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Abstract 

Symbolic artificial intelligence reasons transparently from explicit rules, but those rules 

must be authored by hand and cope poorly with unfamiliar cases. Statistical methods learn 

from data and generalise well, yet leave their knowledge distributed across parameters that 

cannot be inspected or edited. Hybrid systems combining the two are the common response 

to the limitations of each, and building one requires deciding which knowledge to hold 

explicitly and which to leave learned. Knowledge representation is the sub-field concerned 

with the first of these – encoding facts, concepts, relationships, and rules in a form a 

machine can store, interrogate, and reason over. This chapter treats those foundations in 

depth: the kinds of knowledge a system holds, the vocabulary of entities, relations, rules, 

and inference, and the tension between how much a representation can express and how 

quickly it can be reasoned over. That tension has shaped where machine knowledge is kept, 

moving from hand-authored rules to formal logic, then to shared ontologies and knowledge 

graphs, and lately into model parameters. Six families of technique are examined with 

worked examples: logic and rules, frames and ontologies, probabilistic representation, 

knowledge graphs, learned embeddings, and temporal and spatial representation. Deliberate 

representation is what allows a claim to be checked, updated, and traced to its source, even 

when a model can produce it from memory. 
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Introduction 

Artificial intelligence has developed along two broad lines. Symbolic systems hold 

what they know as statements a person can read, check, and edit. Statistical 

systems learn from data, with the result distributed across numerical parameters 

that resist inspection. Neither system has proved sufficient alone, which is why 

working systems increasingly combine the two (d’Avila Garcez & Lamb, 2023). 

Such combination raises a question the architecture itself does not settle: which 

knowledge should a system hold explicitly, and which should it learn? 

Knowledge representation (KR) is the field concerned with how Symbolic 

systems store and manipulate information. It is the theoretical and practical 

backbone of Symbolic AI. However, KR as a field has evolved to also address how 

knowledge can be structured and integrated into modern statistical and hybrid AI 

systems. It studies how facts, concepts, relationships, and rules can be encoded so 

that a machine can store them, search them, and draw conclusions from them 

(Davis et al., 1993; Russell & Norvig, 2021). In modern AI, KR also encompasses 

distributed representations such as word embeddings (Carlson et al., 2025; 

Pennington et al., 2014) or latent vectors in neural networks. 

The consequences of that encoding become clear through an example used 

throughout this chapter. A university records that a student must pass Discrete 

Mathematics before enrolling in Algorithms. A spreadsheet holds this as a pair of 

cells. A logical system states it as a rule, which can be chained with other rules to 

derive a complete study path. A neural model absorbs it into weights learned from 

thousands of enrolment histories. All three hold the same fact. Only the second can 

explain why a particular student was blocked from enrolling, and only the first two 

can be corrected by editing a single entry. 

Representation therefore determines three things: what a system can infer 

beyond what it was told, what it can explain about its own conclusions, and what it 

can be held accountable for when those conclusions affect people. 

This chapter covers the foundations of knowledge representation, the shift 

in where machine knowledge has been kept, six families of technique illustrated on 

a common example, and the reasons explicit representation remains necessary in 

systems that also learn. 

 

Foundations of Knowledge Representation 

Data, Information, and Knowledge 

The three terms are often used interchangeably, though they mark distinct levels. 

Data are uninterpreted symbols: the string CBMA2103 and the number 65. 

Information is data placed in a context that gives it meaning: student 12345 scored 

65 in CBMA2103. Knowledge adds the general statements that let new conclusions 

be drawn from information: a score of 50 or above is a pass, and a pass in 

CBMA2103 satisfies the prerequisite for CBSP2103. 
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The distinction matters because only the third level supports inference. A 

database can report the score. A knowledge base can determine, without being told, 

that the student may now enrol. 
 

Kinds of Knowledge 

Declarative knowledge states what is true. The prerequisite relation above is 

declarative: it asserts a fact about the world and says nothing about how to use it. 

Procedural knowledge states how to act. The sequence of checks an academic 

advisor performs when confirming a student's eligibility is procedural. 

Heuristic knowledge captures rules of thumb that work well without being 

guaranteed. An advisor might know that students who fail a mathematics course 

twice rarely succeed on a third attempt. Expert systems of the 1970s and 1980s 

were built largely from knowledge of this kind (Buchanan & Shortliffe, 1984). 

Meta-knowledge is what a system knows about its own knowledge: which 

facts are reliable, which are out of date, and where its coverage ends. Systems 

lacking it cannot distinguish a confident answer from a guess, a limitation that 

carries directly into contemporary language models. 
 

The Vocabulary of Representation 

Most representations are built from a small set of primitives. Entities are the things 

a system reasons about: students, courses, semesters. Attributes are properties of 

entities, such as a course code or credit value. Relations connect entities, as in 

Algorithms has-prerequisite Discrete Mathematics. Rules state general conditions 

under which conclusions follow. Inference is the process of deriving statements 

that were never explicitly stored. 

Two properties of an inference procedure deserve attention. A procedure is 

sound if everything it derives is true given what it was told. It is complete if it 

derives everything that is true given what it was told. Soundness protects against 

false conclusions, while completeness ensures none are missed. Rich 

representations frequently force a choice between the two, or make complete 

reasoning too slow to run. 

The difference between a stored fact and a derived one is central. Suppose 

the prerequisite chain runs from Mathematics for IT to Discrete Mathematics to 

Algorithms. A system holding only the adjacent pairs can still derive that the first 

course is required, indirectly, for the third. That conclusion was never stored. 

Representation is what makes such derivation possible. 

 

The Several Roles a Representation Plays 

Davis, Shrobe, and Szolovits (1993) observed that any representation performs five 

roles at once, each imposing its own demands. 

A representation is a surrogate: a stand-in for things in the world, and 

necessarily an imperfect one. It is a set of ontological commitments, a decision 

about which distinctions matter, taken before any reasoning occurs. Choosing to 
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model courses but not individual class sessions determines what can subsequently 

be asked. It is a theory of intelligent reasoning, an implicit claim about which 

conclusions should follow from what. It is a medium for efficient computation, 

since a representation nobody can compute with has no practical use. It is a 

medium of human expression, readable by the people who build, audit, and 

maintain it. 

These roles conflict. A representation rich enough to capture fine 

ontological distinctions is often too slow to compute with. One optimised for 

computation may become unreadable. Design in this field consists largely of 

managing that conflict. 

 

Questions That Recur Across Formalisms 

Four questions arise regardless of which technique is chosen. 

The first concerns expressiveness against tractability. Richer representations 

permit more to be said, at the cost of slower reasoning. First-order logic can 

express almost any relationship, though determining what follows from a set of 

first-order statements is undecidable in general. Description logics deliberately 

restrict expressiveness to guarantee that reasoning terminates (Baader et al., 2017). 

Neither choice is correct in the abstract. 

The second concerns absent information. Under the closed-world 

assumption, anything not stated is taken to be false, so a student with no recorded 

pass is treated as not having passed. Under the open-world assumption, the same 

absence means only that the system does not know. Database systems generally 

adopt the first, ontology languages the second. Applying the wrong assumption 

produces conclusions that are confident and incorrect. 

The third concerns revision. Classical logic is monotonic, meaning that 

adding facts never withdraws earlier conclusions. Practical reasoning is not. A 

student provisionally eligible for a course ceases to be eligible once a failed resit is 

recorded. Non-monotonic formalisms allow conclusions to be retracted as 

knowledge grows. 

The fourth concerns meaning. Symbols inside a machine acquire 

significance only through their connection to the world outside it. A system 

manipulating the token Algorithms has no access to what the course involves. This 

is the symbol grounding problem (Harnad, 1990), and it becomes acute when 

representations are learned from data rather than authored by hand. 

 

Where Machine Knowledge Has Been Kept 

Rather than recount the history of artificial intelligence, which is treated elsewhere 

in this volume, this section follows one thread: the changing answer to where a 

system's knowledge resides. 

Early symbolic systems kept it in hand-authored structures. Semantic 

networks represented concepts as nodes and relations as labelled links (Quillian, 
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1968). Frames grouped what was known about a concept into slots carrying default 

values (Minsky, 1974). Production rules encoded expertise as condition-action 

pairs, and expert systems such as MYCIN showed this was sufficient for narrow 

diagnostic tasks (Buchanan & Shortliffe, 1984). Knowledge lived in files a person 

had written and could revise. 

Formal logic relocated knowledge into declarative statements with defined 

semantics. Description logics later constrained expressiveness in exchange for 

decidable reasoning, supplying the theoretical basis for ontology languages 

(Baader et al., 2017). 

Web-scale work moved knowledge out of individual systems into shared 

structures. The Resource Description Framework (RDF) represented facts as 

subject-predicate-object triples, and the Web Ontology Language (OWL) added the 

means to define classes and constraints over them (Berners-Lee et al., 2001; W3C 

OWL Working Group, 2012). Knowledge graphs built on these foundations now 

underpin search, commerce, and biomedical research (Hogan et al., 2021). 

Neural methods dissolved knowledge into parameters. Embeddings place 

entities and relations in a continuous vector space, where similarity and even 

relational structure can be computed arithmetically (Bordes et al., 2013; Ji et al., 

2022). Large language models extend this further, holding substantial knowledge 

implicitly in weights that nobody authored and nobody can directly edit. 

The trajectory runs from knowledge that is fully explicit and fully editable 

toward knowledge that is neither. Each step gained scale and robustness. Each also 

surrendered a degree of inspectability. Figure 2.1 summarises this shift. 

 

Figure 2.1 

Where Machine Knowledge Has Been Kept 

 
Note. Each era relocated knowledge to a new medium. Scale and robustness rose 

across the sequence; the ease with which a person could inspect or edit what the 

system knew fell. 

5



 
 

 

Techniques for Representing Knowledge 

Each technique below is applied to the same small domain: a university curriculum 

with courses, prerequisites, students, and enrolment decisions. Holding the domain 

constant makes the differences between formalisms visible. Figure 2.2 places five 

of the encodings side by side; temporal and spatial representation is omitted 

because the example involves no change over time. The subsections that follow 

examine each technique in turn. 

 

Figure 2.2 

One Body of Knowledge Encoded Five Ways 

 
Note. The shaded panel states the knowledge to be represented. Each remaining 

panel encodes the same two facts in a different formalism, with the derived 

conclusion each supports. The formalisms differ less in what they can store than in 

what they can conclude and justify. 
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Logic and Rules 

First-order logic represents knowledge as statements over entities, predicates, and 

quantifiers. The prerequisite rule becomes: 

∀s ∀c (Passed(s, prerequisiteOf(c)) → Eligible(s, c)) 

Production rules express the same knowledge in condition-action form, which 

domain experts generally find easier to author: 

IF student has passed CBMA2103 THEN student is eligible for CBSP2103 

Given the stored fact Passed(Ali, CBMA2103), both formalisms derive 

Eligible(Ali, CBSP2103). Neither was told this directly. 

A rule-based system has three components: a rule base holding general knowledge, 

a working memory holding facts about the case at hand, and an inference engine 

that applies the former to the latter. Forward and backward chaining are two 

control strategies available to that engine. They share the same rule base and differ 

in what is placed in working memory, and when. 

Two rules serve for illustration: 

R1:  IF Score(s, c) ≥ 50 THEN Passed(s, c) 

R2:  IF Passed(s, c) AND prerequisiteOf(d) = c THEN Eligible(s, d) 

Forward chaining takes a set of facts as its input, asserted into working memory 

before the engine runs. No question is posed. Asserting 

F1:  Score(Ali, CBMA2103) = 65 

F2:  prerequisiteOf(CBSP2103) = CBMA2103 

sets the engine going. It cycles through the rule base, firing every rule whose 

conditions the current contents of working memory satisfy, and adding the results: 

Cycle 1: R1 matches F1, since 65 ≥ 50. The engine adds Passed(Ali, CBMA2103). 

Cycle 2: R2 now matches, binding c to CBMA2103 and d to CBSP2103. The 

engine adds Eligible(Ali, CBSP2103). 

Cycle 3: no rule matches. The engine halts. 

Working memory now holds four facts where it began with two. The eligibility 

conclusion was derived without anyone asking for it, alongside whatever else the 

rules supported. 

Backward chaining takes a goal as its input: a statement whose truth is to be 

established. Facts are consulted only as the proof requires them. Asked whether 

G:   Eligible(Ali, CBSP2103) 

holds, the engine searches for a rule whose conclusion matches the goal: 

Step 1: R2 concludes Eligible, so proving G requires two subgoals, 

prerequisiteOf(CBSP2103) = c and Passed(Ali, c). 

Step 2: F2 is already stored and satisfies the first, binding c to CBMA2103. 

Step 3: Passed(Ali, CBMA2103) is not stored, so it becomes a subgoal in turn. R1 

concludes Passed, leaving Score(Ali, CBMA2103) ≥ 50 to establish. 

Step 4: F1 satisfies it. Every subgoal is established, so G holds. 

A subgoal matching no rule and no stored fact need not end the proof. 

Predicates marked as askable are put to the user as questions, which is how 
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diagnostic expert systems conducted consultations. The goal determines which 

questions are worth asking, so the user is never asked about matters irrelevant to it. 

The two input styles suit different situations. Forward chaining fits cases 

where facts arrive over time and any consequence may matter, such as monitoring 

enrolment records to flag students who have become eligible. Backward chaining 

fits cases where a specific question is put and only the facts bearing on it need be 

gathered, such as an advisor checking whether one named student may enrol. 

Frames and Ontologies 

Frames organise knowledge around concepts rather than statements. A Course 

frame holds slots for code, credits, prerequisites, and level, with defaults where 

values are typically shared. Inheritance allows a Postgraduate Course frame to 

inherit from Course while overriding the credit default. 

Ontologies formalise this arrangement. An ontology specifies the classes in 

a domain, the relations between them, and constraints on those relations, expressed 

in a language with defined semantics (Gruber, 1993; Studer et al., 1998). In OWL, 

the curriculum might state that Course and Student are disjoint classes, that 

hasPrerequisite is transitive, and that every Postgraduate Course is a Course. 

The choice of ontology profile affects computational cost (Motik et al., 

2012). The lightweight OWL 2 profiles (EL, QL, and RL) trade expressiveness for 

tractable reasoning. OWL 2 DL guarantees decidable reasoning by restricting the 

logic to description logic. OWL 2 Full allows maximum expressiveness but 

sacrifices guaranteed termination. 

Transitivity earns its place here. Declaring hasPrerequisite transitive means 

a reasoner derives that CDMA2103 is a prerequisite of CBSP2103 from two 

separately stated links, with no rule written for the chain. 

Probabilistic Representation 

Bayesian networks represent knowledge as a directed graph of variables with 

associated conditional probability distributions (Pearl, 1988). For the curriculum 

domain, prior mathematics attainment, hours studied, and attendance might jointly 

influence the probability of passing Algorithms. Given evidence that a student 

attended irregularly, the network updates the probability of failure and propagates 

that change to downstream variables such as expected time to graduation. 

Markov Logic Networks combine first-order logic with Markov networks 

(Richardson & Domingos, 2006). They attach weights to logical formulas. A 

formula that is always true in the domain receives a high weight. A formula that is 

frequently violated receives a low weight. This allows the system to handle 

exceptions to strict logical rules. 

Knowledge Graphs 

A knowledge graph stores facts as triples. Part of the curriculum becomes: 

(CBSP2103, hasPrerequisite, CBMA2103) 

(Ali, enrolledIn, CBMA2103) 

(CBMA2103, offeredIn, Semester1) 
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Queries traverse the graph. SPARQL, the W3C query language for RDF, matches 

triple patterns against the stored graph and returns the bindings that satisfy them 

(Harris & Seaborne, 2013). A SPARQL query can retrieve every course for which 

a given student is eligible by following prerequisite edges and checking pass 

records. Figure 2.3 illustrates how a knowledge graph is built and used. 

 

Figure 2.3 

How a Knowledge Graph Is Built and Used 

 
Note. Sources are reconciled by entity resolution before entering the graph, and 

every triple retains its source so that claims of different reliability can be told apart. 

 

Learned Embeddings 

Embedding methods map entities and relations to vectors learned from existing 

data. TransE, for example, trains vectors such that the embedding of a subject plus 

the embedding of a relation approximates the embedding of the object (Bordes et 

al., 2013). RotatE maps relations as rotations in complex vector space, which 

handles symmetric, antisymmetric, inverse, and compositional relations better than 

translation-based models (Sun et al., 2019). 

In TransE, h, r and t denote the vectors of the head (subject), the relation 

and the tail (object) of a triple. The model judges a triple by how far h + r lands 

from t. Its score is the negative of this distance, −‖h + r − t‖, so a triple that fits the 

pattern scores close to zero, while one that does not fit scores strongly negative. 

Other models use different scoring functions. DistMult (Yang et al., 2015) and 

ComplEx (Trouillon et al., 2016) multiply the three vectors element by element 

and sum the result, whereas graph neural networks first build each entity’s vector 

from its neighbours before scoring (Figure 2.4). 

Training begins with random vectors and relies on two kinds of example. A 

stored triple is a fact already recorded in the graph, such as (CBSP2103, 

hasPrerequisite, CBMA2103), and is treated as true. A corrupted triple is produced 

by replacing the head or tail of a stored triple with a randomly chosen entity, such 
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as (CBSP2103, hasPrerequisite, CDMA2103). The graph does not record this fact, 

so the model treats it as false, even though a few corrupted triples may later turn 

out to be true. 
 

Figure 2.4 

How Embedding Models Represent and Complete a Graph 

 
Note. Entities and relations become vectors, models differ in how they score a 

triple, and training separates true triples from corrupted ones. The result proposes 

edges that were never recorded. 
 

For each pair, the model computes both scores. It incurs a loss whenever the 

corrupted triple scores higher than the stored one or falls within a chosen margin of 

it. Gradient descent then nudges the vectors involved to reduce this loss, moving 

h + r closer to the true tail and further from the false one. Repeated over many 

thousands of pairs, these small adjustments arrange the vector space so that 

score(true) > score(false) for most recorded facts. A triple absent from the graph 

that still scores highly becomes a candidate edge, which is how the model proposes 

links that were never recorded. 

Trained on enrolment records, such a model can predict that a course not yet 

linked to any prerequisite probably requires a mathematics background, on the 

basis of its similarity to courses that carry one. 

The same principle underlies the knowledge held inside large language 

models, at far greater scale and with no explicit graph at all. Both trade the ability 

to state and audit a single fact for the ability to generalise beyond what was 

recorded. 
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Temporal and Spatial Representation 

Many real-world domains require knowledge to be anchored in time and space. 

Allen’s interval algebra defines thirteen basic relations between time intervals, 

such as before, meets, overlaps, and during (Allen, 1983). A temporal knowledge 

graph adds a time dimension to standard triples. 

(Ali, enrolledIn, CBMA2103, 2024) 

This structure allows the system to reason about state changes. A student might be 

eligible for a course in one semester and ineligible in the next due to a failed 

prerequisite. Standard static graphs cannot capture this shift without duplicating 

entities. 

Comparing the Techniques 

Table 2.1 rates the techniques against the design criteria. Table 2.2 states what each 

can and cannot establish. No column dominates, so the practical question is which 

properties a given application cannot do without. 
 

Table 2.1 

Comparison of Knowledge Representation Techniques 

 
Note. No technique dominates across all criteria. Hybrid systems combine 

techniques so that the properties an application requires are each supplied by some 

component. 

 

Selection follows from the requirement. Applications that must explain decisions 

to affected parties need explicit rules or ontologies. Applications operating under 

genuine uncertainty need probabilistic representation. Applications integrating 

heterogeneous sources need graphs. Applications that must generalise beyond 

recorded facts need learned representations. Systems facing several of these 

requirements at once combine techniques, which is the practical content of hybrid 

design. 
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Table 2.2 

What Each Technique Can and Cannot Conclude 

 
Note. The entries restate, in compact form, the reasoning limits. Table 2.1 rates the 

techniques; this table states what they can establish. 

 

Representation, Accountability, and Digital Society 

In a digital society, many decisions that once passed through a person now pass 

through a system: whether a student may enrol, whether a loan is approved, which 

applicants reach an interview. The representation inside such a system determines 

whether an affected person can ask why a decision was made, and whether anyone 

can answer. Contemporary architectures differ in how well they preserve that 

ability. 

Retrieval-augmented generation is one response. It supplies a model with 

retrieved documents at inference time rather than relying on parametric memory, 

partly because provenance and updateability remain unsolved for knowledge held 

in parameters (Lewis et al., 2020). Graph-based variants retrieve over structured 

knowledge rather than flat text (Edge et al., 2024). Machine learning also 

constructs representations, extracting entities and relations from text to populate 

graphs at a scale hand-authoring cannot reach. 

Autonomous and agentic systems depend on representations that persist. An 

agent executing a multi-step task needs a model of its environment, schemas 

describing the actions available to it, and memory surviving beyond a single 

interaction. Much of this is knowledge representation under a different name, and 

systems leaving it implicit prove correspondingly difficult to debug or constrain. 

The reason this matters beyond engineering is that explicit representation is 

what makes a claim checkable. A conclusion derived from stated rules can be 

traced to those rules. A fact in a knowledge graph carries a source and can be 

corrected by editing one triple. A conclusion produced from model parameters 

offers neither trace nor edit point. When automated decisions affect enrolment, 

credit, employment, or care, the difference between these two situations determines 
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whether a decision can be contested, audited, or corrected at all. None of this 

favours symbolic methods over learned ones. It identifies instead what must be 

preserved when the two are combined: enough explicit structure that consequential 

claims remain traceable to something a person can inspect. 

 

Conclusion 

Knowledge representation determines what an artificial intelligence system can 

infer, explain, and be held accountable for. Its foundations are well established: the 

distinction between data and knowledge, the vocabulary of entities and relations, 

the several roles any representation plays, and the recurring tension between 

expressiveness and tractability. Highly expressive representation languages allow 

for detailed modelling of complex domains, but they often make automated 

reasoning computationally intractable. Simpler languages are computationally 

efficient but lack the capacity to represent complex relationships. Its techniques 

offer different trade-offs rather than a ranking, as Table 2.1 shows. 

The shift toward knowledge held implicitly in model parameters has 

brought scale and robustness at the cost of inspectability. Readers designing 

systems for consequential domains should treat the division between explicit and 

learned knowledge as a deliberate decision rather than a by-product of architecture. 

Open problems remain in grounding generated claims, reasoning over incomplete 

graphs, and representing causal rather than merely correlational structure. 
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