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Level 1 Linear Search



Ok class, letʼs open our books to 
page 72.



✖ Brute Force 

✖  Slow — O(n)

✖  Doesnʼt leverage the fact that      
every book is ordered by page number



Level 2 Binary Search



How would you actually look for 
page 72 in a book?



Level 3 Hash Tables



What page does Chapter 2 start on?















These are all, fundamentally, 1-to-1 
mappings!



Level 4 Inverted Indices



I need every pizza recipe with 
mushrooms! How do I find that?







Level 5 TF



PerformantTF



Universal, Open and Common SchemaTerm Frequency

PerformantTF



Universal, Open and Common Schema

Federated

Term Frequency

How often a term shows up in a document

PerformantTF



I run a search for:
 “tasty artichoke pizza recipeˮ



How will the TF algorithm score 
different recipes for this query?



Recipe A Recipe B



Recipe A Recipe B



Recipe A Recipe B



Recipe A 12 Recipe B 
5



How do we fix this?



Level 6 IDF



PerformantIDF



Universal, Open and Common SchemaInverse Document Frequency

PerformantIDF



Universal, Open and Common Schema

Federated

Inverse Document Frequency

How rare a term is in our database

PerformantIDF



The frequency of a term is 
inversely proportional to its IDF 
score.

Hence, inverse document 
frequency.
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The frequency of a term is 
inversely proportional to its IDF 
score.

Hence, inverse document 
frequency.

Pie

Slice

Peel

Char

Crumb

Leoparding

Hydration

Poolish

Window Pane



Letʼs revisit Recipe A, but now using 
TF and IDF



Recipe A 12 Recipe B 
5



Recipe A Recipe B



Recipe A (cake) 



Recipe A (cake) 



Recipe A (cake) 



Recipe A (cake) 



Recipe A (cake) 



Recipe A (cake) 

Final Score = 19.2



If we apply this same math to Recipe B 
(which was actually  for pizza) we get 

a score of 26.6



Recipe A 19.2 Recipe B 26.6



Level 7 BM25



PerformantBM25



Universal, Open and Common SchemaBest Match, Version 25

PerformantBM25



Universal, Open and Common Schema

Federated

Best Match, Version 25

TF  IDF + some more bells & whistles

PerformantBM25



Letʼs compare two different 
artichoke pizza recipes



Recipe B Recipe C



Recipe B Recipe C



Recipe B Recipe D



How does BM25 fix this?



Improvements over TF  IDF



Improvements over TF  IDF

➕ Saturation curve is applied to 
how term frequencies are 
calculated



Ok, but what is a saturation curve?



Ok, but what is a saturation curve?

https://docs.google.com/file/d/1ZMfrnTos4uwLLqJ_vM1ru5AYoARzi3eM/preview


Improvements over TF  IDF

➕ Saturation curve is applied to 
how term frequencies are 
calculated



Improvements over TF  IDF

➕ Saturation curve is applied to 
how term frequencies are 
calculated

➕ Takes document length into 
account and adjusts final scores 
accordingly



Level 8 Text Analysis



Text analysis has a few different 
forms, but it all starts with…



Text Analysis
8.1  Tokenization



Tokenization is all about 
breaking down a query into 

individual tokens.



Tokenization



Tokenization



Tokenization



Tokenization Examples



Tokenization Examples



Tokenization Examples



Text Analysis
8.1  Tokenization
8.2  Stop Words



Stop Words

● “the ,ˮ “of ,ˮ “and ,ˮ “as ,ˮ & “areˮ



Stop Words

● “the ,ˮ “of ,ˮ “and ,ˮ “as ,ˮ & “areˮ
● Unhelpful filler



Text Analysis
8.1  Tokenization
8.2  Stop Words
8.3  Stemming



Stemming



Text Analysis
8.1  Tokenization
8.2  Stop Words
8.3  Stemming
8.4  Synonyms



Synonyms

It shouldn't matter whether I'm searching for a 
New York, NY, or NYC style pizza recipe. 
Synonyms can be registered in your Elastic 
search system in a few different ways.



Synonyms

It shouldn't matter whether I'm searching for a 
New York, NY, or NYC style pizza recipe. 
Synonyms can be registered in your Elastic 
search system in a few different ways.

● synonyms API
● synonyms file
● inline w/ token filter



Synonyms



Text Analysis
8.1  Tokenization
8.2  Stop Words
8.3  Stemming
8.4  Synonyms

8.5  Spell Check



Spell Check

If a user mistypes their search query for pizza 
and instead types in p-i-z-a, they should still 
get the same results. There are few ways in 
Elastic to perform spell correction.



Spell Check

If a user mistypes their search query for pizza 
and instead types in p-i-z-a, they should still 
get the same results. There are few ways in 
Elastic to perform spell correction.

● register incorrect spellings as synonyms
● fuzzy queries
● suggesters (did you mean to say...)
● phonetic token filter plugin



Text Analysis — Putting It All Together



I search for…

● “ the best wood fired neapolitin pieˮ
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● “best wood fire ̶d̶  neapolitin pieˮ
● “best wood fire neapolitin  ̶p̶i̶e̶ˮ
● “best wood fire neapoliti̶n pizzaˮ
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I search for…

● “ ̶t̶h̶e̶ best wood fired neapolitin pieˮ (stopwords) 
● “best wood fire ̶d̶  neapolitin pieˮ
● “best wood fire neapolitin  ̶p̶i̶e̶ˮ
● “best wood fire neapoliti̶n pizzaˮ
● “best wood fire neapolitan pizzaˮ



I search for…

● “ ̶t̶h̶e̶ best wood fired neapolitin pieˮ (stopwords) 
● “best wood fire ̶d̶  neapolitin pieˮ      (stemming)
● “best wood fire neapolitin  ̶p̶i̶e̶ˮ
● “best wood fire neapoliti̶n pizzaˮ
● “best wood fire neapolitan pizzaˮ



I search for…

● “ ̶t̶h̶e̶ best wood fired neapolitin pieˮ (stopwords) 
● “best wood fire ̶d̶  neapolitin pieˮ      (stemming)
● “best wood fire neapolitin  ̶p̶i̶e̶ˮ         (synonyms)
● “best wood fire neapoliti̶n pizzaˮ
● “best wood fire neapolitan pizzaˮ



I search for…

● “ ̶t̶h̶e̶ best wood fired neapolitin pieˮ (stopwords) 
● “best wood fire ̶d̶  neapolitin pieˮ      (stemming)
● “best wood fire neapolitin  ̶p̶i̶e̶ˮ         (synonyms)
● “best wood fire neapoliti̶n pizzaˮ      (spell check)
● “best wood fire neapolitan pizzaˮ



Level 9 Rerankers



How would search work in an ideal 
world?



Some person (letʼs say Reed Rancor) would…
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Some person (letʼs say Reed Rancor) would…

● Retrieve all the relevant documents
● Read through each one
● Rank them all individually by relevance



This is obviously not possible.



But what if we just did this for the 
first few entries?



Reed is still too slow

:-(



But a machine learning model isnʼt!



“charred crust artichoke piza recipeˮ



Text Analysis

● Spell correct p-i-z-a to 
p-i-z-z-a

● Turn “charred” into its stem 
form, “char”
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Text Analysis

● Spell correct p-i-z-a to 
p-i-z-z-a

● Turn “charred” into its stem 
form, “char”

Inverted Index

An inverted index grabs every 
recipe filed under “artichokeˮ

BM25

Assign scores to each recipe 
based on

● term frequency (TF)
● inverse document 

frequency (IDF)

Reranker

Rerank the first few entries, 
since users are more likely to 
spend time on those

“charred crust artichoke piza recipeˮ



Any questions so far?



Level 10 Vectors



A vector is how a computer 
encodes abstract concepts.



How can we encode 
Italian-American cuisine into 

vectors?
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0.05, 0.90, 0.05
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0.05, 0.90, 0.05

0.05, 0.90, 0.05
0.30, 0.40, 0.30

0.70, 0.25, 0.05



[ 0.312, 0.287, 0.645, 0.134, 0.078, 0.189, 0.223, 0.512, 0.398, 0.067…]

[ 0.845, 0.023, 0.098, 0.571, 0.412, 0.012, 0.502, 0.034, 0.245, 0.445…]
[ 0.793, 0.512, 0.087, 0.198, 0.067, 0.341, 0.489, 0.215, 0.178, 0.367…]

[ 0.821, 0.043, 0.112, 0.634, 0.299, 0.045, 0.518, 0.087, 0.203, 0.411…]



Level 11 Hybrid Search



Hybrid Search
The fusion of BM25  and vector-based search

BM25                             Vector



Hybrid Search
The fusion of BM25  and vector-based search

BM25                             Vector?



Reciprocal Rank Fusion 
RRF



Hybrid Search
The fusion of BM25  and vector-based search

BM25                             VectorRRF



Text Analysis

● Spell correct p-i-z-a to 
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Text Analysis

● Spell correct p-i-z-a to 
p-i-z-z-a

● Turn “charred” into its stem 
form, “char”

Inverted Index

An inverted index grabs every 
recipe filed under “artichokeˮ

BM25  Vector

Assign scores to each recipe 
based on

● term frequency (TF)
● inverse document 

frequency (IDF)
● vector proximity

Reranker

Rerank the first few entries, 
since users are more likely to 
spend time on those

“charred crust artichoke piza recipeˮ



Level 12 RAG



Retrieval Augmented Generation 
RAG



RAG



Level 13 Agentic Memory



Agentic Memory



Thank you! Any 
questions?

Letʼs connect on LinkedIn!


