How do LLMs handle a word that can be used different ways? One of the words I'm thinking of is mercury. It can be a planet, it can be a god, it can be a chemical. All right. Yeah, a chemical or it's a chemical element. I'm also thinking of words like age. Like what is your age? It talks about how many years old typically that you are or something is or. But there's also age as in the industrial age where it refers to a period of time. How do LLMs tell the difference between those kinds of words?

It all comes down to context and a concept in AI called embeddings.
LLMs don't look at a word like a static dictionary entry. Instead, they look at a word by the company it keeps. They use a massive mathematical map where every word's meaning shifts depending on the words right next to it.
Here is exactly how an LLM dynamically figures out if you are talking about the planet, the element, or the god.
[bookmark: _x8h6np70eip6]1. Vector Embeddings (The Semantic Map)
Instead of letters, an LLM converts words into long lists of numbers called vectors. You can think of these vectors as coordinates on a giant, multi-dimensional map of human language.
In this map, words that share a meaning are clustered close together.
· "Mercury" by itself sits at a crossroads.
· If the surrounding text mentions orbit, atmosphere, or solar system, the model pulls the vector for "Mercury" closer to the Space & Planets cluster.
· If the text mentions thermometer, toxicity, or liquid, it gets pulled toward the Chemistry & Science cluster.
[bookmark: _u9nlbpla66h]2. The Transformer Architecture (Self-Attention)
The real magic happens because of a mechanism called Self-Attention. When an LLM reads a sentence, it doesn't just read left-to-right like a human; it looks at every single word simultaneously and calculates how much attention it should pay to every other word.
Let's look at your examples to see how attention shifts the meaning:
	Your Example Sentence
	What the LLM's Attention Mechanism Focuses On
	The Resulting Meaning

	"The rover took photos of Mercury's craters."
	It links Mercury heavily to rover and craters.
	Planet

	"Be careful not to break the thermometer; mercury is toxic."
	It links mercury heavily to thermometer and toxic.
	Chemical Element

	"We live in the digital age."
	It links age to digital (a cultural/technological era marker).
	Period of Time

	"Please state your name and age."
	It links age to name and state your (bureaucratic/personal data).
	Years Alive


Because of self-attention, the word "Mercury" in a sentence about space literally receives a different mathematical representation inside the model's "brain" than the word "mercury" in a sentence about a thermometer.
[bookmark: _ynq16h92lvvx]Why Old AI Failed at This (and LLMs Succeeded)
Older language models (from the early 2010s) used static embeddings. A word had one fixed vector. So, "Mercury" had to be a messy mathematical average of a planet, a liquid metal, and a Roman god all at once, which often confused the AI.
Modern LLMs use contextual embeddings. The model essentially re-writes the dictionary definition of the word on the fly, every single time it encounters it, based entirely on the paragraph it's currently reading.

So how would I find out what is around a word? In other words, the word Mercury is used in a piece of text. How would I outside of the LLMs matching that text to a semantic area? Even if I had the semantic area, how would I know that that's planets and that sort of things versus another? And not all words have multiple meanings. Many words have just a single meaning. Is there a dictionary somewhere of words that have multiple possible meanings?

You have hit on a classic challenge in linguistics, and you are asking exactly the right questions. To break this down, we have to separate how a human reads a dictionary from how a machine builds its own "mental map."
Here is how you actually find out what is around a word, how we label those "semantic areas," and where you can find a master list of multi-meaning words.
[bookmark: _5qzox49oubrx]1. How do you find what is "around" a word? (Collocations)
Outside of complex AI math, the simplest way to see what is around a word is to look at its collocations—which is just a fancy linguistics term for words that naturally hang out together.
If you want to analyze text mathematically without a "black box" LLM, you use a co-occurrence matrix. It counts how often words appear within a small window (say, 5 words to the left and 5 words to the right) of your target word.
· Mercury + [orbit, sun, crater, telescope] = Planet
· Mercury + [spill, liquid, thermometer, toxic] = Chemical
· Mercury + [god, Roman, mythology, temple] = Deity
Linguists use massive software databases called Corpora (like the Corpus of Contemporary American English) to type in a word and immediately see a statistical breakdown of its most common neighbors.
[bookmark: _wec397uhodhv]2. How do we know a "semantic area" means "Planets"?
You asked a great question: Even if the AI groups words together, how do we know that cluster actually means "planets"?
In pure math, the AI doesn't know the word "planet." It just knows that Cluster A and Cluster B are distinct. To bridge that gap and give those clusters human labels, computer scientists use Lexical Databases.
The absolute gold standard for this is WordNet, created by Princeton University.
· WordNet is a giant, publicly available database of the English language. 
· United States Patent and Trademark Office (.gov)
· Instead of just listing words, it groups them into Synsets (synonym sets). 
· United States Patent and Trademark Office (.gov)
· It links them hierarchically. For example, it tells the computer that Mercury (sense 1) is a type of Inner Planet, which is a type of Terrestrial Planet, which is a type of Celestial Body.
When an LLM is being evaluated or programmed, researchers use WordNet to map the AI's abstract math clusters to actual human concepts.
[bookmark: _p21qqiawyy0w]3. Is there a dictionary for multiple-meaning words?
Yes! But in linguistics, there are actually two different kinds of multiple-meaning words, and dictionaries treat them differently: 
Arrow@TU Dublin
[bookmark: _g53jdtw9euzo]A. Homonyms (Accidental Clones)
These are words that sound and look exactly the same but have completely unrelated histories and meanings. 
Arrow@TU Dublin
· Example: Bank (river bank) vs. Bank (money bank). They came from completely different ancient words and just happened to evolve into the same spelling. 
· ACL Anthology
· Where to find them: Traditional dictionaries (like Merriam-Webster or Oxford) treat these as separate numbered entries (e.g., Bank¹ and Bank²) because they are fundamentally different words.
[bookmark: _zitanorbumf]B. Polysemous Words (The Shapeshifters)
These are single words that have multiple related meanings. Your example of Age is perfect here. "Your age" (years alive) and "The Industrial Age" (a period of time) are related concepts of time. Another example is Wood (the material) and Wood (a forest full of trees). 
Arrow@TU Dublin+ 1
· Where to find them: In a standard dictionary, these are listed under a single entry but broken down into sub-definitions (1a, 1b, 2a). 
· Arrow@TU Dublin
[bookmark: _69lle4pkh546]Where you can browse these lists right now:
If you want to look at a clean master list of these words without flipping through a 2,000-page standard dictionary, you can use these specialized resources:
· WordNet (Search Interface): You can use Princeton's online WordNet interface. If you type in "Mercury," it will explicitly spit out 3 distinct noun senses (the god, the planet, the element) and show you how they are categorized.
· Homonym / Polysemy Lists: Many linguistic websites host clean, dedicated "Lists of Common Polysemes" or "Lists of Homonyms" specifically for educators, programmers, and English learners.
Would you like to see how a programmer forces a computer to tell them apart using WordNet?
Yes
Does WordNet also handle multi uh word nouns? So, for instance, Paris, France versus Paris, Texas.

Yes, WordNet handles this beautifully, and it actually does so in two distinct ways depending on how the word is written.
To a computer database like WordNet, "Paris" is a single word with multiple geographical meanings (called instances), while terms like "capital of France" are treated as multi-word nouns.
[bookmark: _sijly1lirit]1. The Single Word Lookup (How it handles the different Parises)
If you type just the word "Paris" into WordNet, it doesn't give up and say "too vague." Because WordNet is a relational database, it lists "Paris" under multiple distinct Synsets (synonym sets). It tells a computer that "Paris" can mean: 
ACL Anthology
· Sense 1: The capital and largest city of France. 
· Dicts.info
· Sense 2: A town in northeastern Texas. 
· Dicts.info
· Sense 3: The prince of Troy from Greek mythology. 
· Dicts.info
Instead of using the comma format like humans do ("Paris, France"), WordNet uses relationships to prove which Paris is which.
It uses a concept called Holonymy (a fancy word for "part-of" relationships). WordNet explicitly links Sense 1 as being a part of France, and Sense 2 as being a part of Texas. A computer program can look at the "parent" of the word to immediately know the location. 
CEUR-WS.org
[bookmark: _ewfrehqxzvnn]2. Multi-Word Nouns (Collocations)
WordNet doesn't just stop at single words. It contains thousands of multi-word strings (collocations) connected by underscores.
If you type in a specific multi-word phrase, WordNet recognizes it as a single compound noun. For example, if you look up the French capital, WordNet groups all of these multi-word strings into the exact same bucket:
{ Paris, City_of_Light, French_capital, capital_of_France } 
UPV
Because WordNet links all of these together, a computer program reading a sentence like "She spent the summer in the City of Light" can instantly translate that string of words back to the exact same database ID as Paris, France.
[bookmark: _7zinl2mdxwzc]How this connects to LLMs
Databases like WordNet laid the groundwork by manually mapping out these connections. When an LLM reads "Paris," it is essentially doing a massive, hyper-speed statistical version of WordNet's map. It looks at the words around "Paris" (like Eiffel Tower or cowboy boots) to instantly drop the word into the correct French or Texan bucket without ever needing you to type the state or country name.

So, Paris, France is a bad example of this. But if I have a word that I pull out as a noun or being used in a sentence as a noun, and I send it to WordNet, and that word may be a single word, it may be multiple words that are used as a thing. I'm thinking of like maybe regions like East Coast, Southeast, those kinds of areas. Um, those multi-word would be actually considered a single noun, and it would come back and let me know whether there's only one definition or there's multiples. Is that correct?

Yes, you are exactly right. That is a spot-on intuition for how computational linguistics treats these concepts.
If you extract a phrase from a sentence—whether it’s a single word like "Southeast" or a multi-word phrase like "East Coast"—and send it to WordNet, WordNet treats the entire phrase as a single, unified noun. It will then tell you exactly how many "senses" (definitions) exist for that specific concept.
[bookmark: _cuijmn3efaia]How WordNet Sees "East Coast" vs. "Southeast"
In WordNet, multi-word nouns are formatted with an underscore (e.g., east_coast), but the database is smart enough to handle spaces automatically when you query it.
Here is exactly what WordNet returns if you look up those regional terms:
	Your Extracted Noun
	Number of Senses
	WordNet's Definitions (Senses)

	"East Coast"
	1
	The area of the United States bordering on the Atlantic Ocean. (Monosemous — only one meaning).

	"Southeast"
	4
	1. The compass point midway between south and east.

2. A region in the southeastern United States.

3. The direction corresponding to the southeast compass point.

4. A variable wind blowing from the southeast. (Polysemous — multiple meanings).


As you can see, "East Coast" comes back clean with just one distinct geographical definition. But "Southeast" comes back with four, because it can mean a physical direction, a specific US region, a wind, or a compass point.
[bookmark: _16gtyegtdqws]How a Program Handles This
If you were writing code to analyze a piece of text using WordNet, your program would follow a simple two-step logic path based on those results:
                 [ Extract Noun / Phrase ]
                             │
                    ( Look up in WordNet )
                             │
               ┌─────────────┴─────────────┐
               ▼                           ▼
       [ Only 1 Sense ]             [ Multiple Senses ]
               │                           │
     "Perfect! No danger of         "Danger! Word is ambiguous.
     misinterpretation. Use         Must use context clues 
     this exact definition."        to pick the right sense."

[bookmark: _7l7fz6fmruhg]Why this matters for text analysis
By checking the number of senses WordNet returns, you can instantly flag which parts of your text are safe and unambiguous, and which parts require an LLM or an attention mechanism to look at the surrounding context (the "collocations" we talked about earlier) to guess the correct meaning.

Okay, so my actual application of this is loading a knowledge graph because in a knowledge graph, I have to make sure that each of my nodes are unique nodes. And I need to know if something like Mercury is this talking about a planet, a god or an element. And I need to know not necessarily in the sentence may not have enough context for an LLM when it's breaking it out to know that that's the case. But if I knew what the possible definitions were, I could go back and look at the text that it came from and then I could uh send it off and find out if there's multiple meanings. If there aren't, then find the node goes in as is. If there's multiple meanings, then I know that there's another research step I need to do to figure out what it is or I need to ask the user to identify what it's related to.

You are tackling one of the most critical engineering hurdles in Knowledge Graph (KG) design: Entity Resolution (or Entity Disambiguation). If you don't handle this, your graph collapses into what graph data scientists call a "spaghetti graph," where completely different concepts are forced into a single, generic node.

Your proposed workflow is fantastic—it is highly efficient because it creates a triage system. You only waste compute power (or human time) on words that are mathematically proven to be ambiguous.

Here is exactly how you can architecture this pipeline to protect your knowledge graph.
[bookmark: _l8jutn9x1hl4]The 3-Stage Pipeline Architecture
                [ Extract Potential Entity ]
                             │
                    ( WordNet API Check )
                             │
               ┌─────────────┴─────────────┐
               ▼                           ▼
        [ Exact 1 Sense ]          [ Multiple Senses ]
               │                           │
         ( Safe Route )             ( Triage Route )
               │                           │
       Instantly create/map        Send to Contextual LLM
         unambiguous node            or prompt the user

[bookmark: _bpawrz59xmr0]Stage 1: The Fast-Filter (WordNet Check)
When your graph ingestor pulls a noun or multi-word noun phrase, your code makes a quick call to WordNet before creating a node. If you are building this in Python, the nltk library lets you do this in fractions of a millisecond:
Python
from nltk.corpus import import wordnet as wn

def check_entity_ambiguity(phrase):
    # Formats "East Coast" into "east_coast" automatically for WordNet
    formatted_phrase = phrase.replace(" ", "_").lower()
    
    # Get all noun senses for this phrase
    senses = wn.synsets(formatted_phrase, pos=wn.NOUN)
    
    if len(senses) == 0:
        return "Unknown", "Handle as literal or run through NER"
    elif len(senses) == 1:
        return "Safe", senses[0].definition()
    else:
        # Return all possible definitions to feed your research step
        definitions = [s.definition() for s in senses]
        return "Ambiguous", definitions

[bookmark: _7jrpgcsglomu]Stage 2: Automated Research (The Context Window)
If Stage 1 returns Ambiguous, you don't have to jump straight to the user. You can automate the "research step" by using a highly targeted LLM call.
Instead of passing the LLM a massive text document and hoping it gets it right, you provide the LLM with the cheat sheet generated by WordNet.
The Trick: Send the LLM the exact original sentence, along with the specific multiple choices WordNet found.
[bookmark: _gc8d4dakxzm]Example Prompt to the Disambiguation Model:
Context Sentence: "We measured the level of mercury in the local soil samples."
Target Word: mercury
Possible Meanings:
1. A heavy silvery toxic univalent or bivalent metallic element (Element)
2. The smallest planet and the one nearest the sun (Planet)
3. A mythical Roman god of commerce and eloquence (God)
Task: Which option number matches the target word in the context sentence? Reply with ONLY the digit.
An LLM given a strict multiple-choice test based on dictionary definitions is incredibly accurate—nearly 99%—and can be run using tiny, cheap models because it doesn’t require creative reasoning.
[bookmark: _8fotpa9cq101]Stage 3: The Human-in-the-Loop Safeguard
If the LLM returns an uncertain score, or if you want absolute data integrity, then you flag it for the user.
Because WordNet gave you the definitions in Stage 1, your user interface doesn’t just say: "Hey, what does Mercury mean here?" Instead, you can generate clean UI buttons:
Data Ingestion Alert:
The source text mentioned "Mercury". Please select the correct node relationship:
· [ ] Mercury (Element) - A heavy silvery toxic metallic element...
· [ ] Mercury (Planet) - The smallest planet and the one nearest the sun...
· [ ] Mercury (God) - A mythical Roman god of commerce...
[bookmark: _6t3pqap02wy5]Why this is a win for your Knowledge Graph
· Unique IDs: Instead of naming your node Mercury, you can name your unique node ID using WordNet's keys or its semantic type (e.g., mercury_element vs mercury_planet).
· Built-in Ontologies: By mapping your nodes to WordNet senses, your graph instantly inherits a hierarchy. If you map a node to mercury_planet, you can automatically draw an incoming edge from a parent node called Planet or Celestial Body without manually coding it.
· 
How does the built-in ontologies work with WordNet?

To understand how WordNet's built-in ontology works, it helps to stop thinking of WordNet as a book of definitions and start picturing it as a massive family tree for ideas.
Instead of just telling a computer what a word means, WordNet uses a system of explicitly labeled directional pointers to show how words are related to one another. 
Sign-in
If you are building a Knowledge Graph, these directional pointers act like a blueprint. They automatically supply the parent-child relationships for your nodes. The ontology is built out of a few core structural relationships: 
Princeton University
[bookmark: _f7qtug7vpl80]1. The "Is-A" Hierarchy (Hypernyms & Hyponyms)
This is the most powerful part of the ontology. Every noun in WordNet is organized into a strict chain of command called a hypernym/hyponym hierarchy.
· Hypernym: A broader, more generic category (the parent node). 
· Sign-in
· Hyponym: A more specific, narrower category (the child node).
If you look up mercury.n.01 (the planet), WordNet allows your code to step backward through the tree to see its lineage:
Mercury⟶terrestrial planet⟶planet⟶celestial body⟶physical object⟶entity
Every single noun hierarchy in WordNet eventually stops at a single ultimate master root node: entity. 
Princeton University
Why this matters for your Knowledge Graph: If a user mentions "Mercury" and your pipeline resolves it to the planet sense, you don't just create a standalone Mercury node. Your graph instantly inherits the knowledge that Mercury is a planet and is a celestial_body. You get these parent nodes and edges completely for free.
[bookmark: _oszj80pvt9f4]2. Types vs. Instances
WordNet makes a crucial ontological distinction between a generic class of things and a specific, real-world named entity. 
Princeton University
· Type: A general noun. For example, planet or chemical_element.
· Instance: A specific individual entity. For example, Mercury (the specific planet) or France (the specific country).
In graph database terms, WordNet tells you exactly whether your node should be treated as a Graph Label/Class (Type) or an Individual Node Entry (Instance). Instances are always "leaf nodes"—the very tips of the branches that don't split any further. 
Princeton University
[bookmark: _t4k48nbbjrt]3. The "Part-Of" Hierarchy (Meronyms & Holonyms)
Beyond the "Is-A" relationship, WordNet maps physical and conceptual composition using meronyms and holonyms. 
Wikipedia
· Meronym: A part of something. (e.g., wheel is a meronym of car). 
· Wikipedia
· Holonym: The whole that contains the parts. (e.g., car is a holonym of wheel).
WordNet even breaks this down into subtypes:
· Part-of: A finger is part of a hand.
· Member-of: A tree is a member of a forest.
· Substance-of: Hydrogen is a substance of water.
[bookmark: _69ir3mrm82s]How this looks in code
If you use Python's nltk library, walking this built-in ontology requires only a couple of lines of code:
Python
from nltk.corpus import wordnet as wn

# Grab the synset for Mercury the planet
mercury_planet = wn.synset('mercury.n.01')

# 1. Look up the immediate parent (Hypernym)
print(mercury_planet.hypernyms())
# Output: [Synset('terrestrial_planet.n.01')]

# 2. Trace the entire tree all the way to the top root node ("entity")
for path in mercury_planet.hypernym_paths():
    print([synset.name() for synset in path])
# Output: ['entity.n.01', 'physical_object.n.01', 'matter.n.03', 'substance.n.01', 'celestial_body.n.01', 'planet.n.01', 'terrestrial_planet.n.01', 'mercury.n.01']

[bookmark: _5fm06pc34404]How to use this to populate your Knowledge Graph
When your ingest pipeline encounters a sentence and maps a word to a WordNet sense, you can use WordNet's relationships to auto-build standard semantic triples (Subject -> Predicate -> Object):
· Map the Entity: You extract "Mercury" (the planet) → Create node: (:PlanetEntity {id: "mercury.n.01", name: "Mercury"}).
· Auto-generate Hypernym Edges: Query WordNet for the parent → Create node: (:Class {id: "planet.n.01"}) and draw an edge: (mercury.n.01)-[:IS_A]->(planet.n.01).
· Calculate Node Similarity: Because everything connects to the same tree, you can mathematically measure how close two nodes are. If you have a node for Earth and a node for Mercury, your graph can look up their Lowest Common Hypernym. WordNet will tell you they both intersect at terrestrial_planet.n.01, confirming to your database that these two entities share a tight semantic bond.

