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AI-Powered Search 
Å RAG (Re trieval  Augmented Generation)
Å Generative Search & Summarization
Å Learning to  Rank & impl ic i t  judgments
Å Semantic Search
Å Dense Vecto r Search
Å Fine- tuning LLMs for Search
Å Personalized Search & Recommendations
Å Knowledge Graph Learning
Å User s ignals boosting & c l ick  models
Å Crowdsourced Relevance
Å Quant izat ion techniques
Å Hybrid search
Å Mult imodal  search (45% Discount Code: mices45 )

Get a copy @ http:// aiPoweredSearch.com



Å Refresher on embeddings and latent features

Å The personalization spectrum between search and recommendations

Å Leveraging a ǳǎŜǊΩǎ ǎƛƎƴŀƭǎ to implement matrix factorization and 
   personalization from latent features

Å Using embedding vectors to generate personalization profiles

Å Mixing user signals and content-based attributes to generate 
   multimodal personalization

Å Clustering products by embeddings to create personalization guardrails

Å Avoiding the pitfalls of personalized search

Agenda



Sentence Embeddings:
[ 2, 3, 2, 4, 2, 1, 5, 3 ]
[ 5, 3, 2, 3, 4, 0, 3, 4 ]
. . .

Document Embedding:
[ 4, 1, 4, 2, 1, 2, 4, 3 ]
 

Word/Phrase Embeddings:
[ 5, 1, 3, 4, 2, 1, 5, 3 ]
[ 4, 1, 3, 0, 1, 1, 4, 2 ]
. . .

Paragraph Embeddings:
[ 5, 1, 4, 1, 0, 2, 4, 0 ]
[ 1, 1, 4, 2, 1, 0, 0, 0 ]
. . .

Embeddings



An embedding is a set of coordinates 
in vector space into which we map a 
concept.



apple caffeine cheese coffee drink donut food juice pizza tea water Źterm N

latte 0 0 0 0 0 0 0 0 0 0 0 ...

cappuccino 0 0 0 0 0 0 0 0 0 0 0 ...

apple juice 1 0 0 0 0 0 0 1 0 0 0 ...

cheese pizza 0 0 1 0 0 0 0 0 1 0 0 ...

donut 0 0 0 0 0 1 0 0 0 0 0 ...

soda 0 0 0 0 0 0 0 0 0 0 0 ...

green tea 0 0 0 0 0 0 0 0 0 1 0 ...

water 0 0 0 0 0 0 0 0 0 0 1 ...

cheese bread sticks 0 0 1 0 0 0 0 0 0 0 0 ...

cinnamon sticks 0 0 0 0 0 0 0 0 0 0 0 ...

An inverted index creates embeddings, 
with one dimension per term



Embedding (verb) maps concepts into another 
vector space (usually a lower-dimensional space)



Phrase:            Vector:
apple juice:                    [ 0, 5, 0, 0, 0, 4, 4, 3 ]
cappuccino:                  [ 0, 5, 3, 0, 4, 1, 2, 3 ]
cheese bread sticks: [ 5, 0, 4, 5, 0, 1, 4, 2 ]
cheese pizza:                   [ 5, 0, 4, 4, 0, 1, 5, 2 ]
cinnamon bread sticks: [ 5, 0, 4, 5, 0, 1, 4, 2 ]
donut :                              [ 5, 0, 1, 5, 0, 4, 5, 1 ]
green tea:                       [ 0, 5, 0, 0, 2, 1, 1, 5 ]
latte :                               [ 0, 5, 4, 0, 4, 1, 3, 3 ]
soda:                              [ 0, 5, 0, 0, 3, 5, 5, 0 ]
water :                            [ 0, 5, 0, 0, 0, 0, 0, 5 ]

Ranked Results: Green Tea

0.94 water

0.85 cappuccino

0.80 latte

0.78 apple juice

0.60 soda

Ź Ź

0.19 donut

Vector Similarity Scores:

Vector Similarity (a, b): 
 cos(ėƏ   =       a · b  

                          |a| Ĭ |b|

Ranked Results: Cheese Pizza

0.99 cheese bread sticks

0.91 cinnamon bread sticks

0.89 donut

0.47 latte

0.46 apple juice

Ź Ź

0.19 water

We then leverage the vector space to explore similarity



https:// atlas.nomic.ai/map/ stablediffusion

Embedding concepts into a vector space



With LLMs and other Foundation 
Models, the dimensions learned 
are Latent Features*.
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Personalized 

Search
(Mostly user-specified,

partially driven by user profile)

Traditional 

Keyword Search
(Completely User-specified)

User-guided

Recommendations
(Mostly driven by user profile,

partially user-specified)

Traditional

Recommendations
(Completely driven by user profile)

Personalization Spectrum



detergent

category: laundry
text: softens clothes and 
leaves a fresh citrus scent

category: laundry
text: cleans clothes spotless and removes 
stains leaving a fresh citrus scent

fabric softener

Recommendations:
-fabric softener
-dryer sheets

Content-based Matching (Content Filtering)

category: laundry
text: removes static 
electricity from clothes and 
leaves a fresh citrus scent

dryer sheets

Content-based Recommendations

Recommendations Approaches



Recommendations Approaches

mulch

fertilizer

soilRecommendations:
-soil
-mulch

hammer

nails

screwdriver

Behavior-based Matching (Collaborative Filtering)

Collaborative Recommendations



Recommendations Approaches

hammer

nails

screwdriver

Recommendations:
-screws
-screwdriver
-hammer
-nails

category: tools
text: automatically drill in 
screws instead of using a 
screwdriver

drill

category: parts
text: used with screwdriver or 
drill to fasten items together

screws

OR

Content-based Matching (Content Filtering) Behavior-based Matching (Collaborative Filtering)

Multi -modal Recommendations

+



Generating latent behavioral 
embeddings for personalization



Results:

Collaborative Filtering ( Alternating Least Squares )






