The Nature of Knowledge and Learning

  
    Knowledge Representation

  
  
  
  Concise Definition
Knowledge Representation (KR) is the subfield of artificial intelligence dedicated to designing explicit, computable structures that model facts, relationships, and constraints about the world, enabling algorithms to retrieve information and perform automated logical inference. It fundamentally concerns how a machine encodes what it knows so that it can deduce new, unstated truths, resolving ambiguity and executing complex cognitive tasks (Russell & Norvig, 2020).


Overview & Significance
An intelligent system must maintain a model of its environment to plan and act. Knowledge Representation is not merely data storage (like a relational database); it intrinsically couples the representation of facts with a reasoning engine capable of drawing inferences.

The significance of KR lies in defining the boundaries of what an AI can comprehend:


	Expressiveness vs. Tractability: The central trade-off in KR. A highly expressive language (such as full first-order logic) can model complex real-world situations but does not admit tractable general inference. Restricted languages (e.g., Horn-clause or description-logic fragments) can guarantee tractable inference but are less expressive (Levesque & Brachman, 1985). Even full propositional logic is NP-complete for satisfiability (Cook, 1971).

	Explainability and Verification: Explicit symbolic KR systems allow humans to formally verify truth, inspect the exact chain of logical deduction, and guarantee safety—capabilities entirely absent in the black-box continuous vectors of modern deep learning.

	The Grounding Problem: Bridging explicit symbolic ontologies with raw sensory perception (vision, audio) remains a core bottleneck in achieving reliable general intelligence.




Historical Development
Knowledge Representation was the foundational pillar of Symbolic AI (GOFAI) from the 1960s through the 1980s. Early researchers believed that if all common sense knowledge could be explicitly codified into formal logic, AGI would inevitably emerge.


	1970s: The development of Semantic Networks and Frames (Minsky, 1974), which attempted to capture stereotypical situations and default assumptions (e.g., an object classified as a "bird" inherits the property "can fly" by default).

	1980s: The rise of Expert Systems, which codified the tacit knowledge of human specialists (e.g., doctors, chemists) into massive databases of IF-THEN rules, combined with inference engines (forward and backward chaining).

	Late 1980s–1990s: The realization that the world contains inescapable uncertainty led to the ascendance of probabilistic reasoning, primarily Bayesian Networks (Pearl, 1988), which allowed KR to explicitly model causality and conditional probabilities.

	2000s to Present: The Semantic Web movement standardized Ontologies and Description Logics (e.g., OWL/RDF), leading to massive structured Knowledge Graphs (like Google's Knowledge Graph or Wikidata). Concurrently, Deep Learning introduced continuous Vector Embeddings, moving the field from discrete logic to high-dimensional statistical geometry.




Technical / Conceptual Explanation
4.1 Formal Logic as Representation

Logic is the bedrock of classical KR.


	Propositional Logic: Represents facts as atomic boolean variables (True/False) connected by logical operators (AND, OR, NOT, IMPLIES). Satisfiability is NP-complete in general (Cook, 1971); restricted fragments such as Horn clauses admit fast inference but limit expressiveness.

	First-Order Logic (FOL): Introduces objects, properties, relations, and quantifiers (∀\forall "for all", ∃\exists "there exists"). 
Example: ∀x(Human(x)  ⟹  Mortal(x))\forall x (\text{Human}(x) \implies \text{Mortal}(x))
FOL is highly expressive, but computing entailment (whether a new statement is a logical consequence of a knowledge base) is semi-decidable (a consequence of the undecidability results of Church, 1936, and Turing, 1936)—an algorithm might run forever if the statement is false.



4.2 Non-Monotonic Reasoning

In standard formal logic, if a fact is proven true, no additional information can make it false (monotonicity). Real-world reasoning is non-monotonic. If an AI knows Tweety is a bird, it assumes Tweety can fly. If it subsequently learns Tweety is a penguin, it must retract the earlier conclusion. Handling default assumptions and belief revision is a massive challenge in KR.

4.3 Knowledge Graphs and Ontologies

Modern symbolic KR frequently relies on Knowledge Graphs, representing knowledge as directed graphs of triples: (Subject, Predicate, Object)—e.g., (Paris, is_capital_of, France). Ontologies define the rigid schemas and taxonomic class hierarchies governing these graphs, ensuring that entities inherit the correct properties and logical constraints.

4.4 Vector Embeddings vs. Symbolic Representation

Modern Large Language Models (LLMs) represent knowledge implicitly via continuous vector embeddings. In an LLM, "Paris" and "France" are represented as dense arrays of floating-point numbers in a space of typically hundreds to thousands of dimensions, depending on the model.


	Symbolic KR: Discrete, explicitly interpretable, mathematically verifiable, brittle to synonyms and typos.

	Vector Embeddings: Continuous, captures nuanced semantic similarity, robust to noise, completely uninterpretable, incapable of strict logical verification.




Types, Components & Classifications

	Rule-Based Systems: Production systems containing condition-action (IF-THEN) pairs.

	Probabilistic Graphical Models: Bayesian networks that encode conditional dependencies and uncertainty via directed acyclic graphs.

	Ontological / Description Logics: Formal structures prioritizing precise categorization and inheritance (used heavily in medical/bioinformatics taxonomies).

	Spatial and Temporal KR: Specialized calculi (e.g., Allen's interval algebra; Allen, 1983) designed to represent shifting topological relationships and sequences of events over time.




Applications & Concrete Examples

	Retrieval-Augmented Generation (RAG): Modern AI architectures query external Knowledge Graphs or Vector Databases to retrieve factual passages, injecting them into the LLM's prompt window to ground generative text in verified facts.

	Biomedical Ontologies: The Gene Ontology (GO) project (Ashburner et al., 2000) provides a strict, computable framework for the model of biology, ensuring researchers globally use machine-readable classifications for cellular components and molecular functions.

	Autonomous Driving: Rule-based components have been proposed and used alongside neural networks as safety constraints [VERIFICATION NEEDED: source for the claim that deployed driving systems use rule-based "safety envelopes"].




Advantages, Limitations & Unresolved Questions
Limitations of Classical KR


	The Knowledge Acquisition Bottleneck: It is prohibitively expensive to hire domain experts to manually codify millions of logical rules.

	The Brittleness Problem: Formal logic shatters when encountering contradiction, ambiguity, or informal human language. 

	The Frame Problem: The challenge of specifying what does not change when an action occurs in a complex environment (McCarthy & Hayes, 1969).



Unresolved Scientific Questions


	Neuro-Symbolic Integration: How can we build a unified architecture that utilizes continuous deep learning for noisy sensory perception while utilizing discrete symbolic KR for verifiable, hallucination-free logical deduction?

	Implicit Knowledge Extraction: Can we reliably extract explicit, formal knowledge graphs directly from the opaque, continuous weights of a pre-trained LLM?




Current State of Knowledge
Most large-scale efforts no longer attempt to build general intelligence purely from hand-curated knowledge bases, although Cyc (Lenat, 1995) has continued as a long-running project [VERIFICATION NEEDED: Cycorp's current status as of 2026-10-15]. Large language models are unreliable fact-stores because of hallucination, and hybrid retrieval-augmented systems that query external knowledge graphs or databases are widely deployed; whether such hybrids are sufficient, or necessary, for reliable reasoning is debated [VERIFICATION NEEDED: survey or primary source for this debate].


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


	Near-Term (0–3 Years): Plausible growth in LLM-assisted construction of enterprise knowledge graphs from unstructured data (FCST-FOUND-003-001).

	Medium-Term (3–10 Years): Plausible increase in agent architectures that route logical or safety-critical steps to deterministic symbolic solvers (FCST-FOUND-003-002).

	Long-Term (10+ Years): Possible, and speculative, development of foundation models whose internal activations map provably onto human-readable symbolic structures (FCST-FOUND-003-003).




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



	FCST-FOUND-003-001
	LLM-assisted knowledge-graph construction becomes a standard enterprise data practice.
	Majority of surveyed enterprises with knowledge graphs report LLM-assisted construction, per a named industry survey.
	2026–2029
	Extraction accuracy sufficient for production.
	Medium (40–60%)
	Manual curation remains dominant due to quality concerns.
	Annual, October 2027
	Active



	FCST-FOUND-003-002
	Mainstream agent frameworks delegate logical or safety-critical steps to symbolic solvers.
	At least two widely used agent frameworks ship built-in symbolic-solver tool integrations in default configurations.
	2029–2036
	Continued agent adoption.
	Medium (40–60%)
	End-to-end neural reasoning suffices for most tasks.
	Annual, October 2027
	Active



	FCST-FOUND-003-003
	Interpretability research maps a foundation model's computation onto explicit symbolic structures.
	Peer-reviewed demonstration with verified faithfulness on a frontier-scale model.
	After 2036
	Unspecified; the claim of provable isomorphism is a strong hypothesis.
	Low (<20%)
	Interpretability remains partial and statistical.
	Annual, October 2027
	Active






Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-001 Artificial Intelligence: The overarching discipline.

	FOUND-002 Definitions of Intelligence: The role of memory and retrieval in cognition.

	FOUND-004 Computational Complexity in AI: The tractability trade-offs of inference algorithms.





	Related Methods & Technologies:
	TECH-LLM-001 Large Language Models: Implicit knowledge representation via continuous vectors.

	TECH-AGENT-001 Autonomous AI Agents: Systems that must maintain internal knowledge states.





	Advanced Implications & Future Trajectories:
	AGI-PATH-001 Scientific Pathways to AGI: The Neuro-Symbolic pathway to general intelligence.









  Sources, evidence and revision history
References & Foundational Literature

	Russell, S., & Norvig, P. (2020). Artificial Intelligence: A Modern Approach (4th ed.). Pearson. [Canonical textbook chapters defining logical agents and first-order logic].



	Levesque, H. J., & Brachman, R. J. (1985). A Fundamental Tradeoff in Knowledge Representation and Reasoning. In R. J. Brachman & H. J. Levesque (Eds.), Readings in Knowledge Representation (pp. 41 ff.). Morgan Kaufmann. [Seminal analysis showing, for several families of representation languages, that increased expressiveness brings intractability; end page not confirmed].



	Minsky, M. (1974). A Framework for Representing Knowledge. MIT AI Laboratory Memo 306. [Foundational proposal of Frame-based knowledge representation].



	Pearl, J. (1988). Probabilistic Reasoning in Intelligent Systems: Networks of Plausible Inference. Morgan Kaufmann. [The text that revolutionized KR by introducing Bayesian Networks for uncertainty].



	Lenat, D. B. (1995). CYC: A Large-Scale Investment in Knowledge Infrastructure. Communications of the ACM, 38(11), 33–38. https://doi.org/10.1145/219717.219745. [Primary documentation for Cyc, a large-scale manual KR project].



	Cook, S. A. (1971). The Complexity of Theorem-Proving Procedures. Proceedings of the Third Annual ACM Symposium on Theory of Computing (STOC '71), 151–158. https://doi.org/10.1145/800157.805047. [Introduced NP-completeness via Boolean satisfiability].



	Church, A. (1936). An Unsolvable Problem of Elementary Number Theory. American Journal of Mathematics, 58(2), 345 ff. https://doi.org/10.2307/2371045. [Undecidability result underlying the undecidability of first-order validity].



	Turing, A. M. (1936–37). On Computable Numbers, with an Application to the Entscheidungsproblem. Proceedings of the London Mathematical Society, s2-42(1), 230–265. https://doi.org/10.1112/plms/s2-42.1.230. [Undecidability of the Entscheidungsproblem].
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	Ashburner, M., Ball, C. A., Blake, J. A., et al. (20 authors) (2000). Gene Ontology: tool for the unification of biology. Nature Genetics, 25(1), 25–29. https://doi.org/10.1038/75556. [Describes the Gene Ontology].



	McCarthy, J., & Hayes, P. J. (1969). Some Philosophical Problems from the Standpoint of Artificial Intelligence. Machine Intelligence 4, Edinburgh University Press. https://www-formal.stanford.edu/jmc/mcchay69/mcchay69.html. [Origin of the frame problem; page range not confirmed].






Evidential Classification Matrix

	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Expressiveness vs. Tractability Trade-off
	Well Supported (formal analysis)
	Levesque & Brachman (1985)
	High



	Efficacy of Bayesian Networks for Uncertainty
	Established (Mathematical/Empirical)
	Pearl (1988)
	High



	Semi-Decidability of First-Order Logic
	Established (Mathematical Proof)
	Church (1936), Turing (1936–37), Russell & Norvig (2020)
	High



	Neuro-Symbolic AGI as necessary for reliability
	Contested (Scientific Debate)
	[VERIFICATION NEEDED: specific sources for each side; Marcus (2020) is ambiguous and is not cited]
	Active Debate






Revision History

	v1.0.0 (2026-10-15): Initial authoritative reference article drafted; citations not independently verified.

	v0.2.0 (2026-10-15): Corrected following independent fact-check audit (docs/audits/FOUND-003_audit.md); 8 findings applied, 4 items left marked for verification.






  


  
    Learning, Reasoning and Generalization

  
  
  
  Concise Definition
Learning is the process by which a system improves its performance on a class of tasks from experience or data. Reasoning is the derivation of conclusions from premises or evidence by some inference procedure. Generalization is the ability to perform well on inputs not encountered during learning. In AI the three are distinct but interdependent: learning without generalization is memorization, and reasoning without learned or supplied knowledge has nothing to operate on.


Overview & Significance
The central difficulty of machine learning is that a finite sample of examples is compatible with infinitely many rules. A learner therefore needs assumptions (an inductive bias) that favour some rules over others, and a theory of when those assumptions justify confidence in predictions. Reasoning, historically the focus of symbolic AI, addresses a different problem: given knowledge, what follows from it (FOUND-003 Knowledge Representation; FOUND-011 Logic and Formal Systems)?

The relationship between the two is a recurring question in AI. Statistical learners (see TECH-ML-001 Machine Learning and TECH-DL-001 Deep Learning) generalize well on many tasks without explicit rules, while logic-based systems reason exactly but depend on hand-supplied knowledge. Whether large language models reason, or reproduce patterns that resemble reasoning, is actively disputed (Section 8). Because a system's apparent competence can be a product of the training distribution, the distinction between learning a skill and generalizing beyond the data is central to evaluating claims about intelligence (CAP-BENCH-001 AI Evaluation).


Historical Development
Formal learning theory begins with Valiant's (1984) "A theory of the learnable", which defined learnability in terms of efficient algorithms that, with high probability, output an approximately correct hypothesis (the probably approximately correct, PAC, framework). Vapnik and collaborators developed statistical learning theory, relating generalization to the capacity of a hypothesis class (the Vapnik-Chervonenkis dimension). Shalev-Shwartz and Ben-David (2014) give a modern textbook treatment of both.

Wolpert (1996) showed that, averaged over all possible target functions, no learning algorithm outperforms any other (the "no free lunch" results), which makes explicit that generalization depends on assumptions about the problem rather than on the algorithm alone.

The classical picture, in which models with more capacity than the data warrant overfit, was challenged by deep learning practice. Zhang et al. (2017) showed that standard deep networks can fit training sets with randomly assigned labels, and argued that traditional measures of model complexity therefore do not by themselves explain why such networks generalize on real data. Belkin et al. (2019) proposed a "double descent" risk curve to reconcile modern over-parameterized models with the classical bias-variance trade-off.

On the reasoning side, deductive inference was mechanized in the 1950s and 1960s (Newell and Simon's Logic Theory Machine; resolution theorem proving), and is covered in FOUND-011 Logic and Formal Systems and HIST-003 Symbolic AI and the Perceptron. More recently, Wei et al. (2022) reported that prompting large language models to produce intermediate reasoning steps ("chain of thought") improved performance on arithmetic, commonsense and symbolic reasoning benchmarks. Lake et al. (2017) argued that human-like learning relies on compositional, causal models and intuitive theories, and that current networks lack them. Chollet (2019) proposed that intelligence be measured as skill-acquisition efficiency over a scope of tasks, controlling for prior knowledge and experience, rather than as skill on fixed tasks.


Technical / Conceptual Explanation
4.1 The learning problem

Let inputs x∈Xx \in \mathcal{X} and labels y∈Yy \in \mathcal{Y} be drawn from an unknown distribution D\mathcal{D}. A learner receives a sample S={(xi,yi)}i=1mS = \{(x_i, y_i)\}_{i=1}^{m} and selects a hypothesis hh from a class H\mathcal{H}. The true risk of hh under a loss ℓ\ell is

R(h)=E(x,y)∼D[ℓ(h(x),y)],R(h) = \mathbb{E}_{(x,y)\sim\mathcal{D}}[\ell(h(x), y)],

and the empirical risk is

R^S(h)=1m∑i=1mℓ(h(xi),yi).\hat{R}_S(h) = \frac{1}{m}\sum_{i=1}^{m} \ell(h(x_i), y_i).

The generalization gap is R(h)−R^S(h)R(h) - \hat{R}_S(h). Empirical risk minimization chooses hh to minimize R^S\hat{R}_S, and learning theory asks when the gap is small.

4.2 Capacity-based guarantees

For binary classification with a hypothesis class of VC dimension dd, standard results (see Shalev-Shwartz & Ben-David, 2014) bound, with probability at least 1−δ1-\delta over samples, the gap uniformly over H\mathcal{H} by a quantity of order

d ln⁡(m/d)+ln⁡(1/δ)m.\sqrt{\frac{d\,\ln(m/d) + \ln(1/\delta)}{m}}.

The bound shrinks with more data and grows with class capacity. It is distribution-free, which makes it conservative; for large neural networks the bound is typically too loose to be informative, which is the observation behind Zhang et al. (2017).

4.3 No free lunch and inductive bias

Wolpert (1996) shows that without assumptions linking training data to unseen cases, all algorithms have equal expected off-training-set performance when averaged uniformly over targets. Practical learners succeed because real problems are not uniformly distributed over targets: they are smooth, compositional, sparse or structured, and learner architectures encode matching biases (convolutions encode translation structure, for example).

4.4 Bias, variance and double descent

For squared loss, expected error decomposes into bias squared, variance and irreducible noise. In the classical regime, increasing capacity lowers bias and raises variance, producing a U-shaped test-error curve. Belkin et al. (2019) report empirically that, for several model families, test error can decrease again once capacity passes the interpolation threshold at which the model fits the training data exactly, giving a "double descent" curve. They propose a mechanism for this pattern. The phenomenon is documented for specific models; its extent across modern deep-learning practice is still being studied.

4.5 Forms of reasoning


	Deduction: conclusions follow necessarily from premises (truth-preserving). See FOUND-011 Logic and Formal Systems.

	Induction: general rules are inferred from instances; conclusions are probable, not guaranteed. This is the mode of statistical learning.

	Abduction: inference to the best explanation of observations.

	Probabilistic reasoning: updating degrees of belief under uncertainty (FOUND-008 Probability, Statistics and Bayesian Inference).



4.6 Distribution shift

Guarantees such as those in 4.2 assume test data are drawn from the training distribution D\mathcal{D}. When they are not (covariate shift, new task composition, new domains), performance can degrade in ways that in-distribution validation does not reveal. Chollet (2019) argues that measuring generalization requires tasks whose content the system cannot have encountered, which is the design aim of his proposed benchmark.


Types, Components & Classifications
Learning paradigms (details in TECH-ML-001 Machine Learning and TECH-RL-001 Reinforcement Learning): supervised, unsupervised and self-supervised, and reinforcement learning.

Kinds of generalization.


	In-distribution: new samples from the training distribution.

	Out-of-distribution: shifted conditions or inputs.

	Compositional: new combinations of known parts, a capability emphasised by Lake et al. (2017).

	Task or skill generalization: acquiring new skills efficiently, the notion formalized by Chollet (2019).



Reasoning approaches in AI.


	Symbolic: theorem provers, rule engines and constraint solvers, which are sound by construction but depend on a supplied formal representation.

	Statistical/neural: inference implicit in learned parameters.

	Prompted or trained step-wise reasoning in language models, as in Wei et al. (2022).

	Hybrid (neurosymbolic): combining the two; see FOUND-011 Logic and Formal Systems.




Applications & Concrete Examples

	Image and speech classification, translation, recommendation are deployed applications in which generalization from training data to new inputs is the core requirement; see TECH-DL-001 Deep Learning.

	Benchmark evaluation. Held-out test sets estimate in-distribution generalization. Contamination of training data by test items undermines such estimates (TECH-DATA-001 Training Data, Contamination and Provenance).

	Chain-of-thought prompting. Wei et al. (2022) report gains on arithmetic, commonsense and symbolic benchmarks for sufficiently large models; this is a laboratory result about benchmark accuracy, not proof of a particular internal mechanism.

	Random-label experiments. Zhang et al. (2017) fit networks to randomly labelled data as a diagnostic showing that capacity alone does not guarantee generalization.




Advantages, Limitations & Unresolved Questions
Strengths. Statistical learning scales to problems where explicit rules cannot be written; formal reasoning offers correctness guarantees relative to its premises.

Limitations.


	Classical capacity-based bounds are often uninformative for deep networks (Zhang et al., 2017).

	Learners inherit the biases and gaps of their training data, and shifts in distribution can produce failures not predicted by held-out accuracy.

	Prompted reasoning in language models can yield fluent but incorrect or unfaithful steps; the reported benchmark gains (Wei et al., 2022) do not settle whether the generated steps reflect the computation that produced the answer. [VERIFICATION NEEDED: cite a source on faithfulness of chain-of-thought explanations if this point is retained in later versions]

	Symbolic reasoning is brittle when knowledge is incomplete or inconsistent.



Unresolved questions. Why over-parameterized networks generalize as well as they do; how to define and measure generalization beyond the training distribution; whether reasoning in neural networks is a distinct capability or an extension of pattern learning; and how much prior structure a system needs to learn efficiently (the position argued by Lake et al., 2017).


Current State of Knowledge
As of 2026-10-15:


	The risk decomposition, PAC and VC frameworks and no-free-lunch results are established mathematics.

	Double descent is a documented empirical pattern for several model classes (Belkin et al., 2019); a unified theory for deep networks remains incomplete.

	Whether large language models "reason" is Contested. One position holds that step-wise generation and training on reasoning traces produces genuine multi-step inference; another holds that outputs reflect learned surface patterns that fail under distribution shift. This article does not resolve the dispute and points to TECH-REASON-001 Reasoning Models and Test-Time Compute and CAP-REASON-001 Reasoning, Planning and Long-Horizon Capability for current evidence. Benchmark figures change quickly and are tracked in the Living Reference collection (MODEL-001).

	The view that human-like generalization requires compositional and causal structure (Lake et al., 2017) is a research position, not a settled finding.




Future Trajectory & Strategic Outlook
No registered forecast is made here. Observed directions: evaluation designs aimed at novel-task generalization (Chollet, 2019); theory for over-parameterized models following Belkin et al. (2019); and integration of learned and symbolic components. Near-term progress is likely to be incremental and measured on benchmarks whose validity is itself debated. Claims that any specific architecture will close the gap between pattern learning and flexible reasoning within a given period are speculative and are not asserted.


Related Entries & Knowledge Graph

	Foundational Concepts:
	FOUND-003 Knowledge Representation: how knowledge to reason over is encoded.

	FOUND-008 Probability, Statistics and Bayesian Inference: the mathematics of inductive inference.

	FOUND-011 Logic and Formal Systems: the theory of deductive reasoning.

	FOUND-010 Optimization and Gradient Descent: how learners find hypotheses in practice.





	Related Methods & Technologies:
	TECH-ML-001 Machine Learning: the learning paradigms.

	TECH-DL-001 Deep Learning: over-parameterized learners.

	TECH-LLM-001 Large Language Models: systems in which the reasoning debate is concentrated.





	Advanced Implications & Future Trajectories:
	TECH-REASON-001 Reasoning Models and Test-Time Compute: reasoning-oriented training and inference.

	CAP-REASON-001 Reasoning, Planning and Long-Horizon Capability: measured reasoning capability.

	AGI-001 Artificial General Intelligence: generality as a defining target.
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Evidential Classification Matrix

	Section / Claim
	Evidence Category
	Supporting Source
	Confidence / Status



	Risk, empirical risk, generalization gap definitions
	Established
	Shalev-Shwartz & Ben-David (2014)
	High



	PAC learnability framework
	Established
	Valiant (1984)
	High



	No free lunch for learning algorithms
	Established
	Wolpert (1996)
	High



	Deep nets fit random labels; classical complexity measures insufficient
	Well Supported
	Zhang et al. (2017)
	Moderate to High



	Double descent in over-parameterized models
	Well Supported
	Belkin et al. (2019)
	Moderate; extent across deep learning under study



	Chain-of-thought prompting improves benchmark accuracy
	Preliminary to Well Supported
	Wei et al. (2022)
	Moderate; benchmark-specific



	LLMs "reason" in a robust, general sense
	Contested
	Wei et al. (2022); Lake et al. (2017)
	Low; unresolved



	Intelligence as skill-acquisition efficiency
	Contested (proposal)
	Chollet (2019)
	Moderate; one framework among several
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	v0.1.0 (2026-10-15): Initial draft. Citations checked="checked" against arXiv/Crossref/publisher pages where marked; not independently fact-checked.
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