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The Idea of Embeddings
Word2Vec (2013)
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Word2Vec (2013)
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Contextualized Word Embeddings

Transformers




The Attention Mechanism
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Semantic Search

Model

Memory Usage (MB)

Embedding
Dimensions

llama-embed-nemotron-8b

28629

7B

4096

gemini-embedding-001

Unknown

Unknown

3072

Qwen3-Embedding-8B

28866

7B

4096

Qwen3-Embedding-4B

15341

4B

2560

Qwen3-Embedding-0.6B

2272

1024

gte-Qwen2-7B-instruct
Ling-Embed-Mistral

TNG= 0000

29040
13563

3584
4096




Model Size

How many dimensions do | really need?

On the Theoretical Limitations of
Embedding-Based Retrieval

Owion Weller -, Nichac! Dorathe ', BPachber Naia' ard Jindryul Lee

w Dospiing. * Job te Meghons Usbwniry

Vector crbeddizgs Bave boen tasked with as everincreasng set of reenicwval tasks over the yoors, with 2
Bascent rice 11 uiing them for reacoaing, maraction Sallowing, coding, and more. Thew sew beachmarks
pudh embeddings to work for any gaery and any sotien of relevarce thot could be gives. While prioe
works have pointed out thearetical Bmdcations of veosr embeddings, there & 2 common assunption
thet these difcultics are cackadvely due %o unrcallstic guerics, mnd thoae thet acc sot can be overcome
with better traiving date end larger models, [n this work, we demsotraie that we may cacouster these
thooretical lirmesations in realatic sectings with extremely simple queries. We connect knows results
0 lamming thoory, showing that the sumber of top s sabsets of documents capebile of being returmed
ax the recult of some query & Umited By the mendoa of the embed@ng. We empirically thos that
s heldds true even i we restrict 4o & = 2, and divectly optiadee on e test set with free paraneieriaed
embeddings. We then create » realissic dataser called LIVITT that stress teats models based on these
@eorctical reselts, and obscrve that crea state of the-art moded fail on this detaset despive the sarple
patere of the task. Our work shows the Imies of embodding maedels undor the existing single vector
paradipm and calls for futere research 0 develop mathods that o reselve this fundarrenial Srestatom
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Model Size

How many dimensions do | really need?

d =rankyQre — 1

#® < -10.5322 +4.0309d + 0.0520d2 +0.0037d3

500k | 1.7m | 4m | 107m
512 | 768 | 1024 3072
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Fine-Tuning a Base Model
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Base and Instruction Model Behavior

Qwen 3

Qwen/Qwen-1.78-Base

Who are you?

I am an artificial intelligence language model, trained to
assist with a wide range of tasks and provide information
on various topics. | am designed to understand and
respond to user queries in a helpful and informative
manner.
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Base and Instruction Model Behavior

Qwen 3

Qwen/Qwen3-1.7B

Who are you?

Okary, the user ia asking, "Who are you?" | need 10 respond clearly. Let me think
First, | should state my name. I'm calied Qwen. Then, | should menbon that I'm a
lorgo longuage modol developad by Alibaba Cloud. It's dosigned to holp wah
VOrous 1asks kg aarainng Gashions, writing, coding, and morg, | shoudd slsd
NOLE that I'm hare 10 SEat and provica Infoemation. Keep It simele and direct.
NO maredown, just plain teet. Make Sura ITs concise and answars the quossion
without unnecessary dotalls,

I am Qwen, a large language model developed by Alibaba
Cloud. I can help with various tasks like answering
questions, writing, coding, and more. I'm here to assist
you!
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Training Data

Send help... or don’t, this is entertaining

®

Accidentally invented a new dance move

%

My brain is officially on vacation




Choosing the Right Training Mode

{ Let's dance the night away!
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Choosing the Right Training Mode

[Instruction query | + ( Let's dance the night away!

l'Answer query] + ’”\ Q - train against specific model problems
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Benchmarking Embeddings

How Well Does Your Embedding Model Perform?

Retrieval
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Benchmarking Embeddings

How Well Does Your Embedding Model Perform?
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Top-3 benchmark

When the autocorrect ruins your heartfelt text ] @
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Top-3 benchmark

I thought I'd impress my boss by volunteering for that big presentation...
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Top-3 benchmark
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Top-3 benchmark

| thought I'd impress my boss by volunteering for that big presentation... ] ) Q?
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Least similar emoil

Query: ¢ pl i vive the vacation

Expected: | Top- U, ')

Expected: @ T ] ' ®.,. 9., 'e,

Least similar
Query: Realizing I double-texted. in
Expected: W | Top-3: [*' ¥ -
Expected: @ Top=18: [' ¥

Least similar emoii

Query: Spiraling in
Expected: | Top~3
Expected: | | Top-10:
Least similar emoji

Query: Never trusting street
Expected: 8 | Top-3: ['W'
Expected: 8 | Top-18: ['@
Least similar emoid 0

> 0:00/0:23
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~2x better!

e tOP3 - finetuned
top3 - general purpose
topl0 - finetuned
oplo - general purpose
topl0 - base model
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Re-fining fine-tuning

~ top3 - all emojis
w—— LOP3 - genenc emo|is
— LOP3 - specific emops
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Contrastive Language-Image Pre-Training

-~

Salmon fry hatching The fish heart pumps
from the egg, blood to the gills,
keeping its yolk sac where it picks up
oxygen. The blood
then flows without
further pumping to
the body, from where
it returns to the
heart
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Contrastive Language-Image Pre-Training
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Contrastive Language-Image Pre-Training

Salmon fry hatching
from the egg,
keeping its yolk sac




Contrastive Language-Image Pre-Training

e — Salmon fry hatching
distance

N Vv \ J from the egg,
keeping its yolk sac




Contrastive Language-Image Pre-Training

The fish .
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Contrastive Language-Image Pre-Training
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Contrastive Language-Image Pre-Training

CLIP (OpenAl)  CLIP (Meta) CLIP 2 (Meta)

English only English only 300+ Languages
2021 2023 2025

400M Pairs 2.5B Pairs 44% English Pairs




qwen3_0.6b_emoji_embedding

TNGE oo




ing
4

In
vy

<

Tra

vﬁ

YoV

Image Pre

Q
O
O
=
O
-
-
—

Ive

Y
ILTING

TECHNOL O
ONS

Contrast

TNG




Overview

History

Semantic Search
Fine-Tuning Base Models
Benchmarking Embeddings
Embedding of Non-Text Data
Semantic Search at Scale
Outlook

TNG Z 555




Wanna go

dancing?
)
3 P J‘

&

R




Scale Your Search to Large Datasets

Hierarchical Navigable Small World
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Scale Your Search to Large Datasets
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Scale Your Search to Large Datasets

Hierarchical Navigable Small World
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Scale Your Search to Large Datasets
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Scale Your Search to Large Datasets

Hierarchical Navigable Small World
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Outlook

Recommender Systems




Outlook

Fraud Detection




Thank you!

Elias Schecke Dennis Schulz
Senior Consultant Senior Consultant




