What Is Intelligence?

  
    Artificial Intelligence

  
  
  
  Concise Definition
Artificial Intelligence (AI) is an interdisciplinary field of computer science, mathematics, and cognitive engineering concerned with constructing computational systems capable of performing tasks that typically require biological intelligence. These tasks encompass perception, natural language comprehension, pattern extraction, automated deduction, planning, empirical learning, and autonomous decision-making under uncertainty.


Overview & Significance
Artificial intelligence addresses the foundational question of whether physical computation can replicate, approximate, or transcend the cognitive mechanisms observed in human and animal nervous systems. Since its formal inception in the mid-twentieth century, the discipline has transformed from theoretical explorations of formal logic into the mathematical and computational foundation of contemporary digital infrastructure.

The significance of AI spans three interconnected domains:


	Scientific Inquiry: AI provides an algorithmic medium for testing hypotheses concerning the mechanics of cognition, representation, knowledge acquisition, and decision theory.

	Computational Engineering: It enables automated systems to parse complex, high-dimensional, unstructured data (such as vision, speech, and natural text) where classical closed-form analytic solutions are intractable.

	Socio-Economic Transformation: As AI capabilities advance from narrow domain-specific heuristics toward broad generality and potential superintelligence, the technology reshapes labor economics, scientific discovery, geopolitical competition, and legal governance.




Historical Development
The intellectual origins of machine intelligence extend to philosophical formalizations of deductive reasoning (Aristotle, Leibniz) and the mechanical computation designs of Charles Babbage and Ada Lovelace. In 1936, Alan Turing formulated the theoretical abstraction of universal computation, later proposing the operational evaluation of thinking machines via the Imitation Game (Turing, 1950).

The formal establishment of AI as an academic discipline occurred at the Dartmouth Summer Research Project on Artificial Intelligence in 1956, organized by John McCarthy, Marvin Minsky, Nathaniel Rochester, and Claude Shannon (McCarthy et al., 1955). Early research was dominated by Symbolic AI (GOFAI), which modeled intelligence through explicit symbol manipulation, formal logic, and heuristic state-space search (e.g., Newell, Shaw, & Simon's Logic Theorist in 1956 and the General Problem Solver in 1959).

Between the late 1960s and 1980s, the field experienced alternating cycles of rapid funding expansion and severe contraction, termed AI Winters. Early symbolic search methods struggled with combinatorial explosion (Lighthill, 1973), and symbolic systems also faced difficulties with perceptual grounding and the brittleness of handcrafted knowledge bases [VERIFICATION NEEDED: primary source for knowledge-base brittleness; Lighthill (1973) is cited here for combinatorial explosion only]. The commercial boom of expert systems in the early 1980s (e.g., XCON, DENDRAL) collapsed when maintenance costs and brittleness proved unsustainable.

A major paradigm shift occurred during the 1990s and 2000s toward Statistical Machine Learning. Driven by increasing digital data and processing power, researchers abandoned hand-coded heuristic rules in favor of probabilistic modeling, Bayesian networks, Support Vector Machines (Cortes & Vapnik, 1995), and statistical optimization. 

In 2012, the resurgence of deep artificial neural networks—demonstrated by AlexNet's victory in the ImageNet Large Scale Visual Recognition Challenge (Krizhevsky, Sutskever, & Hinton, 2012)—sparked the modern deep learning era. The subsequent introduction of the Transformer architecture (Vaswani et al., 2017) and compute-scaled foundation models established generative AI and agentic systems as the dominant frontier of contemporary research.


Technical / Conceptual Explanation
At its formal core, an artificial intelligence system can be mathematically formalized as an agent interacting with an environment:

Agent:P∗→A\text{Agent}: \mathcal{P}^* \to \mathcal{A}

where P∗\mathcal{P}^* represents the sequence of perceptual inputs received by the agent over time, and A\mathcal{A} denotes the set of actions available to the agent (Russell & Norvig, 2020). 

A rational agent is defined mathematically as one that selects an action a∈Aa \in \mathcal{A} that maximizes its expected performance measure UU, conditioned on the percept history and prior knowledge:

a∗=arg⁡max⁡a∈AE[U(s′)∣P∗,a]a^* = \arg\max_{a \in \mathcal{A}} \mathbb{E} \left[ U(s') \mid \mathcal{P}^*, a \right]

Fundamental Paradigms of AI Architecture


	Symbolic and Knowledge-Based Systems: Represent the world through formal propositions, ontologies, and semantic networks. Reasoning proceeds via inference rules (e.g., resolution, modus ponens, constraint satisfaction).

	Statistical and Connectionist Systems: Represent information as dense numerical vectors embedded in high-dimensional continuous metric spaces. Learning is formalized as optimizing a parameterized function fθ(x):X→Yf_\theta(x): \mathcal{X} \to \mathcal{Y} by minimizing an empirical loss function L(θ)\mathcal{L}(\theta) across a dataset D\mathcal{D}:



θ∗=arg⁡min⁡θ1∣D∣∑(x,y)∈DL(fθ(x),y)+λΩ(θ)\theta^* = \arg\min_\theta \frac{1}{|\mathcal{D}|} \sum_{(x, y) \in \mathcal{D}} \mathcal{L}(f_\theta(x), y) + \lambda \Omega(\theta)

   where Ω(θ)\Omega(\theta) serves as a regularization term penalizing model complexity.
3. Reinforcement Learning and Optimal Control: Formulated as a Markov Decision Process (MDP) defined by the tuple ⟨S,A,T,R,γ⟩\langle \mathcal{S}, \mathcal{A}, \mathcal{T}, \mathcal{R}, \gamma \rangle. The agent learns a behavioral policy π(a∣s)\pi(a \mid s) that maximizes expected discounted cumulative return:

Gt=∑k=0∞γkRt+k+1G_t = \sum_{k=0}^{\infty} \gamma^k R_{t+k+1}


Types, Components & Classifications
The AI taxonomy spans several orthogonal dimensions:

5.1 By Breadth of Capability


	Artificial Narrow Intelligence (ANI): Systems engineered and optimized to perform specific, bounded tasks (e.g., board games, protein folding, automated transcription, facial recognition). Most deployed systems are task-specific; whether general-purpose foundation models should be classed as narrow is contested (see AGI-001).

	Artificial General Intelligence (AGI): Hypothesized autonomous systems exhibiting cognitive flexibility, transfer learning, and causal reasoning across the full spectrum of economically and intellectually valuable human domains.

	Artificial Superintelligence (ASI): Hypothesized systems possessing cognitive capabilities that radically exceed the collective intellectual capability of humanity across scientific discovery, strategic synthesis, and creative generation.



5.2 By Underlying Computational Approach


	Approach
	Primary Mechanism
	Core Advantage
	Primary Limitation



	Symbolic AI
	Predicate calculus, knowledge graphs, heuristic search
	Deterministic auditability and formal verification (given a correct knowledge base)
	Extreme brittleness, manual ontology engineering, poor handling of noisy raw sensory data



	Statistical Machine Learning
	Probabilistic inference, kernel methods, tree ensembles
	Statistical learning-theory error bounds in some settings; often more interpretable parameters
	Feature engineering constraints, poor scaling to complex multimodal data



	Connectionist / Deep Learning
	Multilayer differentiable neural networks
	End-to-end representation learning, massive scalability
	High compute/data requirements, opaque internal representations, vulnerability to distribution shift



	Hybrid / Neurosymbolic AI
	Neural perception coupled with symbolic reasoning
	Combines robust pattern recognition with verifiable logical constraints
	Architectural complexity, non-differentiable interface bottlenecks






Applications & Concrete Examples

	Autonomous Systems & Robotics: Dynamic path planning, simultaneous localization and mapping (SLAM), and visual-inertial odometry in autonomous motor vehicles and uncrewed aerial systems.

	Natural Language Processing & Generative Models: Large-scale language modeling supporting machine translation, semantic document synthesis, and automated code generation.

	Scientific Discovery: Computational structural biology (e.g., AlphaFold, whose method is described in Jumper et al. (2021), has been used to release predicted structures for over 200 million proteins in the AlphaFold Protein Structure Database; Varadi et al., 2024, report coverage of over 214 million sequences as of that paper), material science crystallography, and magnetic control of tokamak plasmas by a reinforcement-learning controller in experiments (Degrave et al., 2022).

	Medical Diagnostics & Healthcare: Deep networks have been reported to match or exceed clinicians on specific, narrowly defined tasks under study conditions, for example breast-cancer screening on retrospective mammography data (McKinney et al., 2020) and diabetic-retinopathy detection in fundus photographs (Gulshan et al., 2016). Results depend on dataset and study design and do not establish general clinical equivalence.

	Financial & Algorithmic Trading: Automated fraud detection, high-frequency market microstructure modeling, and real-time systemic risk analysis.




Advantages, Limitations & Unresolved Questions
Demonstrated Advantages


	Processing Scale & Speed: Ingestion and statistical synthesis of millions of documents, tensors, or image frames per second.

	High-Dimensional Optimization: Discovery of complex, non-linear functional mappings beyond human perceptual intuition.

	Continuous Execution: Deterministic execution without cognitive fatigue or physiological attentional drift.



Core Technical Limitations


	Data Dependency & Inefficiency: Deep neural architectures frequently require millions to billions of tokens or labeled examples to achieve competence, whereas biological organisms learn efficiently from sparse observations.

	OOD Brittleness & Distribution Shift: Systems often degrade unpredictably when evaluated on out-of-distribution (OOD) test data differing from their training distribution.

	Interpretability & Explainability: The black-box nature of billions of continuous parameters obscures the causal attribution of model failures.

	Hallucination & Factual Reliability: Generative architectures generate syntactically fluent, semantically convincing assertions that may be factually incorrect or logically inconsistent.



Unresolved Scientific Questions


	Is computational scaling of autoregressive models sufficient to yield general reasoning, or are fundamental architectural breakthroughs required?

	How can autonomous agents be provably constrained to adhere to human value specifications under distribution shift (the AI Alignment Problem)?

	What constitute valid formal metrics for measuring machine intelligence without benchmark contamination?




Current State of Knowledge
The state of the art is defined by Foundation Models trained on web-scale multimodal corpora via self-supervised objectives, followed by preference alignment (RLHF, DPO). Scaling laws empirically confirm predictable loss reductions as compute, data, and parameter counts increase over several orders of magnitude (Kaplan et al., 2020; Chinchilla scaling laws, Hoffmann et al., 2022). 

However, frontier models continue to exhibit acute vulnerabilities to adversarial attacks, jailbreaks, hallucination, and multi-step reasoning drift. Researchers have explored test-time compute scaling, for example chain-of-thought prompting (Wei et al., 2022) and the allocation of additional inference-time compute (Snell et al., 2024), as a way to improve multi-step reasoning; the extent of these gains is under active evaluation.


Future Trajectory & Strategic Outlook
The following are plausible scenarios, not established facts, each registered as a forecast record per docs/EVIDENCE_FRAMEWORK.md section 2.


	Near-Term (0–3 Years): Plausible scenarios include wider use of tool-augmented multi-agent workflows, real-time multimodal interaction, local inference of quantized models, and retrieval-augmented generation (RAG) in enterprise software (FCST-FOUND-001-001).

	Medium-Term (3–10 Years): Plausible scenarios include autonomous software-engineering agents, robotics built on multimodal world models, automated research assistants, and expanded regulatory enforcement such as the EU AI Act; the status and application dates of any such instrument should be checked="checked" against official sources (FCST-FOUND-001-002).

	Long-Term (10+ Years): Possible, and contested, scenarios include convergence toward Artificial General Intelligence, large shifts in labor productivity, compute limits set by power infrastructure, and safety concerns about recursive self-improvement, which is a hypothetical mechanism (FCST-FOUND-001-003).




	Forecast ID
	Statement
	Operational definition
	Horizon
	Assumptions
	Confidence
	Alternative scenarios
	Review
	Status



	FCST-FOUND-001-001
	Tool-augmented agent workflows and RAG become routine components of enterprise software.
	Majority of surveyed large enterprises report production use of both, per a named industry survey.
	2026–2029
	No sustained reliability or cost setback; continued model access.
	Medium (40–60%)
	Adoption stays confined to pilot projects.
	Annual, October 2027
	Active



	FCST-FOUND-001-002
	AI agents autonomously resolve a substantial share of real-world software issues.
	Agent resolves at least half of a fixed, held-out real-repository issue benchmark without human edits, as reported by independent evaluators.
	2029–2036
	Continued capability growth; benchmark remains uncontaminated.
	Low–Medium (20–40%)
	Agents remain assistive tools requiring human review.
	Annual, October 2027
	Active



	FCST-FOUND-001-003
	A system is widely accepted as AGI under a stated operational definition.
	Meets the threshold defined in AGI-001 as judged by independent evaluators.
	After 2036
	Not specified; see AGI-001 and AGI-TIME-001.
	Not assigned in this article [VERIFICATION NEEDED: defer to AGI-TIME-001]
	No such system emerges; or definitions shift.
	Annual, October 2027
	Active






Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-002 Definitions of Intelligence: Comparative analysis of biological and machine cognition.

	FOUND-005 Philosophy of Mind & The Turing Test: Operational definitions of thought and functionalism.





	Related Methods & Technologies:
	TECH-ML-001 Machine Learning: Mathematical principles of empirical learning algorithms.

	TECH-DL-001 Deep Learning: Hierarchical differentiable representation learning.

	CAP-GENAI-001 Generative Artificial Intelligence: Architectures for synthetic content generation.





	Advanced Implications & Future Trajectories:
	AGI-001 Artificial General Intelligence: Thresholds, metrics, and cognitive breadth.

	ASI-001 Artificial Superintelligence: Theoretical limits and strategic control of superhuman systems.









  Sources, evidence and revision history
References & Foundational Literature

	Turing, A. M. (1950). Computing Machinery and Intelligence. Mind, 59(236), 433–460. https://doi.org/10.1093/mind/LIX.236.433. [Seminal paper proposing the Imitation Game and philosophical foundations of machine cognition].

	McCarthy, J., Minsky, M. L., Rochester, N., & Shannon, C. E. (1955). A Proposal for the Dartmouth Summer Research Project on Artificial Intelligence. Proposal dated 31 August 1955. https://www-formal.stanford.edu/jmc/history/dartmouth/dartmouth.html (a 2006 reprint in AI Magazine 27(4) exists [VERIFICATION NEEDED: reprint pages not checked]). [The foundational manifesto coining the term "artificial intelligence"].

	Newell, A., & Simon, H. A. (1956). The Logic Theory Machine: A Complex Information Processing System. IRE Transactions on Information Theory, 2(3), 61–79. https://doi.org/10.1109/TIT.1956.1056797. [First working automated symbolic reasoning program].
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	Kaplan, J., McCandlish, S., Henighan, T., Brown, T. B., Chess, B., Child, R., Gray, S., Radford, A., Wu, J., & Amodei, D. (2020). Scaling Laws for Neural Language Models. arXiv preprint arXiv:2001.08361. [Empirical demonstration of cross-entropy loss power-law scaling].
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	Varadi, M., Bertoni, D., Magana, P., et al. (2024). AlphaFold Protein Structure Database in 2024: providing structure coverage for over 214 million protein sequences. Nucleic Acids Research, 52(D1), D368–D375. https://doi.org/10.1093/nar/gkad1011. [Supports the size of the AlphaFold database. An earlier release is described in Varadi et al. (2022), Nucleic Acids Research 50(D1), D439–D444, https://doi.org/10.1093/nar/gkab1061].

	Degrave, J., Felici, F., Buchli, J., et al. (2022). Magnetic control of tokamak plasmas through deep reinforcement learning. Nature, 602(7897), 414–419. https://doi.org/10.1038/s41586-021-04301-9. [Supports the tokamak plasma control example].

	McKinney, S. M., Sieniek, M., Godbole, V., et al. (2020). International evaluation of an AI system for breast cancer screening. Nature, 577(7788), 89–94. https://doi.org/10.1038/s41586-019-1799-6. [Example of a task-specific medical-imaging evaluation].
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	Hoffmann, J., Borgeaud, S., Mensch, A., et al. (2022). Training Compute-Optimal Large Language Models. arXiv:2203.15556. https://arxiv.org/abs/2203.15556. [Compute-optimal scaling of parameters and tokens (the "Chinchilla" result)].

	Cortes, C., & Vapnik, V. (1995). Support-vector networks. Machine Learning, 20(3), 273–297. https://doi.org/10.1007/BF00994018. [Support Vector Machines as a statistical-learning method].

	Lighthill, J. (1973). Artificial Intelligence: A General Survey. Science Research Council (UK). [Cited for the critique of combinatorial explosion in AI search; report text not accessed by the editors, see [VERIFICATION NEEDED] in section 3].

	Wei, J., Wang, X., Schuurmans, D., et al. (2022). Chain-of-Thought Prompting Elicits Reasoning in Large Language Models. arXiv:2201.11903. https://arxiv.org/abs/2201.11903. [Chain-of-thought prompting].

	Snell, C., Lee, J., Xu, K., & Kumar, A. (2024). Scaling LLM Test-Time Compute Optimally can be More Effective than Scaling Model Parameters. arXiv:2408.03314. https://arxiv.org/abs/2408.03314. [Study of inference-time compute allocation].

	Schaeffer, R., Miranda, B., & Koyejo, S. (2023). Are Emergent Abilities of Large Language Models a Mirage? arXiv:2304.15004. https://arxiv.org/abs/2304.15004. [Argues that apparent emergent abilities can depend on the choice of metric].
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Evidential Classification Matrix

	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Rational Agent Formalization (P∗→A\mathcal{P}^* \to \mathcal{A})
	Established
	Russell & Norvig (2020)
	High



	Historical Inception & Dartmouth Conference (1956)
	Established
	McCarthy et al. (1955)
	High



	Neural Scaling Laws (Compute, Data, Parameters)
	Well Supported
	Kaplan et al. (2020), Hoffmann et al. (2022)
	Moderate–High (empirical, within tested ranges)



	Emergent Reasoning vs. Metric Artifacts
	Contested
	Schaeffer et al. (NeurIPS 2023)
	Active Debate



	Expert expectations about AI progress
	Contested
	Grace et al. (2024)
	Wide disagreement among respondents; no consensus claimed






Revision History

	v1.0.0 (2026-10-15): Initial authoritative reference article authored, expanding preliminary draft from constitutional blueprint Part XIII into the 13-section Unified Article Schema.

	v0.2.0 (2026-10-15): Corrected following independent fact-check audit (docs/audits/FOUND-001_audit.md); 9 findings applied, 3 items left marked for verification.






  


  
    Definitions of Intelligence

  
  
  
  Concise Definition
Intelligence is a multifaceted property of biological and computational systems characterized by the capacity to acquire knowledge, perceive complex patterns, reason abstractly, and adaptively achieve complex goals in novel environments. Because intelligence manifests across diverse substrates—ranging from human cognition and animal behavior to collective swarms and artificial algorithms—there is no single universally accepted scientific definition, but rather a spectrum of operational, psychological, and computational frameworks used to measure and model cognitive competence (Legg & Hutter, 2007).


Overview & Significance
The effort to define intelligence is central to both cognitive science and artificial intelligence (AI). A precise definition establishes the criteria by which the success of AI systems is evaluated and determines the theoretical thresholds for achieving Artificial General Intelligence (AGI).

The difficulty in defining intelligence arises from its inherently unobservable nature; it is a latent trait inferred from external behavior and task performance. Different disciplines emphasize different dimensions:


	Psychology emphasizes general cognitive factors (gg), fluid reasoning, and linguistic competence.

	Evolutionary Biology emphasizes adaptive fitness, morphological survival, and ecological problem-solving.

	Computer Science emphasizes rational agency, computational complexity, and expected utility maximization within formalized state spaces.



Understanding these divergent definitions is crucial because optimizing an AI system for a narrow operational metric of intelligence often fails to yield the robust, generalized competence expected of human cognition.


Historical Development
Historically, human intelligence was treated as a singular, indivisible phenomenon heavily intertwined with consciousness and the soul. In the late 19th and early 20th centuries, Charles Spearman identified a general intelligence factor (gg) that correlates performance across diverse cognitive tasks (Spearman, 1904), and Alfred Binet and Théodore Simon developed an early practical intelligence scale (1905). The "intelligence quotient" is usually credited to William Stern (1912) [VERIFICATION NEEDED: primary sources for Binet–Simon and Stern attributions].

With the advent of cybernetics in the 1940s, cybernetics researchers, including Norbert Wiener, framed goal-directed behavior as a property of information-processing systems rather than of biological tissue alone [VERIFICATION NEEDED: source for this characterization of Wiener and von Neumann]. In 1950, Alan Turing proposed replacing the question of whether machines think with a behavioral test, the Imitation Game (Turing Test), in which a machine's conversational responses are compared with a human's (Turing, 1950).

In the late 20th century, psychologists proposed multi-dimensional models, such as Howard Gardner's theory of multiple intelligences (Gardner, 1983), arguing against a monolithic gg-factor. Conversely, mathematical computer scientists sought absolute universality. In 2007, Shane Legg and Marcus Hutter proposed a formal definition of universal machine intelligence based on algorithmic probability (Legg & Hutter, 2007).


Technical / Conceptual Explanation
4.1 Psychometric and Human-Centric Definitions

In psychology, intelligence is typically conceptualized as an aggregate capacity. A 1994 statement first published in the Wall Street Journal and signed by 52 of the 131 researchers invited to sign it (Gottfredson, 1997) opens its definition: "Intelligence is a very general mental capability that, among other things, involves the ability to reason, plan,…", and goes on to list abilities such as abstract thinking, comprehension of complex ideas and learning from experience [VERIFICATION NEEDED: full wording to be checked="checked" against Gottfredson (1997)]. It was a signatory statement drafted in the context of the debate over The Bell Curve, not a consensus of the field.
This definition inherently anchors intelligence to the specific cognitive profile of Homo sapiens, making it problematic when applied to synthetic or alien architectures.

4.2 Behavioral and Task-Based Definitions

Turing's operational approach substituted a behavioral comparison for the question of whether machines think. Under this approach, if a system's observable behavior on a sufficiently broad set of tasks cannot be distinguished from a known intelligent entity (a human), it is deemed intelligent. Modern AI benchmarking (e.g., MMLU, Hendrycks et al., 2021; SWE-bench, Jimenez et al., 2024) relies heavily on this task-based framing, treating intelligence as aggregate accuracy over a battery of distinct tests.

4.3 Computational and Rational Agent Definitions

Artificial intelligence research frequently defines intelligence via rational agency. A rational agent maximizes its expected utility:

a∗=arg⁡max⁡aE[U(s′)∣a,e]a^* = \arg\max_{a} \mathbb{E} [ U(s') \mid a, e ]

Intelligence, in this framework, is the computational efficiency and accuracy with which an agent selects actions that achieve its objectives given its available sensor data (ee) and prior knowledge (Russell & Norvig, 2020).

4.4 Universal Machine Intelligence (Legg–Hutter)

Legg and Hutter (2007) provided a formalized, substrate-independent definition. They define intelligence Υ\Upsilon as an agent π\pi's expected capability to achieve goals across all possible computable environments E\mathcal{E}, weighted inversely by the algorithmic complexity K(μ)K(\mu) of each environment:

Υ(π)=∑μ∈E2−K(μ)Vμπ\Upsilon(\pi) = \sum_{\mu \in \mathcal{E}} 2^{-K(\mu)} V_\mu^\pi

The measure is incomputable and depends on the choice of reference machine, which limits its practical use. It captures the intuition that a highly intelligent agent should succeed not only in simple, common environments but also in complex, novel ones.


Types, Components & Classifications
Intelligence can be structurally classified by its breadth and locus:


	Narrow Intelligence (Competence): High performance optimized for a specific, bounded environment (e.g., a chess engine, a calculator). Does not adapt to out-of-domain tasks.

	General Intelligence (Generality): The capacity to acquire new competencies across previously unseen, structurally diverse domains through transfer learning and abstraction.

	Crystallized Intelligence: The application of acquired knowledge, facts, and stored heuristics to solve problems.

	Fluid Intelligence: The ability to solve novel reasoning problems independent of previously acquired knowledge.

	Collective Intelligence: Cognitive capacities that emerge not from a single agent, but from the network topology and interactions of many simpler agents (e.g., ant colonies, decentralized human markets, ensemble machine learning models).




Applications & Concrete Examples

	Psychometrics: IQ testing and cognitive diagnostics used in clinical psychology and educational placement.

	Biological Ethology: Testing corvids and cephalopods for tool use, causal reasoning, and deferred gratification to study non-human biological intelligence.

	AI Benchmarking: Utilizing the abstraction of general intelligence to construct standardized suites (e.g., the Abstraction and Reasoning Corpus, Chollet, 2019), which tests abstract reasoning over novel visual puzzles and was designed to resist memorization.




Advantages, Limitations & Unresolved Questions
Conceptual Limitations


	Anthropocentrism: Human-centric definitions penalize systems that solve problems using non-human heuristics, while task-based definitions (like the Turing Test) encourage deceptive mimicry over genuine comprehension.

	The Measurement Problem: Standardized AI benchmarks frequently suffer from Goodhart's Law; when a metric becomes an optimization target, it ceases to be a good measure. Systems can achieve high scores via dataset contamination or statistical correlation without possessing the underlying fluid reasoning the test was designed to measure.



Decoupling Related Concepts

A recurring challenge is the conflation of intelligence with distinct philosophical and operational properties:


	Consciousness / Sentience: Subjective phenomenal experience. An AI can possess superintelligence without any subjective inner life (the "philosophical zombie" thought experiment; see FOUND-005).

	Autonomy: The ability to select self-determined goals. A highly intelligent system may be designed as an "oracle" that only answers questions, possessing zero autonomy.

	Wisdom / Alignment: Intelligence is purely the instrumental capacity to achieve a goal. It does not dictate that the goal itself is safe, ethical, or beneficial (the Orthogonality Thesis, a hypothesis rather than an established result; Bostrom, 2012).



Unresolved Scientific Questions


	Is there a universal gg-factor for artificial neural networks? Do models that excel at natural language inherently develop better spatial or mathematical reasoning?

	Can intelligence exist without physical embodiment? Does true causal understanding require physical interaction with a grounded environment, or is statistical sequence modeling sufficient?




Current State of Knowledge
Many treatments distinguish between instrumental capability (intelligence) and subjective experience (consciousness); this article does not claim a surveyed consensus. Debate continues on whether current Large Language Models possess "understanding." Formal definitions such as Legg and Hutter's (2007) have been influential theoretically, though the measure is incomputable and sensitive to the choice of reference machine, which limits practical use. However, empirical benchmarking remains heavily fragmented, with researchers actively seeking evaluation frameworks that resist rote memorization (Chollet, 2019).


Future Trajectory & Strategic Outlook
The following are plausible scenarios, not established facts, each registered as a forecast record.


	Near-Term: Plausible continued shift toward abstraction and reasoning benchmarks (e.g., ARC-AGI) alongside, or in place of, anthropomorphic evaluations such as the Turing Test (FCST-FOUND-002-001).

	Medium-Term: Plausible expansion of definitions of intelligence to cover multi-agent systems (FCST-FOUND-002-002).

	Long-Term: Possible, but uncertain, convergence on a unified theory of intelligence spanning neuroscience, algorithmic information theory and machine learning (FCST-FOUND-002-003).




	Forecast ID
	Statement
	Operational definition
	Horizon
	Assumptions
	Confidence
	Alternative scenarios
	Review
	Status



	FCST-FOUND-002-001
	Abstraction-and-reasoning benchmarks are more widely reported than Turing-test results in frontier model evaluations.
	Share of major frontier-model technical reports that include an abstraction/reasoning benchmark versus a Turing-test evaluation.
	2026–2029
	Benchmarks remain uncontaminated and widely adopted.
	Medium (40–60%)
	Other benchmark families displace both.
	Annual, October 2027
	Active



	FCST-FOUND-002-002
	Evaluation frameworks for multi-agent AI systems appear in a major benchmark suite or standard.
	At least one widely used evaluation suite or standard explicitly scoring multi-agent behavior.
	2029–2036
	Multi-agent deployments become common.
	Low–Medium (20–40%)
	Evaluation stays at the single-model level.
	Annual, October 2027
	Active



	FCST-FOUND-002-003
	A unified theory of intelligence gains broad acceptance.
	Adopted as a standard framework in major textbooks across psychology, neuroscience and AI.
	After 2036
	Unspecified.
	Low (<20%)
	Definitions remain plural and domain-specific.
	Annual, October 2027
	Active






Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-001 Artificial Intelligence: The overarching field concerned with synthesizing intelligence.

	FOUND-005 Philosophy of Mind & The Turing Test: Deeper exploration of the mind-body problem and behavioral testing.





	Advanced Implications & Future Trajectories:
	AGI-001 Artificial General Intelligence: Systems exhibiting broad, human-equivalent fluid intelligence.
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	Confidence / Status



	Psychological gg-Factor Existence
	Well Supported (Empirical Psychology) [VERIFICATION NEEDED: no modern empirical review is cited]
	Spearman (1904), Gottfredson (1997)
	Moderate



	Rational Agent Mathematical Framework
	Established
	Russell & Norvig (2020)
	High



	Legg–Hutter universal intelligence measure
	Proposed formal definition [Hypothetical]
	Legg & Hutter (2007)
	Influential, contested
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	Contested
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    Collective and Animal Intelligence

  
  
  
  Concise Definition
Collective intelligence is the capacity of a group of agents, whether people, animals or software, to solve problems or make decisions in ways that depend on the group's organization and not only on the abilities of its individual members. Animal intelligence is the study of problem-solving, learning and social cognition in non-human species. Together these topics supply two contrasts for AI: intelligence that is not human in kind, and intelligence that is not located in a single agent.


Overview & Significance
Definitions of intelligence built around a single human mind (see FOUND-002 Definitions of Intelligence) leave open="open" two questions that AI research has to answer in practice. First, which cognitive abilities are specific to humans, and which are shared with other animals whose brains have very different structure? Second, can an aggregate of simple or partially informed agents exhibit competence that none of its members has?

Both questions bear on AI design. Comparative cognition gives a set of tasks and a vocabulary (causal reasoning, flexibility, prospection, social cognition) that is reused when AI systems are assessed, and it shows that complex cognition can arise in distantly related lineages with different neural architecture. Collective intelligence supplies mechanisms (stigmergy, voting, diversity of problem-solving methods) that have been turned into algorithms, and it frames current multi-agent LLM systems and the organizational view of AI deployment.

The topic also requires care about claims. Metaphors from biology ("hive mind", "swarm") are widely used in AI discussions, but the empirical literature on group performance is narrower than those metaphors suggest.


Historical Development
Early quantitative work on group judgement is usually traced to Francis Galton's 1907 note "Vox Populi" in Nature, which analysed estimates of an ox's weight made by visitors to a livestock fair and found that the central estimate of the crowd was close to the true value (Galton, 1907). The observation is the classic illustration of error cancellation in aggregated independent judgements.

Comparative psychology developed through the twentieth century around tool use, memory and social learning in primates and other vertebrates. A widely cited review by Emery and Clayton (2004) argued that corvids (crows, jays and relatives) show tool manufacture, mental time travel and social cognition comparable in kind to that studied in apes, and that such abilities evolved more than once in lineages with very different brain structure.

In computing, Reynolds (1987) showed that flocking behaviour in simulated "boids" could be generated from local rules of separation, alignment and cohesion without a leader. Dorigo, Maniezzo and Colorni (1996) proposed the Ant System, an optimization method inspired by pheromone-mediated foraging in ant colonies. The label "swarm intelligence" was later applied to this family of methods. In parallel, Hong and Page (2004) gave a formal model of group problem-solving in which diversity of method can outweigh individual ability, and Woolley et al. (2010) proposed a measurable collective intelligence factor for small human groups. Legg and Hutter (2007) offered a definition of machine intelligence abstract enough to apply to agents of any kind, which is one route to comparing animal, human, collective and artificial intelligence on a single scale.


Technical / Conceptual Explanation
4.1 Conditions for crowd accuracy

Suppose nn agents each give an estimate xi=θ+ϵix_i = \theta + \epsilon_i of a quantity θ\theta, where the errors ϵi\epsilon_i have zero mean and variance σ2\sigma^2. If the errors are independent, the variance of the mean estimate is

Var⁡(xˉ)=σ2n.\operatorname{Var}(\bar{x}) = \frac{\sigma^2}{n}.

If errors share a common pairwise correlation ρ\rho, the variance becomes

Var⁡(xˉ)=σ2n(1+(n−1)ρ),\operatorname{Var}(\bar{x}) = \frac{\sigma^2}{n}\bigl(1 + (n-1)\rho\bigr),

which tends to ρσ2\rho\sigma^2 as nn grows. Aggregation therefore removes independent error but not shared bias, which is why the independence and diversity of members matter more than their number. This is a statistical identity, not an empirical claim about any particular crowd.

4.2 Diversity and problem-solving teams

Hong and Page (2004) model agents as having different representations of a problem and different search heuristics. They show that, under their assumptions, a team drawn at random from a diverse population can outperform a team consisting of the individually best performers, because the best individuals tend to be similar to one another. The result is a mathematical property of the model. Whether real teams meet its assumptions is an empirical matter, and the model should not be read as showing that diversity always beats ability.

4.3 Stigmergy and local rules

In stigmergy, agents coordinate indirectly by modifying a shared environment. In the Ant System, artificial ants deposit "pheromone" on edges of a graph in proportion to solution quality, and later ants choose edges with probability weighted by pheromone and a heuristic desirability, with evaporation preventing premature convergence (Dorigo et al., 1996). The coordination is carried by the environment's state, not by messages between agents. Flocking models achieve coordinated motion from purely local rules (Reynolds, 1987).

4.4 Measuring collective intelligence in people

Woolley et al. (2010) applied the logic of psychometric factor analysis to groups. In two studies with 699 people working in groups of two to five, they found converging evidence of a general factor, termed c, that explains group performance across a variety of tasks. They reported that c was not strongly correlated with the average or maximum individual intelligence of members, but was correlated with average social sensitivity, equality of conversational turn-taking, and the proportion of women in the group.


Types, Components & Classifications
Collective intelligence in biological systems.


	Insect colonies: ant foraging via pheromone trails; honeybee nest-site selection, studied in detail by Seeley (2010), in which scouts advertise candidate sites and the swarm reaches a quorum.

	Vertebrate groups: schools, flocks and herds, where local interaction rules can transmit information across the group.



Collective intelligence in human groups. Aggregation of judgements (polls, prediction markets, "wisdom of crowds"), deliberating teams, and large distributed projects. The field is surveyed in Malone and Bernstein (2015).

Animal intelligence, by domain. Physical cognition (tool use, causal reasoning), social cognition (cooperation, deception, perspective-taking), memory and planning (caching behaviour, "mental time travel" in corvids), and communication. The review by Emery and Clayton (2004) proposes that complex cognition depends on a "tool kit" of causal reasoning, flexibility, imagination and prospection.

Algorithmic derivatives.


	Ant colony optimization (Dorigo et al., 1996).

	Particle swarm optimization and related population methods (not covered by a source in this article's reference list; see TECH-MARL-001 Multi-Agent Systems for the agent-based treatment).

	Multi-agent systems and ensembles in machine learning, in which several models are combined.




Applications & Concrete Examples

	Optimization. Ant-colony methods were proposed for combinatorial problems such as the travelling salesman problem (Dorigo et al., 1996). They are one of several metaheuristic families; the Ant System paper itself reports results on small benchmark instances, and the article does not claim superiority over other heuristics.

	Computer graphics. Reynolds's flocking model became a standard technique for animating groups of creatures (Reynolds, 1987).

	Organizational design. The collective intelligence factor motivates research on team composition and communication norms (Woolley et al., 2010; Malone & Bernstein, 2015).

	Comparative benchmarks. Animal-cognition tasks (object permanence, tool use, delayed gratification) are used as reference points when researchers discuss which abilities current AI systems lack; this use is conceptual, and standardized cross-species and AI benchmarks remain rare.

	Multi-agent AI. Ensembles and multi-agent LLM pipelines are sometimes described as "collective intelligence". Whether such systems display the properties documented for human or insect collectives, as opposed to being engineered pipelines, is a matter of definition and is discussed in TECH-AGENT-001 Autonomous Agents.




Advantages, Limitations & Unresolved Questions
Strengths. Distributed systems are robust to the loss of individual members, scale by adding agents, and can combine partial information. Aggregation reduces independent error (Section 4.1).

Limitations.


	Correlated errors defeat aggregation. Herding, shared information sources and social influence reduce the independence the statistical argument requires.

	The collective intelligence factor rests on a limited set of studies with small groups; its stability across populations, task batteries and communication media is not established in this article's sources, and it should be treated as a proposed construct.

	Diversity results such as Hong and Page (2004) are conditional on model assumptions.

	Comparative cognition faces an inference problem: behaviour consistent with causal reasoning may be explained by simpler mechanisms, and the same task can recruit different mechanisms across species. The conclusion that corvids and apes "share cognitive tools" is an interpretation drawn from reviewed studies and is open="open" to alternative accounts.



Open questions. Whether a general intelligence factor is the right model for groups; how to compare intelligence across species and across biological and artificial systems without anthropocentric task design; and whether collectives of AI agents will show emergent coordination failures or competencies not predictable from single-agent evaluations.


Current State of Knowledge
As of 2026-10-15, the following can be stated with differing confidence (classification in Section 12).


	The statistical benefit of aggregating independent estimates is a mathematical result.

	Swarm-inspired algorithms are established as a family of optimization heuristics; their relative performance is problem-dependent.

	Complex cognition in corvids and in apes, and the evolutionary independence of those capacities, is supported by a body of studies reviewed by Emery and Clayton (2004); later work may have revised parts of that picture, and this article has not systematically reviewed it.

	The existence and structure of a collective intelligence factor in human groups is supported by one influential set of studies (Woolley et al., 2010) and by subsequent literature this article has not surveyed. [VERIFICATION NEEDED: replication status of the c factor across later studies]




Future Trajectory & Strategic Outlook
This section makes no registered forecast. Observed trends and open="open" directions:


	Near term (0-3 years). Continued use of multi-agent LLM systems; evaluation methods for groups of AI agents remain immature, so claims of emergent collective competence should be checked="checked" against single-agent baselines.

	Medium term (3-10 years). Closer integration of comparative-cognition tasks into AI evaluation is plausible but not assured; it depends on whether the field adopts shared protocols.

	Long term (10+ years). Speculative scenarios in which collectives of AI systems coordinate at scale belong to the safety and governance literature (see SAFE-XRISK-001 Existential Risk from AI); they are hypothetical.




Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-002 Definitions of Intelligence: the definitions that group and animal intelligence stretch.

	FOUND-001 Artificial Intelligence: the discipline within which these analogies are used.





	Related Methods & Technologies:
	TECH-MARL-001 Multi-Agent Systems: engineered multi-agent coordination.

	TECH-AGENT-001 Autonomous Agents: single and multiple agent architectures.

	FOUND-012 Game Theory and Decision Theory: formal models of cooperation and competition among agents.

	FOUND-013 The Brain and Biological Neurons: the neural substrate of animal cognition.





	Advanced Implications & Future Trajectories:
	AGI-001 Artificial General Intelligence: questions of generality across species and systems.

	SAFE-XRISK-001 Existential Risk from AI: multi-agent and collective risk scenarios.
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	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Independent errors average out; shared bias does not (Section 4.1)
	Established
	Mathematical identity; Galton (1907) as illustration
	High



	Diverse random teams can beat teams of top individuals under model assumptions
	Established (as a model result)
	Hong & Page (2004)
	High for the model; applicability to real teams is Contested



	Collective intelligence factor c exists in small human groups
	Preliminary
	Woolley et al. (2010)
	Moderate; replication not reviewed here



	Convergent evolution of complex cognition in corvids and apes
	Well Supported
	Emery & Clayton (2004)
	Moderate; reviewed interpretation



	Ant-colony optimization as a heuristic family
	Established
	Dorigo et al. (1996)
	High



	Multi-agent AI systems exhibit emergent collective intelligence
	Contested
	None cited
	Low; definitional dispute






Revision History

	v0.1.0 (2026-10-15): Initial draft. Citations checked="checked" against arXiv/Crossref/publisher pages where marked; not independently fact-checked.






  

OEBPS/nav.xhtml
Contents

		What Is Intelligence?





