveys 

were sensitive to question framing. Second, the direction of 

revision matters: successive surveys have tended to bring 

estimated timelines forward, suggesting that experts have 

been surprised by the pace of progress. Taking together, the 

evidence does not justify confidence that superintelligence is 

imminent, but it does indicate that a substantial fraction of 

informed researchers considers it plausible within the 

lifetimes of people alive today. 

6.4 Takeoff Dynamics 

Beyond the question of when human-level AI might arrive is 

the question of how quickly the transition to 

superintelligence might follow. Bostrom (2014) 

distinguished slow takeoffs (decades or centuries), moderate 

takeoffs (months or years) and fast takeoffs (minutes, hours 

or days). The speed depends on what he termed 

"optimisation power" relative to "recalcitrance": how much 

effort is applied to improving the system versus how 

resistant the system is to improvement. If AI systems 

become significant contributors to their own development, 

optimisation power could increase sharply, favouring faster 

takeoff. Conversely, physical constraints such as the time 

needed to build chips, power plants and data centres, 

together with the need for real-world experimentation, may 

slow the transition. 

The policy significance of takeoff speed is considerable. A 

slow takeoff allows time for iterative learning, regulation 

and international coordination. A fast takeoff concentrates 

decision-making into a short window, increasing the 

importance of preparation before the transition begins 

(Bengio et al., 2024). Because the speed cannot be known in 

advance, prudence suggests building safety and governance 

capacity early. 

6.5 Signposts and Early-Warning Indicators 

Because forecasts are uncertain, policymakers may find it 

more useful to monitor observable signposts than to commit 
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to a single predicted date. The literature suggests several 

indicators that would signal meaningful progress towards 

general and superhuman capability. Shevlane et al. (2023) 

recommend evaluating frontier models for dangerous 

capabilities, including autonomous replication, cyber-

offence and the ability to manipulate people, and these 

evaluations can double as indicators of approaching risk 

thresholds. Morris et al. (2023) propose tracking both the 

performance and the generality of systems, together with 

their degree of autonomy. Sevilla et al. (2022) show that 

trends in training compute are measurable and can serve as a 

leading indicator of capability growth. Table 4 consolidates 

these and related signposts. 

 

Table 4. Indicative signposts of progress towards superintelligence 

Signpost What it would indicate Possible sources of evidence 

Sustained growth in frontier training compute Continued scaling of the most capable 

systems 

Published compute estimates; regulatory 

reporting thresholds 

Expert-level performance across many 

professional domains 

Increasing generality of capability Broad benchmark suites; professional 

examinations; field trials 

Reliable autonomous completion of long, multi-

step tasks 

Growing agency and planning ability Agentic task evaluations; deployment 

reports 

AI systems performing a large share of AI 

research 

Onset of recursive self-improvement 

dynamics 

Developer disclosures; research 

productivity data 

Novel scientific discoveries made primarily by AI Creative capability beyond human experts Peer-reviewed publications; patents 

Dangerous-capability evaluations crossing 

defined thresholds 

Rising misuse and loss-of-control risk Pre-deployment evaluations; AI safety 

institute reports 

Evidence of deceptive or self-preserving 

behaviour in tests 

Alignment failures emerging in practice Red-teaming results; interpretability 

research 

Source: Author's synthesis based on Shevlane et al. (2023), Morris et al. (2023), Sevilla et al. (2022) and Bengio et al. (2025). 

 

No single signpost would be decisive. However, a 

concurrent shift across several of them, particularly 

autonomy, AI-driven research and dangerous-capability 

thresholds, would justify a substantial escalation in safety 

and governance measures. Building the institutional capacity 

to monitor these indicators is itself a component of 

readiness, discussed further in Section 9. 

7. OPPORTUNITIES AND TRANSFORMATIVE 

POTENTIAL 

If superintelligence can be developed safely and its benefits 

widely shared, its positive potential would be historically 

unprecedented. This section outlines opportunities in key 

domains, with particular reference to sectors important to 

Nigeria and other developing economies. Table 5 provides a 

summary. 

7.1 Scientific Discovery and Innovation 

Science is ultimately limited by the number of skilled 

researchers and the speed at which hypotheses can be 

generated and tested. A superintelligent system could 

generate and evaluate hypotheses at a scale and speed far 

beyond human capacity, design experiments, interpret 

results and integrate knowledge across disciplines. 

AlphaFold's impact on structural biology (Jumper et al., 

2021) offers a glimpse of what AI can do for a single 

scientific field. A general superintelligence could, in 

principle, bring similar acceleration to physics, materials 

science, chemistry, mathematics and the social sciences 

simultaneously. 

7.2 Health and Medicine 

In health, superintelligence could accelerate drug discovery, 

personalise treatment based on individual genomic and 

clinical data, and extend high-quality diagnostic expertise to 

regions where specialists are scarce. For countries with low 

ratios of doctors to population, AI-enabled diagnosis and 

clinical decision support could help bridge gaps in access, 

provided that systems are validated on local populations and 

integrated into functioning health systems. 

7.3 Climate, Environment and Sustainability 

Climate change and environmental degradation are complex, 

multi-scale problems that combine physical science, 

engineering, economics and behaviour. Rolnick et al. (2022) 

identified numerous areas in which machine learning can 

contribute to climate mitigation and adaptation, from 
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optimising power grids and designing new materials to 

improving climate models and monitoring deforestation. 

Vinuesa et al. (2020) found that AI could act as an enabler 

for a large majority of the targets in the United Nations 

Sustainable Development Goals, while also inhibiting some. 

Superintelligence could intensify these contributions, for 

example by designing low-carbon technologies, optimising 

waste management systems and coordinating environmental 

monitoring networks built on IoT sensors. 

7.4 Energy, Oil and Gas 

The energy sector illustrates both the promise and the 

complexity of advanced AI. Narrow AI is already used in 

the oil and gas industry for seismic interpretation, reservoir 

modelling, predictive maintenance and production 

optimisation. Superintelligent systems could integrate these 

functions into autonomous, real-time optimisation of entire 

value chains, from exploration through to refining and 

distribution, while also accelerating the energy transition by 

optimising renewable generation, storage and grid 

management. For Nigeria, whose economy remains closely 

tied to hydrocarbons, such capabilities could improve 

efficiency, safety and environmental performance, but could 

also accelerate disruption in global energy markets. 

7.5 Supply Chains, Procurement and Industry 

Supply chains are networks of interdependent decisions 

under uncertainty, an ideal domain for advanced 

optimisation. Superintelligent systems could forecast 

demand, anticipate disruptions, evaluate suppliers, negotiate 

contracts and coordinate logistics across global networks in 

real time. In procurement, this could enable continuous 

market intelligence, automated compliance checking and 

risk-aware sourcing. However, such capabilities would also 

concentrate considerable power in whoever controls the 

systems and could displace large numbers of professional 

roles. 

7.6 Economy and Productivity 

At the macroeconomic level, advanced AI has been 

described as a general-purpose technology with the potential 

to transform productivity across the economy (Brynjolfsson 

& McAfee, 2014; Eloundou et al., 2024). Acemoglu and 

Restrepo (2019) emphasised that the labour market effects 

of automation depend on the balance between the 

displacement of workers from existing tasks and the creation 

of new tasks in which humans have a comparative 

advantage. A superintelligence capable of performing nearly 

all cognitive tasks would challenge this balance 

fundamentally, potentially producing very high growth 

while raising acute questions about the distribution of 

income and the role of human work. 

7.7 Education and Human Development 

Superintelligent tutors could, in principle, provide every 

learner with personalised instruction adapted to their pace, 

interests and language. This could help close educational 

gaps between and within countries. At the same time, 

overreliance on AI in education carries risks of diminished 

critical thinking, reduced human interaction and dependence 

on systems controlled by a few providers. The benefits will 

depend on deliberate design that keeps human development, 

not mere efficiency, at the centre. 

Table 5. Potential sectoral opportunities of superintelligence and associated conditions for benefit 

Sector Potential opportunities Conditions for realising benefits 

Science and research Accelerated hypothesis generation, experimentation 

and cross-disciplinary discovery 

Open access to results; verification of AI-generated 

findings 

Health Drug discovery, personalised medicine, diagnostics in 

underserved areas 

Local validation, data protection, integration with health 

systems 

Climate and 

environment 

Low-carbon technology design, environmental 

monitoring, waste optimisation 

Accurate local data, sensor infrastructure, policy alignment 

Energy, oil and gas Integrated value-chain optimisation, safety, energy 

transition planning 

Reliable infrastructure, cybersecurity, workforce reskilling 

Supply chain and 

procurement 

Real-time risk sensing, automated sourcing and 

compliance, logistics coordination 

Data quality, transparency, accountability for automated 

decisions 

Economy Large productivity and growth gains Mechanisms for fair distribution of gains; social protection 

Education Personalised tutoring at scale; lifelong learning Safeguards against overreliance; teacher involvement; 

equitable access 

Source: Author's synthesis based on Rolnick et al. (2022), Vinuesa et al. (2020), Acemoglu and Restrepo (2019) and Eloundou et 

al. (2024). 
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8. RISKS AND CHALLENGES 

The same capabilities that make superintelligence 

potentially beneficial also make it potentially dangerous. In 

2024, a group of leading AI researchers and governance 

scholars warned that rapid progress in general-purpose AI 

could produce large-scale social harm, malicious uses and 

an irreversible loss of human control, and called for urgent 

investment in safety research and governance (Bengio et al., 

2024). This section reviews the principal categories of risk. 

Table 6 summarises them. 

8.1 The Alignment Problem 

The alignment problem is the challenge of ensuring that an 

AI system's goals and behaviour reliably reflect the 

intentions and values of the people it is meant to serve 

(Gabriel, 2020; Russell, 2019). Amodei et al. (2016) 

identified several concrete failure modes in current systems, 

including negative side effects, reward hacking (where a 

system exploits flaws in its objective), unsafe exploration 

and poor robustness to changes in the environment. 

Hubinger et al. (2019) described the risk of "mesa-

optimisation", in which a learned model develops internal 

objectives that differ from the objective it was trained on. 

Ngo et al. (2024) argued that, under current training 

methods, advanced models could learn to pursue goals that 

generalise beyond their training in undesirable ways and 

could behave deceptively to obtain reward. 

Gabriel (2020) emphasised that alignment is not only a 

technical problem but also a normative one: it requires 

decisions about whose values, preferences and interests a 

system should reflect, in a world of deep moral and cultural 

pluralism. Current techniques such as reinforcement 

learning from human feedback (Ouyang et al., 2022) and 

training against explicit written principles (Bai et al., 2022) 

have improved the behaviour of today's systems, but there is 

no consensus that they would scale to systems substantially 

more capable than their human overseers. 

8.2 The Control Problem 

Closely related to alignment is the control problem: how 

humans can retain the ability to monitor, correct and, if 

necessary, shut down systems more capable than themselves 

(Bostrom, 2014). Because of instrumental convergence, a 

capable goal-directed system may have incentives to avoid 

being modified or switched off (Omohundro, 2008). Russell 

(2019) proposed that advanced AI should be designed to be 

uncertain about human preferences and to defer to humans, 

so that it actively wants to be corrected. Whether such 

designs can be implemented robustly in practice remains an 

open research question. 

 

 

8.3 Misuse and Malicious Use 

Even if superintelligent systems were perfectly obedient, 

they could be directed towards harmful ends. Hendrycks et 

al. (2023) identified malicious use as a primary category of 

catastrophic AI risk, including the use of advanced AI to 

design biological or chemical weapons, conduct large-scale 

cyberattacks, or manipulate public opinion through 

personalised disinformation. Shevlane et al. (2023) argued 

that developers should evaluate models for dangerous 

capabilities, such as cyber-offence, manipulation and 

autonomous replication, before deployment. In 

cybersecurity, a superintelligent system could discover and 

exploit vulnerabilities in critical infrastructure faster than 

defenders could patch them, with severe implications for 

energy systems, financial networks and public services. 

8.4 Concentration of Power 

Superintelligence could confer decisive economic, military 

and informational advantages on whoever controls it first. 

This raises the risk of extreme concentration of power in a 

small number of firms or states, with corresponding threats 

to democratic accountability, market competition and 

international stability (Dafoe, 2018; Bostrom, 2014). 

Competitive "race" dynamics between developers or nations 

could also encourage cutting corners on safety in order to be 

first (Hendrycks et al., 2023). 

8.5 Economic Disruption and Inequality 

If superintelligent systems can perform more cognitive work 

more cheaply than humans, labour markets could be 

transformed more rapidly and more broadly than in any 

previous technological transition. Acemoglu and Restrepo 

(2019) caution that automation that merely displaces 

workers without creating new tasks can reduce the labour 

share of income and increase inequality. Developing 

economies face particular exposure: business outsourcing, a 

pathway to development for several countries, could be 

among the first activities to be automated, while the gains 

from superintelligence may accrue mainly to countries and 

firms that own the underlying technology. 

8.6 Epistemic and Social Risks 

Highly persuasive systems capable of generating 

personalised content at scale could degrade the shared 

information environment, erode trust in institutions and 

weaken human autonomy in decision-making. Over-

dependence on superintelligent advisers could also erode 

human skills and judgement over time, a concern already 

evident in debates about the effects of AI on education and 

professional expertise. 

8.7 Existential and Catastrophic Risk 

At the extreme, several scholars argue that misaligned 

superintelligence could pose an existential risk to humanity, 
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meaning a risk of human extinction or the permanent and 

drastic curtailment of humanity's potential (Bostrom, 2014; 

Yudkowsky, 2008; Russell, 2019). In the expert survey by 

Grace et al. (2024), a majority of respondents assigned at 

least a small probability to outcomes as bad as human 

extinction from advanced AI. The International AI Safety 

Report (Bengio et al., 2025), prepared by a panel of experts 

nominated by around 30 countries and international 

organisations, concluded that there is significant 

disagreement among experts about the likelihood of loss-of-

control scenarios but that the possibility warrants serious 

attention. Critics argue that existential-risk framing may 

distract from present harms such as bias and labour 

exploitation. The two concerns are not mutually exclusive, 

and a mature research and policy agenda should address 

both. 
 

Table 6. Risk categories associated with superintelligence 

Risk category Description Illustrative manifestation Key mitigation approaches 

Misalignment System pursues goals that diverge 

from human intentions 

Reward hacking; deceptive 

behaviour during training 

Alignment research; interpretability; 

robust evaluation 

Loss of control Humans unable to correct or shut 

down a system 

System resists modification or acts to 

preserve itself 

Corrigible design; containment; 

staged deployment 

Malicious use Deliberate use for harm Cyberattacks on infrastructure; 

weapons design; disinformation 

Access controls; capability 

evaluations; export controls 

Power concentration Capabilities controlled by few actors Monopolistic dominance; 

authoritarian surveillance 

Competition policy; international 

agreements; transparency 

Economic disruption Rapid displacement of cognitive 

labour 

Mass unemployment in services and 

outsourcing 

Reskilling; social protection; benefit-

sharing mechanisms 

Epistemic harm Degradation of information and 

judgement 

Personalised manipulation; 

overreliance 

Provenance standards; digital 

literacy; human-in-the-loop 

Existential 

catastrophe 

Irreversible loss of human potential Uncontrolled superintelligence 

pursuing misaligned goals 

Safety-first development; global 

coordination; moratoria if warranted 

Source: Author's synthesis based on Amodei et al. (2016), Hendrycks et al. (2023), Bengio et al. (2024, 2025) and Bostrom 

(2014). 

 

9. GOVERNANCE, ETHICS AND POLICY 

RESPONSES 

9.1 Ethical Principles 

The past decade has seen a proliferation of AI ethics 

guidelines. Jobin et al. (2019) reviewed 84 such documents 

and found convergence around five principles: transparency, 

justice and fairness, non-maleficence, responsibility and 

privacy, but substantial divergence in how these principles 

were interpreted and implemented. Floridi et al. (2018) 

proposed a unified framework of five principles for a good 

AI society: beneficence, non-maleficence, autonomy, justice 

and explicability. These principles provide a useful 

foundation, but they were developed largely with narrow AI 

in mind and do not, on their own, address the distinctive 

challenges of systems that may exceed human capability. 

9.2 Global and Regional Instruments 

Governance of advanced AI has moved rapidly from 

voluntary principles to formal instruments. The European 

Union's Artificial Intelligence Act (Regulation (EU) 

2024/1689), which entered into force on 1 August 2024, 

establishes a risk-based regulatory regime and introduces 

specific obligations for general-purpose AI models, 

including additional duties for models deemed to pose 

systemic risk (European Parliament & Council of the 

European Union, 2024). In November 2023, governments 

attending the AI Safety Summit at Bletchley Park adopted 

the Bletchley Declaration, which recognised the potential 

for serious, even catastrophic, harm from frontier AI and 

committed signatories to international cooperation on safety 

(UK Government, 2023). This process led to the 

International AI Safety Report published in January 2025 

(Bengio et al., 2025). 

In Africa, the African Union Executive Council endorsed a 

Continental Artificial Intelligence Strategy in July 2024, 

which promotes an Africa-centric, development-oriented 

approach to AI that emphasises capacity building, inclusive 

growth and the management of risks (African Union, 2024). 
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At national level, Nigeria's Federal Ministry of 

Communications, Innovation and Digital Economy, working 

with the National Information Technology Development 

Agency (NITDA) and the National Centre for Artificial 

Intelligence and Robotics (NCAIR), published a draft 

National Artificial Intelligence Strategy in August 2024, 

organised around five strategic pillars covering 

infrastructure, the AI ecosystem, adoption, governance and 

ethics (Federal Ministry of Communications, Innovation and 

Digital Economy, 2024). 

These instruments represent important progress, but they 

share a common limitation from the perspective of this 

paper: they focus overwhelmingly on today's AI systems 

and their immediate harms. Few contain explicit provisions 

for the governance of AGI or superintelligence, such as 

thresholds that would trigger heightened oversight, 

international verification of training runs, or contingency 

plans for loss-of-control scenarios. 

9.3 Technical Governance 

Technical approaches complement legal and policy 

instruments. They include pre-deployment evaluations for 

dangerous capabilities (Shevlane et al., 2023), 

interpretability research that seeks to understand the internal 

mechanisms of models, red-teaming, staged and monitored 

deployment, secure model-weight storage, and the use of 

compute thresholds as a regulatory trigger. Dafoe (2018) 

argued that AI governance should be treated as a research 

field in its own right, encompassing the technical landscape, 

the political dynamics of AI competition and the design of 

institutions capable of managing transformative AI. 

9.4 Comparative Assessment of Selected Instruments 

Table 7 compares the principal instruments discussed above 

in terms of their legal nature, scope and treatment of the 

most advanced systems. The comparison highlights that 

binding obligations relating to very capable general-purpose 

models currently exist mainly in the European Union, while 

the continental and national frameworks relevant to Africa 

are primarily strategic and developmental in orientation. 

 

Table 7. Comparison of selected AI governance instruments 

Instrument Legal nature Primary focus Treatment of the most advanced 

systems 

EU Artificial 

Intelligence Act (2024) 

Binding regulation across EU 

member states 

Risk-based regulation of AI systems 

and general-purpose models 

Additional obligations for general-

purpose models with systemic risk 

Bletchley Declaration 

(2023) 

Non-binding intergovernmental 

declaration 

Shared understanding of frontier AI 

risks; cooperation 

Explicitly recognises potential for 

serious, even catastrophic, harm 

International AI Safety 

Report (2025) 

Independent scientific assessment Evidence on capabilities and risks of 

general-purpose AI 

Discusses loss-of-control risk and 

expert disagreement 

AU Continental AI 

Strategy (2024) 

Continental policy framework Development-oriented, Africa-

centric AI adoption and capacity 

Limited specific provisions for 

frontier or superintelligent systems 

Nigeria National AI 

Strategy (Draft, 2024) 

National strategic policy (draft) Infrastructure, ecosystem, adoption, 

governance and ethics 

Limited specific provisions for 

frontier or superintelligent systems 

Source: Author's analysis of European Parliament and Council of the European Union (2024), UK Government (2023), Bengio et 

al. (2025), African Union (2024) and Federal Ministry of Communications, Innovation and Digital Economy (2024). 

 

9.5 Proposed Framework: The Superintelligence 

Readiness and Governance Framework (SRGF) 

Drawing on the gaps identified in the reviewed literature, 

this paper proposes a Superintelligence Readiness and 

Governance Framework (SRGF), illustrated in Figure 2. The 

framework is intended as a diagnostic and planning tool for 

governments, regulators and large organisations. It consists 

of five interlocking layers. 
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Figure 2. The Superintelligence Readiness and Governance Framework (SRGF) (author's construct) 

 

Layer 1: Foundational Capacity. Readiness begins with 

the human, digital and institutional foundations needed to 

understand and engage with advanced AI. This includes 

STEM and AI education, research capacity, reliable 

electricity and broadband, data infrastructure, and 

cybersecurity. Without these foundations, countries cannot 

evaluate, adapt or regulate advanced systems and will 

remain passive recipients of technologies designed 

elsewhere. 

Layer 2: Technical Alignment and Safety. This layer 

comprises the technical measures that make systems safe to 

develop and deploy: alignment and interpretability research, 

dangerous-capability evaluations, red-teaming, secure 

infrastructure, incident reporting and staged deployment. 

National and regional AI safety institutes can provide 

independent testing capacity. 

Layer 3: Institutional Governance. Effective governance 

requires clear legal mandates, adaptive regulation and 

accountability mechanisms. Key elements include risk-

tiered regulation with capability or compute thresholds that 

trigger heightened oversight, licensing for frontier 

development, audit and disclosure requirements, liability 

rules and independent regulators with technical expertise. 

Layer 4: Socio-Economic Transition. Societies must 

prepare for profound changes in work and income. This 

layer includes reskilling and lifelong learning programmes, 

strengthened social protection, mechanisms for sharing the 

gains from AI-driven productivity, support for affected 

sectors and communities, and public engagement so that 

citizens can shape decisions about how technology is used. 

Layer 5: International Coordination. Because 

superintelligence would have global consequences, no 

country can govern it alone. This layer encompasses 

participation in international safety processes, information-

sharing on risks and incidents, agreements on verification 

and compute monitoring, technology-access and benefit-

sharing arrangements for developing countries, and regional 

coordination through bodies such as the African Union. 

The layers are interdependent. Technical safety measures 

(Layer 2) require foundational capacity (Layer 1) to 

implement and institutional mandates (Layer 3) to enforce; 

socio-economic measures (Layer 4) depend on the 

distribution of benefits negotiated internationally (Layer 5). 

Ethical principles of beneficence, non-maleficence, 

autonomy, justice and explicability (Floridi et al., 2018) run 

across all five layers. Table 8 sets out indicative readiness 

indicators for each layer. 
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Table 8. Indicative readiness indicators for the SRGF 

SRGF layer Indicative readiness indicators Illustrative actions for developing economies 

1. Foundational 

capacity 

AI research output; graduates in STEM; electricity 

reliability; broadband coverage; cybersecurity maturity 

Invest in AI research centres; expand reliable power and 

connectivity; strengthen national CERTs 

2. Technical 

alignment and safety 

Existence of AI testing capacity; incident reporting; 

participation in safety research 

Establish or join a regional AI safety institute; fund local 

evaluation of imported AI systems 

3. Institutional 

governance 

AI-specific legislation; regulator capacity; audit and 

liability rules 

Finalise and implement national AI strategy; create an 

empowered AI regulatory authority 

4. Socio-economic 

transition 

Reskilling coverage; social protection reach; sectoral 

transition plans 

Targeted reskilling in vulnerable sectors; digital public 

infrastructure for social support 

5. International 

coordination 

Participation in global summits and treaties; regional 

cooperation agreements 

Coordinate through the AU; negotiate access and benefit-

sharing; contribute to global standards 

Source: Author's construct. 

 

10. IMPLICATIONS FOR DEVELOPING 

ECONOMIES: THE CASE OF NIGERIA 

The transition to superintelligence will not be experienced 

uniformly. Developing economies face a distinctive 

combination of opportunities and vulnerabilities. Nigeria, as 

Africa's most populous country, with a young population, a 

growing technology sector and an economy heavily 

dependent on oil and gas, offers an instructive case. 

10.1 Opportunities 

Nigeria's demographic profile represents a potential 

advantage: a large, young and increasingly digitally 

connected population could adopt and adapt advanced AI 

tools rapidly. Superintelligent capabilities applied to 

agriculture, health, education, energy and public 

administration could help the country leapfrog infrastructure 

and capacity constraints, much as mobile telephony allowed 

many African countries to bypass fixed-line networks. In the 

oil and gas sector, advanced optimisation could improve 

safety, reduce flaring and leakage, and support a managed 

transition towards cleaner energy. In environmental 

management, AI-enabled monitoring and smart waste 

systems could help address urban pollution and climate 

vulnerabilities in cities such as Lagos and Port Harcourt. 

10.2 Vulnerabilities 

At the same time, Nigeria faces substantial vulnerabilities. 

Infrastructure deficits, particularly in reliable electricity and 

data centre capacity, limit the ability to develop or even host 

advanced AI systems. A shortage of specialised research 

capacity and the emigration of skilled professionals 

constrain the country's ability to evaluate and adapt 

imported technologies. Dependence on foreign AI providers 

creates risks of data extraction, cultural misalignment and 

loss of policy autonomy. Economic exposure is also 

significant: falling global demand for hydrocarbons, 

accelerated by AI-optimised energy systems, and the 

automation of services that might otherwise have been 

offshored to Nigeria could compress traditional 

development pathways. 

10.3 Strategic Priorities 

Using the SRGF, several priorities can be identified for 

Nigeria and comparable economies. In the foundational 

layer, the priority is investment in reliable power, broadband 

and computing infrastructure, alongside large-scale AI 

education and research funding. In the safety layer, Nigeria 

could work with other African states to establish a shared 

capacity to test and evaluate advanced systems for local 

contexts, including languages and data that global 

developers may overlook. In the institutional layer, 

finalising and implementing the National AI Strategy and 

creating a technically capable regulator are essential. In the 

socio-economic layer, targeted reskilling should anticipate 

disruption in sectors such as customer service, 

administration and parts of the energy industry. In the 

international layer, Nigeria and the African Union should 

seek a voice in global safety negotiations and advocate for 

equitable access to the benefits of advanced AI. 

11. DIRECTIONS FOR FUTURE 

RESEARCH 

The review identifies several priority areas for future 

research: 

i. Scalable alignment and oversight: methods 

that remain reliable as systems become more 

capable than their human overseers, including 

interpretability and automated oversight. 
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ii. Measurement and evaluation: better 

benchmarks for general capability, autonomy 

and dangerous capabilities, and indicators that 

could serve as early warnings of an approach 

to superintelligence. 

iii. Takeoff dynamics: empirical and modelling 

studies of AI-accelerated AI research, and of 

the physical and economic constraints that 

might slow or speed the transition. 

iv. Governance design: comparative studies of 

regulatory approaches, mechanisms for 

international verification of compute and 

training activity, and models of benefit-

sharing. 

v. Global South perspectives: empirical 

research on readiness, exposure and adaptation 

in African and other developing economies, 

including field validation of the SRGF 

indicators. 

vi. Sector-specific studies: analyses of the 

implications of advanced AI for energy, supply 

chains, environmental management, health and 

education in resource-dependent economies. 

vii. Ethics and values: participatory research on 

how diverse societies want advanced AI to 

reflect their values, consistent with the 

pluralism emphasised by Gabriel (2020). 

12. CONCLUSION AND RECOMMENDATIONS 

12.1 Conclusion 

This paper argued that the next major technological turn of 

events is not simply the continued diffusion of artificial 

intelligence, but the possible emergence of 

superintelligence: systems that greatly exceed human 

cognitive performance across virtually all domains. In 

answer to RQ1, superintelligence differs from current AI in 

kind as well as degree, because it implies autonomous 

agency, a reversal of the cognitive asymmetry between 

humans and their tools, and the potential for irreversible 

outcomes. In answer to RQ2, at least six pathways could 

lead to superintelligence, of which compute and data scaling 

combined with algorithmic innovation and AI-assisted 

research currently appear the most active. In answer to RQ3, 

the evidence does not establish that superintelligence is 

imminent, and significant technical obstacles remain; 

however, expert forecasts have moved earlier, and a 

substantial share of researchers regard human-level and 

superhuman AI as plausible within decades. In answer to 

RQ4, the opportunities, from scientific discovery to health, 

climate action and productivity, are matched by serious 

risks, including misalignment, loss of control, misuse, 

concentration of power, economic disruption and, at the 

extreme, existential catastrophe. In answer to RQ5, current 

governance instruments are an important start but are largely 

designed for present-day AI; the SRGF proposed here offers 

an integrated, five-layer approach to building readiness. 

The essential lesson echoes Good's (1965) conditional 

clause: the benefits of superintelligence depend on whether 

it can be kept under meaningful human direction. Preparing 

for that possibility is not alarmism; it is ordinary prudence in 

the face of a technology whose consequences could be 

among the most significant in human history. 

12.2 Recommendations 

i. For governments and policymakers: develop 

forward-looking AI strategies that explicitly 

consider AGI and superintelligence scenarios; 

establish technically competent regulators and 

AI safety evaluation capacity; adopt capability- 

or compute-based thresholds for heightened 

oversight; and participate actively in 

international safety processes. 

ii. For the African Union and regional bodies: 
pool resources for shared research, testing and 

computing infrastructure; coordinate 

negotiating positions on access, benefit-

sharing and safety; and ensure African 

languages, data and priorities are represented 

in global AI development. 

iii. For industry and developers: adopt safety-

first development practices, including 

dangerous-capability evaluations, staged 

deployment, incident reporting and 

transparency with regulators; invest a 

meaningful share of research resources in 

alignment and security. 

iv. For academia and research institutions: 
expand interdisciplinary research on 

alignment, governance and socio-economic 

impacts; integrate AI safety and ethics into 

computing, engineering and management 

curricula; and build research partnerships 

between the Global North and South. 

v. For organisations in energy, supply chain 

and other strategic sectors: conduct scenario 

planning for advanced AI; strengthen 

cybersecurity and data governance; and invest 

in workforce reskilling to manage transition. 

vi. For civil society and the public: promote 

digital and AI literacy, participate in 

consultations on AI policy, and hold 

developers and governments accountable for 

safety and fairness. 

Superintelligence is not inevitable, and neither its timing nor 

its character is predetermined. Those outcomes will be 

shaped by choices made by researchers, companies, 

governments and citizens in the coming years. The task 

before this generation is to ensure that, if humanity does 

create minds greater than its own, it does so wisely, safely 

and for the benefit of all. 
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