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The Architecture
of Meaning

Deep Dive: How Embedding Models
Translate Text into Spatial Mathematics

(A Vector Space Atlas)
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Translating Human Text into Mathematical Space

The Engine
C A neural network that maps raw A

text to a dense vector (an array
apple of numbers).
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The Rule of Proximity The Insight
The model is trained so that similar You do not design or hardcode
meanings are assigned mathematically these numbers. The model learns
close vectors, while dissimilar the spatial coordinates of meaning
meanings are pushed far apart. entirely on its own.




Selecting the Right Granularity for Search

Word Embeddings Document Embeddings Sentence & Passage Embeddings
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Maps single vocabulary words. Too Maps entire books or long articles. Too Maps phrases, sentences, or short
narrow for complex intent. broad; specific answers get lost in the paragraphs.
mathematical average of the whole text.

The Semantic Search Imperative

Search uses sentence/passage embeddings because user queries naturally match the
length and scope of passages, not single words or entire books.




The Evolution of Context in NLP

Model Era Vector Target & Context The Milestone |
| | |

Era 1: word2vec / Single Words | Fixed Proved vector math works (e.g.,

GloVe (Static lookup) king - man + woman = queen).

The vector for the word ‘bank’
changes depending on the
surrounding sentence.

Single Words | Dynamic

| gt (Contextualized)

Era 3: Sentence-
Transformers
(SBERT)

Whole Sentences | Dynamic & | Makes entire sentences directly

Comparable comparable via cosine similarity.




Visualizing the Shift to Contextual Embeddings
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[0.61, -0.22, 0.94...]

/\ The word2vec app_roach:
The Contextual Breakthrough One word, one fixed

. : : dictionary vector.
In modern models like BERT, a word does not have a single fixed
vector. Its numerical coordinates are dynamically calculated by pulling I l
context from the words surrounding it.

[0.15, 0.88, -0.41...]
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Under the Hood: The Open-Source Standard

ldentity

all-MinilM-L6-v2
(A bi-encoder model)

Accessibility

(Fullyr open-source.>

Efficiency

Highly optimized at ~90 MB
footprint. CPU-friendly for
local execution.

Dimensionality

Outputs exactly
384-dimensional dense
vectors for every text

input, creating a standardized
384-axis space for meaning.




Semantic Proximity: Measuring Paraphrases

The Rule

Sentences that mean the same thing
occupy the exact same neighborhood
in vector space, regardless of the
specific vocabulary used.

Fact Box 1

Despite sharing zero primary
keywords, the greeting paraphrases
generate nearly identical
384-dimensional coordinates.

Fact Box 2

Unrelated sentences are
mathematically repelled from this
cluster.

Z A

Qhe weather is cold tnday)

Chelln, how are you?)

p ('hi, how’s it going? )

High Cosine
Similarity



The Nearest Neighbor s
Phenomenon in Q&A

Step 1. The Revelation

When embedding questionfanswer
pairs, a question's mathematically
nearest neighbor (excluding itself) is .
almost always its own answer. A
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Step 2. Why It Works
Models are trained to place strongly |

related texts close together. A question > '
and its direct answer are fundamentally

entangled in meaning.

Step 3. The Synthesis

Searching for a query's nearest >

embedded neighbor is the literal
physics of searching by meaning.
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The Physics of Vector Space

¥ : F= . g
(L2 Normalization) 1 Gﬂsme (Angle) = ) Fixed Dimensionality

Dot Product (Projection)

A model must output the exact same number of
dimensions for every text (e.g., 384), regardless of
sentence length.

Incompatible Spaces

You cannot compare vectors generated by two
» different models. They exist in entirely different
(0, 0) X mathematical universes.

Computational Speed

By forcing all vectors to a length of 1 (L2
normalization), calculating the angle between them
(cosine) becomes mathematically identical to a
simple dot product, drastically speeding up search.
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The Vocabulary of Semantic Search

Gmbedding: Text mapped to math)
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Dense Vector: An array
of non-zero numbers.

word2vec: Early, static
word embeddings.

Dimensionality: The numb

of spatial axes (e.g.,

Contextual Embeddings:
Vectors altered by

surroundlng words.

Sentence Embeddings: Comparable 3

vectors for full phrases.
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two texts independently.

Bi-encoder: Architecture processing::)

(em

ormalization: Scaling vectors
o a length of 1.




Diagnostic: Check Your Understanding

Q: In one sentence,
what is an embedding

model trained to do?

Q: Why does 'bank’ get
one vector in
word2vec but different
vectors in BERT?

Q: Why does a
question's nearest
embedding tend to be
its own answer?

A: Map text to vectors
so similar meanings are
are mathematically
close and dissimilar
meanings are far.

A: word2vec assigns
one fixed vector per
word; BERT is dynamic,
pulling context from the
surrounding sentence.

A: Because a question
and its answer are
fundamentally related in
meaning, placing them
In the exact same
vector neighborhood.




