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Big picture: Word2Vec vs. GloVe

Both Word2Vec and GloVe learn one vector per word. They differ in how they use word
co-occurrence information.

Word2Vec GloVe
+ Trains a prediction task. + Builds a global co-occurrence
+ Given a target word, predict nearby matrix first.
context words. * Uses counts Xj; across the whole
+ Uses local context windows during corpus.
training. + Directly fits word vectors to these
« The co-occurrence signal is implicit counts.
in the prediction objective. + The co-occurrence signal is explicit

in the objective.
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The co-occurrence matrix

GloVe starts from a corpus and builds a word-context co-occurrence matrix.

Co-occurrence count

X;; = number of times word j appears in the context of word i

The context is usually defined by a fixed-size window around each word. The
matrix summarizes these windows over the corpus.

| data science spark

data 0 42 8
science 42 0 15
spark 8 15 0
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Two embeddings per word

GloVe assigns two vectors to each vocabulary item.

Word vector Context vector

w; € R?

Vector for word i when it is the
center word.

W; € R?

Vector for word j when it appears in
the context.

The model also learns scalar bias terms b; and b;.

After training, many implementations use w; + w; as the final word embedding,
or use only w;.
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What does GloVe fit?

For each observed pair (i), GloVe tries to make the dot product match the log
co-occurrence count.

Model equation

w; W + b; + by ~ log X

Interpretation:
* If i andj co-occur often, log Xj; is large.
« The model increases w, w; for such pairs.

* Bias terms capture word frequency effects that should not all be encoded
in the vector geometry.
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GloVe loss function

GloVe minimizes a weighted least-squares objective over word-context pairs.

Objective

74
~ 2
7= f%;) (W,Tﬂzj 4 b+ by — long)

l:/:1

Here Vis the vocabulary size. The weighting function f(X;;) controls how much each
co-occurrence count affects training.
Common choice:

1 otherwise.

1) = {(x/xmax)a if ¥ < Xmax,

Usually & = 3/4 in the original GloVe paper.
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Why use a weighting function?

Raw co-occurrence counts are highly skewed.
+ Very frequent words produce many large counts.
+ Very rare pairs can be noisy.
+ Zero counts are not useful because log 0 is undefined.

The weighting function gives small but nonzero counts some influence, while
preventing very frequent pairs from dominating the loss.

Training signal: fit reliable co-occurrence structure, not every raw count equally.
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What should students remember?

For a vector database course, the main points are high level.

+ GloVe is a static word embedding method.

+ Each word gets one dense vector after training.

Unlike Word2Vec, GloVe explicitly uses a global co-occurrence matrix.
The learned geometry reflects corpus-level word co-occurrence statistics.
Once trained, GloVe vectors can be stored, indexed, and searched like
other embeddings.

Limitation

The embedding for a word is fixed. The word “bank” has the same vector in
“river bank” and “bank account.”
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Big picture: static vs. contextual embeddings

Word2Vec and GloVe learn one vector per word.

E(bank) = wpank

This is useful, but it ignores how the word is used in a sentence.

“| deposited money in the bank”

“We sat on the river bank”

In contextual embeddings, the vector depends on the surrounding text.

E(bank, context)
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Context changes the representation

The same word can produce different vectors in different sentences.

héi)nk = E(bank, “deposited money in the bank”)

héi)nk = E(bank, “sat on the river bank”)

Usually,

(1) (2)
hbank 7é hbank
The representation is no longer only a property of the word. It is a property of the
word in context.
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How contextual embeddings are produced

A contextual model takes the whole sequence as input.

(x1,%9,...,%,) — Contextual Encoder — (hy, ha, ..., hy)

Each output vector h; corresponds to token x;.

Unlike Word2Vec or GloVe, k; is computed using the other tokens in the sequence.
Transformer-based models such as BERT use attention to combine information from
the surrounding context.
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From contextual tokens to one text vector

A contextual encoder produces one vector per token.

(xl,xg,...,xn)<——» (hl,hg,...,hn)

For vector search, we often want one vector for the whole sentence or document:

E(x1,...,%,) € RY

So we need a way to combine the token-level representations into one text embedding.
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Using the [CLS] token

BERT-style models add a special token, [CLS], at the beginning of the sequence.

[CLS],xl,xQ, o Xn

The encoder produces

hCLS7h17h27 o 7hn

The [CLS] vector can be used as a representation of the whole sequence:

E(.X‘l, . ,.X‘n) = hCLS

Intuition: [CLS] has no word meaning of its own. Its output vector is allowed to collect
information from the entire sequence.
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Pooling token embeddings

Another approach is to combine the contextual token vectors directly.
Mean pooling:

1 n
E(.X'l,...,xn):ﬁ E hi
i=1

Other choices include max pooling or learned pooling.
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But pooling alone is not enough

BERT produces contextual representations, but it was not originally trained so that

cos(E(s1), E(s2))
directly measures semantic similarity between two sentences.

For vector search, we want

E(s1) ~ E(s2)

when s; and sy have similar meaning.

Sentence embedding models such as Sentence-BERT explicitly train the embedding
space for this purpose.
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Static vs. contextual embeddings: summary

Word2Vec / GloVe Contextual embeddings
Input word or word pairs sequence of tokens
Word vector | fixed depends on context
Output word embeddings token or text embeddings
VectorDB use | limited for text search common for semantic search
Examples Word2Vec, GloVe BERT, Sentence-BERT
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Image embeddings: basic idea

An image embedding model maps an image to a dense vector.

[ — Eimg(I) € R

The goal is that similar images map to nearby vectors.

Sim(Eimg(]1)7Eimg(]2))
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How image embeddings are produced

An image encoder converts pixels into a representation.

I — Image Encoder — z;

* The encoder can be a convolutional neural network or a Vision Transformer.

+ The vector may come from the final hidden layer, a pooled representation, or a
learned projection layer.
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What does image similarity mean?

Image similarity depends on training. Two images may be similar because they have:
+ similar low-level appearance,
+ the same object category,
+ similar semantic content,

« or similar labels for a task.

The embedding model defines what similarity means.
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Separate image and text embeddings
Suppose we train one encoder for text:

T —> Etext ( T)

and another encoder for images:

Even if both vectors have the same dimension, they are not necessarily comparable.

Erext(T), Eimg(I) € RY

does not imply that they live in the same semantic space.
So text-to-image search needs more than two independent embedding models.
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CLIP: image and text in one space

CLIP learns two encoders jointly.

T _> Etext ( T)

The goal is to place matching images and texts close to each other.

Sim(Eimg(Ii) , Etext(Ti))

should be high for a matched pair.
For mismatched pairs, the similarity should be lower.
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Training signal in CLIP

CLIP is trained on image-caption pairs.
(L, T1),(I2, T2), ., (Im, Tm)

For a minibatch, the model compares every image with every text.
Sij = sim(Eimg(1;), Etext(T}))

The diagonal entries are correct matches: Sj;.
The off-diagonal entries are mismatches: S;, i #j.

CLIP applies a softmax over these similarities using a temperature parameter 7.
Smaller 7 makes the softmax sharper; larger T makes it softer.
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Clip Contrastive Loss (Al-generated)

{ 9 Similarity matrix and contrastive loss ]

[ @ Minibatch of matched pairs ] [ @ Encoders and normalized embeddings ] Similarity matrix S
_ T, T, T, T
A mountain —p gz S | s S S,
lake surrounded | T ; I y _12 ‘ _13 _“
by evergreen 1 — Zimg | |
trees. Image 2 L | 5» ‘
= encoder — 2z, E— {
A golden retriever img I. Sa ‘
dog playing TZ —p- —> Z,; [ |
in the grass. I, Sa
. i —y it Diagonal = matched pairs; off-diagonal = mismatches
Acity skyline 21 { in the minibatch
at sunset with T3 txt
tall buildings. Text — 2z 15 exp (Sii/7)
& Limgstat = —— > log S exp (S5 /7)
—_ encoder |, ixt i=1 = -
ol it ?3 o i log P (Sit/)
on awooden T4 —> z;’d s edls =1 N 2_’7";1 exp (Sji /)
table. N D
1
e —. = ’
vectors are L2-normalized Leuw = 2 (legﬁtm i ‘Ctx‘:ﬁlmg)

T: temperature parameter controlling the sharpness
of the softmax




CLIP contrastive loss

For a minibatch of m matched image-text pairs,

([17 T1)> SR (]m, Tm)a

CLIP computes all m? image-text similarities:

Eimg(]i>TEteXt(T})
|| Eimg (1) ||| Evext (T) |

S =
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CLIP contrastive loss (contiued)

For image I;, the correct text is T;:

Zl exp(Sii/T)

21 exp(Sy/7)

Similarly, CLIP predicts the correct image for each text:

Limgatext = -

exp (Sii/T)
Leertimg = — = " log
text—img Z ] 1 exp( jl/T>

Leup = (Limg—>text + Ltext—>img) .
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Why CLIP matters for vector databases

CLIP makes cross-modal vector search possible.
A text query can retrieve images:

g = Erext(“a red sports car”)

NN (q, {Eimg(ll), ce 7Eimg([n)})

The query vector and stored image vectors are comparable because they were trained
in the same space.

This is different from using an image encoder and a text encoder trained separately.
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Image embeddings vs. CLIP embeddings

Image embedding CLIP-style embedding
Input image image or text
Encoder image encoder image encoder + text encoder
Training visual or task labels matched image-text pairs
Vector space | image-only shared image-text space
Query type image query image or text query
VectorDB use | image similarity search  cross-modal retrieval
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Thank you!
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