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Abstract: This article describes the transition of an undirected active network, used for numerical 

and logical analysis, and made up of communicating operators and nodes, and being self-extensible, 

into a network of semantic structures, and the extensions necessary to handle language. The net-

work, called Active Structure, was infused with knowledge in the form of tens of thousands of def-

initions taken from a human-readable dictionary. Where the dictionary fell short, from circularity, 

lack of a hierarchical form for its senses and sub senses, or inadequate detail around verbs, the en-

tries were extensively curated. The result is a machine which has access to every meaning of every 

word in its vocabulary, and needs to manage the right meaning for every use of a word, a task that 

our unconscious minds now handle. To demonstrate that such a network can aspire to human-level 

tasks, we have begun loading an Anti-Money Laundering Act so that the machine can devise and 

test strategies against money launderers. There is a higher goal being aimed at, the breaking of the 

Four Pieces Limit. That is, the network is not intended to save money on human cognitive labor, but 

to raise an absurdly low limit on it. 

Keywords: semantic structure; human-readable dictionary; undirected active network; self-extensi-
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1. Introduction 

 Language is something that we use effortlessly throughout the day as we assemble 

and interpret sentences. For the vast majority of language users, comprehension occurs 

near-instantaneously without deliberate effort. That being said, the processes involved 

in language comprehension are numerous and complex. Setting aside obvious problems 

such as disentangling the influence of context on meaning [1,2] or making sense of fig-

urative language [3], even determining the syntactic role a given word plays in a sen-

tence can prove to be a huge obstacle [4,5]. The closer you look at it, the more the prob-

lems involved in language interpretation multiply.  

 For instance, the problem of polysemy, whereby a single word can have many dif-

ferent meanings [6,7]. How does the mind go about determining what particular mean-

ing of a word is intended in any given instance? The simple answer is that it uses context 

to resolve such ambiguities, but the myriad ways that context may interact with a word 

to resolve the intended meaning is anything but simple. Nevertheless, the human mind 

generally succeeds in carrying out the process of context-based lexical disambiguation 

within 200ms during spoken language comprehension [8,9].  

 Attempts to design text interpretation machines capable of resolving lexical ambi-

guities have thus far failed to reach human levels of accuracy [10], in part because of the 

opacity of the system that they're trying to replicate. Even if such a machine did succeed 

at achieving a human level of disambiguation accuracy, the human mind itself is far 

from perfect, and misunderstandings do occur. Furthermore, lexical ambiguity resolu-

tion has been shown to be affected by age [11,12] as well as working memory load [13]. 

It is therefore a system that could be improved upon, and doing so may avoid costly 

misinterpretations in the future. 

 Though an impressive language processor in comparison to machines, the human 

mind falls short in other capacities. There are severe limitations to the amount of 
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information that can be held within working memory for conscious processing at any 

given time–a Four Pieces Limit, to be exact [14]. This is a severe limitation, and applies 

just as much to the people developing the solution we will describe, as to the problems 

the solution is meant to handle. More than four pieces and people unconsciously begin 

to chunk the problem to stay within the limit, making parts of the problem static, which 

affects the generality and longevity of any solution they find. There had been no point 

talking about the Four Pieces Limit until now, when there appears to be a way around it. 

Our mental load suffers while reading complex technical specifications, bureaucratic, 

and legal documentation, which can all too readily lead to mistakes. Misinterpreting 

documents of this sort can yield hefty consequences that could be readily avoided 

through use of a language-competent machine capable of overcoming the limited pro-

cessing capacities of the human mind.  

 Given the complexity of even basic sentence parsing, the implication of such a limi-

tation is that the majority of processing must take place in the unconscious mind. This 

fact means that in order to replicate the processes going on in our own brain we need to 

work backwards from our outputs. The field of psycholinguistics has been engrossed in 

this undertaking since its conception as an area of study [15], which to this day still 

heavily influences some artificial intelligence approaches to language processing [16-18], 

though the bulk of researchers in the area have moved on to deep learning (DL) ap-

proaches [19,20]. Though DL itself is based on the utilization of artificial neural networks 

[20,21], an idea closely linked to cognitive science, such networks bear no more than sur-

face similarity to their counterpart in humans. Their focus is more on achieving func-

tional outputs than on learning and processing in directly comparable ways to the hu-

man mind. Though successful in many constrained problem spaces, DL has some nota-

ble shortcomings, such as its difficulty in extrapolating beyond the bounds of its training 

space [21]. 

 A division within the field of artificial intelligence can be drawn between narrow 

AI and artificial general intelligence (AGI). While narrow AI focuses on addressing a 

specific problem or domain, AGI has the capacity for broad generalization, allowing 

such systems to carry out a wide range of tasks in many different contexts [22].  

 A key feature of AGI is that it must be able to continue gathering and linking to-

gether knowledge in new ways–it is through this process that it has the potential to pro-

duce solutions that its creators may not even have conceived of. An obstacle in achieving 

this is determining how the machine will go about gathering its own knowledge–this 

brings us back round to language processing. The vast majority of human knowledge is 

encoded in language [23] and available in some form online. A machine capable of com-

piling and utilizing such resources would be capable of tackling problems far beyond its 

original parameters. In our view, the development of a machine capable of comprehend-

ing and flexibly making use of language is a key step toward competent AGI.  

 Throughout our paper, we therefore propose an approach to language processing 

that represents meaning through construction of initially undirected relational structures 

between words, groups of words, and groups of groups – all the way to words that act 

as existential operators with the potential to extinguish the existence of an entire docu-

ment. We begin by suggesting some applications that a language-based AGI machine 

could potentially address. Next, we outline a variety of the details surrounding our 

modelling approach, including ways of grouping words and the modelling of words 

with multiple definitions, as well as their flexible and accurate selection from a poten-

tially large definition set. We call our system architecture Active Structure, which at its 

core is an undirected, self-phasing and self-extensible network. Finally, we use money 

laundering detection as an illustrative example to demonstrate how our approaches 

could be of use in a real-world application. 

1.1. Planned Applications 

 The system that we will describe is well-suited to problems that are complex and/or 

multidisciplinary, and where data is peripheral or at least not central to the decision-
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making, is unavailable for a new problem, or is out of date for a problem that is follow-

ing an underlying phenomenon that can only be inferred. 

We begin by illustrating some possible applications off the AGI we are envisioning: 

• Complex Specifications – a specification for a complex piece of technology can 

run to a thousand pages, have a glossary and terms defined inline, and be full of 

bullets referencing other bullets within clauses. In other words, a description that 

is hard to understand, even by experts. It will typically involve multiple areas of 

expertise – for a plane, that might mean wings, fuselage, engines, control surfaces, 

and avionics. If the technology is “new”, there is no body of text to support it. 

• Complex Legislation – similar to a complex specification, but with an important 

increase in difficulty. The people who pass it into law are not specialists, and are 

unlikely to see the legislation in any holistic way. Something that does see the leg-

islation holistically, and can rapidly (within hours) show what happens if one or 

more aspect is changed, should be useful. 

• Strategic Planning – an obvious example is the changeover from Internal Com-

bustion Engine (ICE) vehicles to electric vehicles (EVs). The timeframe for the tran-

sition is long and there are many facets to be considered throughout the shift. For 

example, there is resistance from the public, a legislated timeframe for the transi-

tion after which ICE cars will not be sold, scarcity of the minerals needed, parallel 

production of ICE and EVs, and an eventual large reduction in the auto manufac-

turers’ workforce. Furthermore, alternative technologies such as solid state batter-

ies and hydrogen fuel cells may emerge during the transition, so planning needs 

to be dynamic and easily reorganized over a long period of time. 

• Content Mediation – Social media content is often spun around some new and 

newsworthy event, meaning that mediation cannot rely on a large block of text as 

input data to make sense of the social media post. Instead, it is necessary to ana-

lyze the post based on the meanings of the words, that is, at a micro level, with 

some foreknowledge about political trends and sarcasm. 

• Economic Modelling –  “Economics is less amenable than physics to definitive 

mathematical analysis because it is about people, whose responses to similar phe-

nomena change over time. We build models in our minds or computers that fit 

observed reality at one point in time, and reality changes. Then we have to think 

harder about what’s going on.” – Ross Garnaut. The recent indecision in the US 

over whether the surge in inflation would be transitory or long-lasting illustrated 

the fragility and poor predictive power of economic models that do not merge 

psychology with more mathematical forms of modelling.  

• Climate Change – a problem which is large and looming. The current data does 

not reflect the scale of the problem, and instead one or more climate models need 

to be used to estimate the scope of the problem over many years. There are many 

cross-specialties involved – atmospheric modelling, oceanographic modelling, ag-

riculture in a changing climate, natural disasters.  

 A problem related to those above, and whose solution will be used by them, is Se-

mantic Searching. By that we mean the ability to create a small piece of text describing 

precisely what you are looking for (by having the specific meanings identified) and have 

it search through potentially millions of Google hits using the meanings of words. 

 A problem that demonstrates the temporary hack of the human cognitive system in 

response to a textual command is Lane Following, during which we flexibly update our 

mental rules with regard to which lines to drive within in response to a road sign with 

instructions to overwrite our default behavior [24]. Modelled problems will require a 

similar facility when exploring different strategies – that is, a high level instruction 

changing, extending and rebuilding the underlying structures, which implies everything 

is made of the same stuff and is navigable, not black boxes. 

 People can describe much more complex situations in English than in a contrived 
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language, because English has had to include all the ways of describing the natural 

world, the world of human artifacts, and the mental world. Its great strength is that most 

of the processing of it is done unconsciously.  

1.2. An Origin Story 

 We began work on a system combining arithmetic, algebra and propositional logic 

in 1982. The algebraic statements were equations, whose structure allowed propagation 

of values in any direction, as one would see in a simulation – when a plane is on the 

ground, the fuselage supports the wings, and when it is in the air, the wings support the 

fuselage. Switching could also occur through EQUALS and assignment operators, impli-

cation (IF THEN), Modus Tollens, or logical equivalence (IFF). A ground (similar to the 

surface of the whiteboard shown in Figure 1 provided logical truth – an otherwise un-

connected EQUALS operator would be connected to the logical ground. The system 

could employ Constraint Reasoning, and then recover its original state.

 
Figure 1. Depiction of the logical structure A = B + C 

 

 Marcus, in The Algebraic Mind [25], suggests that language manipulation can be an 

analogue of algebraic rearrangement – we don’t see it that way, as language is vastly 

more complicated than anything that algebra can do. The simplicity of algebra can be 

seen in a quadratic equation, where X appears twice, but it is the same X. In language, 

the phrase “Fred was a lovely baby back in Indiana, but look at him now, fifty years 

later, with pain etched into his face” refers to the same Fred, but somehow not the same. 

In an algebraic network, multiple appearances of the variable in an equation can be 

linked so the variable only sees one connection. In a sentence, where the same object 

may be at different points on its timeline in different locations, it is not so easy. An undi-

rected network–that is, a network in which the direction of information flow is not 

fixed–does not need algebraic rearrangement, and uses the states and values in the struc-

ture to work out which way information flows (in the same way that a pilot is not rear-

ranging equations for take-off and landing – they have built a smooth simulation of the 

physical processes in their mind) . As time passed, we realised that a similar structure 

could be used for language processing. We added existential logical connections to the 

non-numeric operators to mirror the simple way that English handles existential logic 

and the combination of temporal, propositional and existential logic (after the rain, the 

river is deep and he can’t swim), and also the ability to switch blocks of text on and off 

(if gender is male, Section 9 is void). Constraint Reasoning turned into the ability to cre-

ate new or amended structure, evaluate or use it, and dissolve it again (in the way of the 

Lane Following problem).  

 We designed a machine that could read health insurance policies and build an 
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undirected structure to be used to answer questions about the contents of the policies (Is 

Botox covered?), where states and values could flow in any direction. Several problems 

emerged: 

1. Words can have multiple meanings – in medicine, cervical vertebrae and cervical 

cancer. A colonoscopy cost $4,000, a misdiagnosis cost him his life. If there are 

only a few examples, some improvisations will work, but that is obviously not 

suitable for important or life-critical systems. 

2. Where a word can be a noun or a verb, it can be very difficult to determine which 

it is, grammar being a very poor guide in anything but very simple text.  

3. Unravelling preposition chains is almost impossible without access to meaning. 

And the meanings can be confusing – a group of people, a member of a group. 

4. Sophisticated clumping is necessary. “An imaginary flat surface of unlimited ex-

tent” – the flat surface of unlimited extent is the thing that is imaginary. 

 We undertook to load definitions from a well-known dictionary into the machine, 

with the problem that the dictionary expects the reader to be sentient, while a machine 

with no initial definitions to guide it is the opposite. We have loaded 85,000 definitions 

to support a 36,000 word vocabulary, with definitions per word ranging from one to 

eighty two (“run”). Not all would be built initially, but we needed to be sure there were 

no insuperable problems with what we were doing – the near insuperable problems are 

with seemingly simple multi-use words, like “how”. We are using Anti-Money Launder-

ing (AML) as the Proof of Concept project – it would need about 18,000 definitions to get 

it off the ground. 

2. Model Description 

2.1. Relations as Objects 

 We will start to describe the proposed solution by talking about relations as objects, 

and using all the meanings of a word. Firstly, objects are more like relations than we like 

to think about. A car is a pile of spare parts without the assembly relation that holds it 

together. A person is a mass of processes that keep billions of cells functioning. Relations 

are represented as objects which can connect to other objects (which can be relations).  

 

 
Figure 2. Representation of the phrase "he caught a fish" as a relational object. 

 The particular RELATION operator in Figure 2 has a subject and object (the 2 fol-

lowing the RELATION), and has propositional logic and existential logic connections, 

making it easy to say “he caught a fish”, “he can’t catch a fish”, etc. Existential logic is 

used to control about 5% of statements internally, and all statements externally, so we 

can’t just leave it out. The two logical connections can be used reversibly – “Did he catch 

a fish?”, “Can he catch a fish?” – a search is instigated out from the operator on the ap-

propriate connection to find out. Time is handled internally in the operator (it may be an 

instantaneous time for an instantaneous relation, or a time range, or connections to other 

relations which control the starting and stopping times), tense is handled by inheritance. 

The links can carry information in the form of states, numbers, objects, in any direction 

dictated by the operators, and operators can make or break connections, or create or de-

stroy structure (up to about 40 million network elements). 

Some RELATION operators produce a logical output: 

"He knew there would be trouble and he would be blamed."   

 The above statement either needs an implied “for it” to be added, or the AND 
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made a sequential AND, so the link between the clauses is made clear - the machine 

spends a lot of its time putting back the implied text that can be left out for people with 

an unconscious understanding of language rules. 

 The “knew” receives a logical true from the environment, and passes on True 

through a logical AND (the AND propagates logical states) to the subordinate clauses. A 

structural AND  (it holds things together, but does nothing else) is used to connect the 

clauses to the object connection of the ToKnow relation (Figure 3). 

 

 
Figure 3. The figure serves to illustrate the different usages of the Structural AND, 

which serves a grammatical function in connecting clauses, and the Logical AND, which 

establishes the existential equivalence of relations in the behind-the-scenes representa-

tional structure. 

 

 The logical AND isn’t really a logical AND as an electronics expert would under-

stand it – it is functioning in reverse, as a splitter, but it can energise its normal inputs as 

outputs if it has a True on its nominal output. “OR” is a different matter entirely – it can 

only assume at least one of its inputs is True if it has a True on its nominal output, which 

in human language it handles easily. 

 There is ongoing discussion about whether humans have an innate ability to ma-

nipulate symbols, or whether it is learned [25,26]. What is clear is that humans are very 

good at grouping things, rapidly assimilate logic, and can abstract things easily. As an 

example, take the definition of “by” - after a passive verb, where the object of the prepo-

sition can function as the subject of the verb. The child doesn’t ask how the word “verb”, 

acting as a noun, can be used to build a structure acting on verbs. In their mind, it is “ob-

vious”. A machine without unconscious language processing has to be protected by the 

tagger detecting grammatical objects acting as nouns, make them honorary nouns, parse 

and build the structure, then convert them back to the objects they represent so the 

structure will be used as intended. But coming back to symbols and algebra – we think 

this approach is based on a misunderstanding. A separate “brain” does not manipulate 

words as symbols. The words represent pieces of machinery, which are duly connected 

according to the rules of the language, and operate as they should. There is no need for 

an external, complicated, and preconfigured device to manipulate them. An analogy to 

the process of language comprehension can be made with finding all the pieces of a me-

chanical clock on your desk, and the instructions to assemble them. You do so, and the 

clock runs. Lego is an even more apt analogy – the same pieces can be used to build all 

sorts of different physical things, but words are not limited to physical things, and the 

machine has some 36,000 different coloured and shaped words to play with. There is an 
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analogy with a jigsaw puzzle, except here the words change their colour and shape 

based on the words around them. 

2.2. WordGroups 

 The machine also has to handle groups of words that can be operated on as a unit. 

We call them Wordgroups, and currently have about 15,000 of them. A simple example 

would be “ambient temperature”. A more complex example is “at large”, which has a 

specific meaning (“a murderer at large”), or it may be used in another way, without the 

special meaning, as in “a DJ at large gatherings”. The machine needs to determine 

whether the special meaning is relevant, and the words form a Wordgroup, or whether 

it is just two words that happen to be next to each other. 

 Wordgroups are frequently encountered in technical areas, like Medicine (as with 

“auditory osseointegrated device”), or the law (as with “except as hereinafter pro-

vided”). Not all Wordgroups need definitions – for many of them, linking the compo-

nent words to the exact meaning of the word as it is used in the Wordgroup is enough. 

Wordgroups are not held in the dictionary, but as a network of objects. Encountering the 

first word leads to searching for a match. The match may be the first object in a larger 

Wordgroup (Figure 4). 

 

 
Figure 4. A sample of the underlying structure used when combining linked words into 

Wordgroups that can then be operated on as a single unit. This structure represents the 

Wordgroup "Suspicious matter reporting obligation". 

2.3. An Unknown Word 

 A stable large document can be checked for unknown words before reading. If a 

less stable document needs to be read immediately, the system may encounter words it 

doesn’t know. It can look up the word using an API of a human-readable dictionary 

(HRD), extensively “curate” the entry using instructions in English, then merge it with 

its other knowledge and continue. Not all words have HRD entries, so the next step is to 

see if it can be constructed from a root, and prefixes and suffixes. The machine does not 

use this approach for words with an HRD entry (not all of which are complete), as a con-

structed word will often acquire new meanings over time (“unbelievable” as an exam-

ple, where the two meanings are antonymic). 

 We also need to emphasize that using a dictionary is not the complete answer – it is 

intended to provide instruction to a person with very powerful innate capabilities for 

integration of information. Bootstrapping a machine is a different matter entirely. One 

obvious problem with a dictionary is circularity. For example, the definition of "aston-

ished" is "amazed or surprised", but the definition of "amazed" links right back to "aston-

ished". The dictionary is a human-readable resource – it doesn’t need to explain to a per-

son what being amazed or angry or grief-stricken feels like. A person will have 
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experienced them directly, or have seen their effect on others. But we need to explain 

these things to a machine. Fortunately, the Proof of Concept we have chosen has only 

one word so far which will need a human explanation – “reckless” – but failure to han-

dle it correctly could result in extremely large fines.  

 A second example of circularity is the definition of "mend", which links to "fix", 

which links to "repair", which links right back to "mend". “Put back in working order” is 

a reasonable alternative to these circular definitions – the result of damage or wear is 

repaired. An advantage of using English as the control language is that the machine can 

be tasked to “clean itself up” by finding circularity and other common dictionary faults. 

A dictionary can also be very shallow – here is the entry for the form of “how” used in 

the phrase “how to bake a cake” – “in what way or manner; by what means”. It needs 

expansion and clarification – the ingredients don’t fit under “means”. “Recipe” has a 

relevant definition, but there is no path through the definitions. There is a path to a 

clearer definition that can potentially be reached through synonyms, but there is also a 

great deal of noise that can easily obscure the intended meaning, so we have chosen to 

avoid loading the HRD synonyms listed with the definitions. 

 The dictionary may list 20 synonyms for a word – we don’t load these unless we 

have loaded all the meanings for a particular synonym, and can make an exact connec-

tion. Linking a specific definition to a word with multiple meanings smears the defini-

tion. 

 For example, suspension is a synonym for abrogation – firstly, it is wrong, as sus-

pension refers to a temporary voiding, while abrogation is permanent, and suspension 

can be particles in a fluid, or a car’s suspension, or a suspension bridge, or prevention of 

someone exercising their usual role. Unless we can connect the exact definition as a syn-

onym, it is safer not to use them. Later, maybe, when the machine can figure out for it-

self which of the meanings is meant. 

  Description: abrogation 

  Category: Noun 

  Sense count: 1 

   Sense 0 

    Definition: the repeal or abolition of a law, right, or agreement. 

    Synonym count: 28 

 …  

     Synonym 22: abolition 

     Synonym 23: suspension 

… 

2.4. All the Meanings 

 It is not just all of the meanings, but all of the parts of speech a word may have that 

have to be handled (Table 1). 

Table 1. Breakdown of our definition database with regard to the number of parts of 

speech included for each definition. Instances refers to the number of words in our set of 

entries which have the given number of parts of speech. 

Instances Number of parts of speech Example 

3 6 Up – Adjective, Adverb, Noun, 

Preposition, PrepositionVerb, Verb 

35 5 Half 

313 4 Sobbing 

5277 3 Slashing 

12092 2 Lump – Noun, Verb 
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 The number of parts of speech is increased because each present participle also has 

a gerund, each past participle may be an adjective, and each preposition also has a Prep-

ositionVerb, as “He is onto you”, or “The police are after him”. 

 Definitions are used to help sort out which part of speech is relevant to the instance 

in question. Determining the appropriate definition is an iterative process during which 

possibilities are eliminated based on the context in which the instance occurs until only 

one possibility remains. During this process, connections from Part of Speech through 

Subcategorization to Definition are tentatively made and when required, broken. If it 

can’t be resolved, it is left until more information is available, or a decision must be 

made instantly based on the lesser threat. 

2.5. Sub Categorization 

 Subcategorization is used on parts of speech to break them into more manageable 

groups. 

 A dictionary does not provide much depth in its handling of verbs. For the most 

part it classifies them as either intransitive or transitive, with a few notes about multiple 

objects. Our approach is more thorough, as defining verbs in terms of more discrete cate-

gories can aid in the process of whittling down large blocks of definitions to determine 

an appropriate meaning. Our in-depth approach to categorizing verbs has resulted in 

close to ninety verb forms (some rare). 

 In "They call the wind Mariah", for example, we classify "call" as a Bitransitive verb, 

which indicates that it takes two direct objects. Contrast this with "They called the girl 

Angela to the principal’s office", in which case we would classify "call" as a Transitive 

verb because it takes only a single object. Having the possibility and discounting it al-

lows for a much higher reliability than trying to control the domain so these things do 

not occur. 

 To give a more complex example, in the case of a BiTransClausal verb there are two 

direct objects and a following clause, as is the case with "bet" in the phrase "I bet you any 

money your horse won’t win". 

 To give two further examples illustrative of the complexity of verb forms: 

1. Fred paid John $50 to mow the lawn – ObjectBiTransInfinitive (the first object of 

“paid” is the subject of the infinitive) 

2. Fred paid John $5,000 to avoid a lawsuit – SubjectBiTransInfinitive (the subject of 

“paid” is the subject of the infinitive). 

 Setting aside verbs, even nouns can be somewhat tricky, with a noun having a sin-

gular form for one definition, and an aggregate (uncountable) form for another. On top 

of that, nouns may have any combination of a simple form, an infinitive form, or a 

clausal form that can support and control a clause, as in “The conjecture that he was 

drunk was validated.” We have thus divided noun usages into the categories: Sim-

pleNoun, InfinitiveNoun, and ClausalNoun, with the ClausalNoun capable of supplying 

a logical value to the clause it controls. 

 In the case of adjectives, we have divided up the category into around 25 subcate-

gorizations, including Attributive, Predicative, AttributivePredicative, Clausal, and In-

finitive – to name but a few. 

 We have divided prepositions primarily based on the features that they link, as in 

NounNoun, ClauseNoun, NounClause, PredicativeNoun, VerbAdjective, and Action-

Noun (which may link three objects, as in “he put the money on the table”). Overall this 

has resulted in 28 subcategorizations.  

2.6. Clumping 

 Many adjectives occur independently, as with “large” and “black” in the case of “a 

large black car”. In other cases, multiple adjectives may be linked with one of them serv-

ing to modify a structure containing the second, as in “an imaginary flat surface”. In this 

event, “flat” and “surface” need to be clumped together into an object so that “imagi-

nary” can operate on it (Figure 5). Note that the node carrying the definition string is 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 30 November 2022                   doi:10.20944/preprints202211.0573.v1

https://doi.org/10.20944/preprints202211.0573.v1


 

 

also the node representing the structure built from the definition string. 

 

 
Figure 5. In the above represented dictionary entry for "Plane", the words "flat" and "sur-

face" have been clumped together into a single structure so that they can be acted upon 

as a unit. 

 Prepositions can be clumped with their target subject – “the table in his office” – 

See Figure 6. 

 
Figure 6. Illustration of clumping in the case of prepositions. 

 In the phrase, “He put the money on the table into his bank account”, “the money 

on the table” becomes an object that can be operated on by another preposition. See Fig-

ure 7. 

 
Figure 7. Illustration of a noun-preposition clump. 

2.7. Multiple Definitions 

 The HRD arranges its definitions in two layers, called Sense and Sub Sense. The 

Senses are meant to convey independent definitions for a given word, while the Sub 

Senses are embedded within the Sense and are intended to convey finer or idiosyncratic 

applications of that Sense. In practice, the relation of Sense to Sub Sense is not strictly 

hierarchical, in that something may meet the definition of a given Sub Sense while fail-

ing to meet the definition of the overarching Sense. These mismatches of Sense and Sub 

Sense will often occur when, for example, the Sub Sense represents a metaphorical ex-

tension of the idea conveyed by the overarching Sense. These connections may seem 
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intuitive to a human reader, but there is often no way to readily convey this connection 

to a machine without localized search instructions. This necessitates ignoring the current 

structure of the dictionary and searching through every possible Sub Sense definition 

during a meaning search, which will obviously negatively impact overall search speed. 

Our eventual intent is to allow the machine to rearrange the definitions in an efficient 

machine interpretable form.  

 
Figure 8. The word Set and its descendants. The diagram illustrates a small part of a 

structure with millions of nodes and connections. 

 

 Figure 8 shows part of the Part of Speech, Sub Categorization and definition struc-

ture for “set”, together with a collection of collocated verbs for “set” – set in, set up, set 

off, etc. Each collocated verb has its own definitions (the verb colours the preposition, so 

in many instances the meaning would not be easily deducible from one of the definitions 

of the verb and one of the definitions of the preposition). Tagging will bring us to the 

base word, located in the top centre of the figure. Only in the simplest examples is it a 

sequential process, where we can determine the Part of Speech, then the Subcategoriza-

tion, then the definition. In most cases it involves an iterative process that takes into ac-

count the words around it. When the machine has determined the right combination (it 

needs a lot of help when starting from nothing), it needs to link the word in the text be-

ing parsed to the appropriate base word, a Subcategorization if one exists, and a defini-

tion. The child word may inherit properties from the base word and the Subcategoriza-

tion (Figure 9), and it inherits the definition (the definition itself has no parents). Some 

common words (give, open, take) have up to fifteen Sense definitions, and some words 

have up to fifteen Sub Sense definitions from one Sense definition. In the beginning, the 

definition is just a node carrying a string holding the curated dictionary definition. 

Where one word is defined by another single word (which occurs in about 1% of cases), 

an assignment is used. For other simple cases – for example an ANDing of adjectives or 

adverbs, the definition node becomes the output of the AND relation. For more involved 

cases, the definition node becomes an accurate clumping of the words in the definition, 

as the definition was used to build the structure of the definition. 
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Figure 9. A MULTIPARENT operator linking its children to multiple points. 

 Turning words into a working structure aids understanding and troubleshooting 

(Figure 10). 

 
Figure 10. Troubleshooting a working structure. 

2.8. A Reducible Problem? 

 People have tried to use dictionaries before to handle language from an AGI per-

spective, but so far the results of these attempts have been negligible. There are several 

reasons why this would be so. 

 Compiling a dictionary is about the most reducible problem imaginable. There may 

be only a few guidelines for those writing the definitions, and thousands of people can 

contribute to writing those definitions (as is the case with the lexical database Wordnet 

[27]). Making an automated dictionary reader is a very different problem. Most reasona-

bly difficult problems are reducible – a new aircraft design can be cut into wings, en-

gines, fuselage, control surfaces, avionics, and the groups working on those areas can 

function largely independently. An automated dictionary reader requires the tight inter-

weaving of many different techniques with repeated iteration, making it much more of a 

single-mind problem. It is also unlike many problems in that a first-cut solution can still 

be of some use, and it can be improved over time. Successfully handling text requires 

many complex things to be simultaneously working smoothly together, otherwise the 

performance is very poor. A reasonable question would be – “You say it is a hard prob-

lem, and you say humans have a limit of four pieces of information in their conscious 

minds, so why shouldn’t we assume that what you have done is a fudge.” We have had 

the luxury of time, forty years all told, to look at different aspects of the problem, to 
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build an operational  system for health insurance and observe its shortcomings, and use 

the unconscious processing ability built up over that long time. 

 A further question one might ask is, “But why invent all sorts of verb types, and 

connections for prepositions, when linguists have already done all this?” For two good 

reasons: trying to describe a system that relies on multiple activities occurring in parallel 

in an unconscious mind that we don’t understand is next to impossible in a static piece 

of text, and linguists themselves are subject to the very same working memory limita-

tions that serve as an obstacle to complex parallel operations, so their proposed solutions 

– say frames – will be far from what is required for use in a machine. 

3. Anti-Money Laundering as Proof of Concept 

 Money laundering is the process whereby criminals obscure the source of their ille-

gally-obtained income through stages of placement, layering, and integration [28]. The 

overall purpose of these actions is to hide the source of the funds through complex fi-

nancial maneuvering. An estimated $500 billion are laundered every single year [28] and 

there are cases of financial institutions successfully being sued billions of dollars for 

their lack of adequate money laundering controls [29]. The overall cost of money laun-

dering in terms of lost revenue easily numbers in the billions, creating a huge demand 

for the development of AML technologies. 

 Any involvement of a financial institution throughout the process of money laun-

dering will leave an electronic trail, rendering its detection amenable to direct investiga-

tion by AI-technologies. Rapidly combing through bank transactions is easy enough for 

a machine to accomplish, but this is only part of the solution. Any one bank may only 

see part of the actual operation, with that part seemingly innocent by itself. A machine 

attempting to find spurious transactions needs to first determine what to look for and 

what strategies to pursue. These strategies can be actively decided and programmed by 

an operator, but this is only an appropriate approach when the problem is a static one 

and the solution to it is already known, so it won’t be used by the money launderers, 

who learn quickly after witnessing the incarceration of their compatriots. 

 Combatting money laundering means competing against flexible human agents 

capable of rapidly changing their methods. The fight against money laundering can best 

be characterized as an arms race, necessitating constant updating of your strategy to 

counteract modifications made by your opponent. For this reason, static methods of 

money laundering detection are of limited usefulness. Despite this flaw, many financial 

institutions continue to make use of software relying on static, predefined rules [30]. 

More advanced technologies make use of data mining techniques focusing on anomaly 

detection [31,32], social network approaches [33], or the employment of support vector 

machines (SVM) using probabilistic thresholds [34]. Though these approaches have 

some merit, their reliance on pre-existing data places a hard limit on their ability to ad-

dress newly emerging strategies. Furthermore, field testing of these approaches has been 

limited and their detection-algorithms have been trained using primarily fabricated in-

stances of money laundering [30], casting doubt on their viability in a real-world setting. 

 A machine capable of recognizing when a strategy must be changed and self-modi-

fying itself in accordance with a new solution will be best equipped to tackle subjects 

characterized by the sort of variable problem space that typifies the money laundering 

landscape. The issue is how to recognize that the problem has changed and how to reach 

a new solution.  

 Once such a system has been created, resources designed for human use can serve 

as inputs to help orient the machine in its intended sphere of application. Certain docu-

ments designed as aides for human investigation of money laundering offences, such as 

Australia's Anti-Money Laundering and Counter-Terrorism Financing Act 2006 [35] 

(henceforth referred to as the AML Act), can serve to set its initial parameters within the 

sphere of AML. The first step is then for the machine to read and “understand” the AML 

Act. This translates to mapping out the relational structures present within the Act for 

future deployment within the problem space. This already has substantial benefits, as a 
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human reader lacking in legal experience can see exactly what is meant by every word 

and group of words, without getting lost in a forest of bullets and other punctuation.  

 Our approach relies upon extracting and representing relational structures from 

relevant blocks of text. The represented relational structures are malleable, activatable 

and combinable, allowing for incorporation of new information and linkage with other 

represented structures. The represented structures are highly transparent, and back-

ground processes are readily-understandable by non-experts due to direct representa-

tion in the English language. Knowledge extension can be readily accomplished by 

providing access to further sources of information, which will be mapped and incorpo-

rated into existing structures. This allows for flexibility when confronted with shifting 

goals as well as the potential to generate unforeseen solutions to complex problems. 

 Such an approach can delineate the problem space and identify basic solutions in 

areas such as anti-money laundering through mapping out the relational structures em-

bedded in legal documents on the subject. The flexibility of the system allows it to evalu-

ate the failings of its own approaches and that of others within the context of the chang-

ing AML landscape. The key improvement of our prospective system is its ability to self-

modify its strategies in light of new developments in the area of interest such as the ad-

vent of cryptocurrency approaches to money laundering. 

 We hope the following example will serve to illustrate how the objects that words 

represent can be turned into active machinery. 

The AML/CTF Act describes a particular transaction: 

Same institution same person electronic funds transfer instruction 

 (2) For the purposes of this Act, if: 

 (a) a person (the payer) instructs a person (the ordering institution) to make money 

controlled by the payer available to the payer by: 

 (i) being credited to an account held by the payer with the ordering institu-

tion; or 

 (ii) being paid to the payer by the ordering institution; and 

 (b) the transfer is to be carried out wholly or partly by means of one or more elec-

tronic communications; and 

 (c) the ordering institution is: 

 (i) an ADI; or 

 (ii) a bank; or 

 (iii) a building society; or 

 (iv) a credit union; or 

 (v) a person specified in the AML/CTF Rules; 

then: 

 (d) the instruction is a same institution same person electronic funds transfer in-

struction; and 

 (e) for the purposes of the application of this Act to making the money available 

to the payer: 

 (i) the payer may also be known as the payee; and 

 (ii) the ordering institution may also be known as the beneficiary institu-

tion. 

 Our intent is that the machine reads the AML Act, and creates a transfer mecha-

nism exactly as the AML Act describes. The mechanism has a name in the format of 

[Same institution same person electronic funds transfer instruction]. This is treated as a 

Wordgroup with a definition – the relevant text of the AML Act. The machine already 

has definitions for a bank account, a credit union, legal niceties (“for the purposes of”), 

and the collocated verbs used in the text (such as “carried out”). Every word and 

Wordgroup that is used in this new definition of a more complex object will already 

have been defined (and the words in their definitions defined). 
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 The machine can then simulate the instruction, by creating a copy of the mecha-

nism and moving money from the account of the payer to the account of the payee, 

where each object and relation is exactly as the Act describes. This approach eliminates 

an interpretive step, where a programmer attempts to convert the legal language of the 

Act to a programming language, leaving much out in the process. 

 There is risk in every object and relation in the bank’s processes – it was once 

thought that creating a new bank account was a well-controlled process, but that as-

sumption is becoming increasingly untenable. To give a recent example to the contrary, 

generous flood relief was offered to individuals in affected regions, so someone quickly 

created 42 fake accounts across 9 banks to take advantage of the situation [36]. A bank 

account has to be viewed with suspicion – the person, a fake address, or a suspiciously 

large number of people sharing the address (forty different people applied for flood re-

lief on one house) can be indicators that someone is trying to manipulate the system to 

their advantage. There are inherent risks in every process on which an enterprising crim-

inal can capitalise. 

4. Discussion 

4.1. Comparison with Other Technologies 

 We have waited until after an example of the sort of text that Active Structure is 

intended to represent has been presented before comparing with other technologies. 

4.1.1. Deep Learning – DL 

 DL is a modification of Machine Learning, where inputs and outputs are stripped 

away if they make no difference to the output of the device when run against some pre-

determined block of data which includes all situations the device may encounter. This is 

a deep, inescapable, and fatal flaw. We are expecting a block of textual data to have an-

swers to problems we have never encountered before? We are choosing to place rigidi-

ties into an organization’s systems, so that others can exploit them? The results yielded 

by DL methods thus far have revealed persistent shortcomings, particularly in the inter-

pretation of complex text [37]. When people say “The answer is in the data”, this is accu-

rate for DL. If the text is describing something new and different, as legislation or a spec-

ification may well be, then DL has no relevance, because the object is not yet in any text 

from which the data is drawn. 

 Specifications and legislation describe their own little worlds, with many terms 

unique to the document defined in open text, in linked documents, or in a glossary, and 

the text is heavy with bullets and other grammatical structuring to aid human under-

standing. With its structure represented in a machine, objects that are hundreds of pages 

away in text may be a link away in the structure (a link that can be activated by the 

transmission of a state or value). A similar problem exists with Climate Change – the 

data refers to a state in the past, and a complex of complex models must be tracked in-

stead. A far greater stumbling block is that a word can have many meanings – the word 

“run” has 82 definitions, the word “set” has 62. To give a few examples, "set" has an en-

tirely different meaning in all of the following instances: a chess set, a movie set, a movie 

set in Hawaii, the rain set in. Some words even have antonymic meanings – a society has 

sanctions against murder, while a gang boss sanctions a hit. Or the results were unbe-

lievable – this can mean “extraordinary” or “not believable”. For DL methods to be suc-

cessful, a domain must be found where the words have very few meanings. Such do-

mains, unless they are wholly artificial, are few and far between. Medicine, for example, 

has cervical vertebrae, cervical cancer, and many other similar collisions. Trying to distil 

something useful out of a big block of text using an algorithm that has no idea what the 

words mean is not a promising approach, either for AI or Artificial General Intelligence. 

The approach guarantees there is no intelligence, no new connection, no reversal of flow. 

The notion that because an input did not affect the output in the time period, the input 

can be removed, is dangerous thinking. A fire escape rarely features in the data, but it is 
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proof against catastrophic consequences. The obvious question is “Why do it?”. There is 

attraction in the notion that a device can be used to avoid thinking about the problem of 

structure and meaning in language, and this is exactly what DL methods seem to prom-

ise. Unfortunately, in the case of hard problems, it doesn’t work at all. Large Language 

Models (LLM) have the same problem – no matter how many billions of nodes are used, 

the nuances of language will escape them. Even worse, DL and LLM pay no heed to 

what was said previously by an interlocutor, so even back fence gossip is beyond them. 

And for complex specialised text like specifications and legislation, LLM seems to have 

no place at all. 

 It seems reasonable to ask, “Dictionaries are built on people reading large slabs of 

text and accumulating meanings – isn’t this the same thing – using data?” It is different, 

in that dictionaries list all the meanings of a word, and keep that information up to date 

as the meanings of words change. Also, it is much easier (but not easy) to choose one 

meaning from a set of known meanings, instead of trying to find a piece of text that con-

tains the word and other words around it that “match” the words around the particular 

word being checked. The meanings have been distilled to their essence by human intelli-

gence, and still need extensive curation to suit an intelligent machine. 

4.2. Compositionality 

 Each new development in AI is criticised for lack of compositionality – the words 

don’t fit together, or act in the way that a native speaker would expect. That is because 

making them fit together requires much more effort than something which can assemble 

some images using words as key words. 

 Compositionality will only be present when all the logical and existential connec-

tions are there, all the relations, including the adverbs, are doing what they should. 

 A small example may indicate the complexity: "He was proud of their success." In 

this case, “success” controls how proud he should feel, from “not at all proud” to “ex-

tremely proud” – the information travels from right to left. 

 In "He was confident of success”, the information travels from left to right, with 

“confident” (or “very confident” or “extremely confident”) supplying the logical value 

for “success”, with the existential value at zero – it hasn’t happened yet. That is, compo-

sitionality requires a huge investment in connections and definitions, unrealistic in what 

is otherwise an amusing toy. 

5. Conclusions 

 It seems we have largely given up the pursuit of AGI, and spend our time on much 

simpler tasks, or even try to program our way to a data-driven solution using DL, LLM 

or ML, while deliberately choosing not to analyze the problem. 

 If we are to handle hard problems using a machine (and now would be a very good 

time to do so), or use a machine to integrate the contributions of many specialists, we 

need to make the communication as easy as possible. An obvious way is for the machine 

to learn English. Machines have had sufficient memory for the last thirty years, so it has 

only been our lack of understanding of the workings of our unconscious mind that has 

prevented it. Yes, it is hard to do, because our unconscious mind knows it is too complex 

for us to understand, so refuses to tell us what it does (it obviously doesn’t do so con-

sciously). Breaking the Four Pieces Limit in a time of great stress seems like a worthy 

goal. 

6. Patents 

This work has been proceeding over a long time, beginning in 1982, and everything 

is strongly interwoven, meaning it would all have to be patented together, or none of it 

patented. It is far too complicated for a patent. 
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Appendix A: Glossary 

Existential Logic: Here, it refers to how existence is described in English – “there”, the 

verb auxiliaries “can”, “able”, etc., the suffix “-able”, and how an existential state can be 

combined with a propositional or temporal state. 

Modus Tollens: A logical argument which takes the form of "If P, then Q. Not Q. Therefore, 

not P." In a network, not P would be radiated. 

Self-Extensible: Describes a structure which has resources available to it and can create 

new structure depending on circumstances in the network. In particular, a structure which 

can make new connections, activate them, evaluate the result, and either revert to a 

previous state or continue in the new state. 

Undirected Network: Here meaning a network in which information can flow in any 

direction, controlled by decisions made by the operators in the network rather than some 

general constraint. 
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