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What's this
talk about,
anyway?

The text
search
toolbox

Semantic
search

Hybrid
search

Simplifying
search
through
tools

Reminders about tried and true
concepts that are still.... relevant

today. 8%
It's new and shiny, but it's not

without its challenges

The best of both worlds

Let’s put that toolbox to good use




e Software engineer and search practitioner
e B2B search application experience
WhO dm I? o Mostly lexical search
o Complexity added through business rules
e SaaS experience
o Store and find data from incremental
backups
e Elasticsearch
o Examples use Elasticsearch, but general
concepts translate

Kathleen DeRusso | Principal
Software Engineer
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Text - Tokens - Term Frequencies - Postings Lists
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The Godfather

TF/IDF - 1972

Pong
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HaHkSis
Forrest

- Sy Forrest Gump

Beanie Babies were an
iInvestment!

BM25 - 1994

Amazon was launched
...as a bookstore!
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Lexical Search Toolbox

Analyzers & Tokenizers

Synhonyms
\Ithltetspta.ce “Soda” vs. “Pop” vs. “Cola” vs. “Coke”
unc u,a Ion “Sub” vs. “Hoagie” vs. “Grinder”
Stemming

“Runners” vs. “Sneakers” vs. “Trainers”

Filters, Field Weights &
Boosts

“Title” > "Description” or “Meta”

Business Rules

Diversification of results,
campaigns to promote specific
content over relevant matches,

Reranking oto

Learn to Rank
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Semantic Search

\

Alice was Be,ginning to
get very tired of
sitting l—:c/ her sister
on the bank, and of

hawving no‘thing to do.

Spo«‘se Learned
Encoder Model

~

alice: 2.230
bank: 1.934
tired: 1.722
sister: 1.533
‘Poftigue,: 1.274
Sﬂ:‘t?naz 1.092

her: 1.012
no‘th?ngz 1.000

character: 0.004
wmood: 0.003
work: 0.001
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Semantic search isn’t perfect

Cost

Money, time

RAM, compute,
latency
Convenience vs.
time: Inference can
be slow

Developer time

Features

Expected
functionality

e Highlighting

e Spelling correction

e J[ypo tolerance:
HODL

Niche queries

Exact matches:
ACA979GL
Domain-specific jargon
Popularity, conversions,
campaigns

Query understanding:
half a kilo vs 5009
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inground pool

Skechers
purple

Hybrid Search to the

o | Fantasy movie Sean Astin
escue.

Remote software engineer

Best of both worlds,
providing the best recall

Fantasy




nqueryu g _{
"bool":
"should": [
{

"multi _match":

What does this
look like?

"text_expansion":

“rule_query":
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GET my-index/_search

{

"sub_searches": |

uqueryn . {
"match": {
"my_text_field": "gluten free pizza recipe"

"query": {

What dOeS thlS "text_expansion": {
|C)()l<ﬁ|ik(€3?? m{;zggiijd:: ".elser_model 2",

"model_text": "gluten free pizza recipe"




GET example-index/_search
{
"retriever": {
Scrt
"retrievers": |

{

“"standard":
"query": {
"term": {
“"text": "purple sneakers"

}

What does this
look like? ok

"field": "vector",
"query_vector": [1.25, 2, 3.5],
"k": 50,

"num_candidates": 100

s
]I
"window_size": 50,
"rank _constant": 20
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Bringing It all together

Combining multiple result sets is HARD

e Linear Combination
Technology we all know and love
Requires tuning

e RRF
Easier to use with minimal/no tuning
Makes pagination harder
No support for pinned documents
Less control over result sets




Business Metrics and User Engagement

Click through rate, conversion rate, time
on site, bounce rate...

Precision and Recall

Tuning Results MAP, NDCG, F1, ...

Judgment Lists

Don’t tune for a pet query

Judgment lists and relevance metrics are
your friend!
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PUT /_query_rules/my-ruleset

{
"rules": [
Query rules e
"rule_id": "rulel",
“"type": "pinned",
Contextual rules based on input in query R
e Remember that pet query? jj;gg:;;t:‘;ziz:éry ering:
o If you already know the best ticeTe | ety et
result, pin it!
“"type": "exact",
® Why Not go further? "meiadata": "user_country",
"values": "us"
o Head queries }
.0, ] 15
o No, It's not cheating! "actions": {
"ids": [
e Managed by non-search "id1",

1} id2ll

practitioners
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GET /my-index/_search

Query rules {
"query": {
] ] “"rule_query":
Contextual rules based on input in query "organic": {
"query_string": {
“"query": "puggles"

e Remember that pet query?
o If you already know the best

result, pin It "match_criteria": {
e Why not go further? "query_string": “"puggles",
. "user_country": "us"
o Head queries p
o No, It's not Cheating! "ruleset_id": "my-ruleset"

e Managed by non-search
practitioners
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Synonyms

Bridge the gap from domain-specific and models

e Domain specific terminology ey Y Yy e
e Slang {
e Aliases
e Translations TR Mo,

o Coke vs. Coca-Cola "synonyms": "pc => personal computer"
e APl and analyzer in

Elasticsearch "id": “computer®,
usynonymsu: ”CompUter, pC, laptop’ desktopu

"synonyms_set": |

’
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Synonyms

. . . PUT /my-index
Bridge the gap from domain-specific and models & o
settings": {

"index":

e Domain specific terminology ST
"analyzer": {
® Slang "s;l/;/onym_analyzer":
. "tokenizer": "whitespace",
o A“ases "filter": ["my_synonyms"]
e Translations o
"filter": {
o Coke vs. Coca-Cola o |
e APl and analyzer in i Bl

Elasticsearch
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Wrapping
up...

Hybrid
search

Tools

Evolving
landscape

Ultimate
goal:

BM25 search and associated tools
help bridge the gap for semantic
search

Tools like query rules and
synonyms make your life easier

We're continuously solving
problems and making search
easier

Deliver the best search results
... with as low effort and cost
(money, time) as possible




Thank you!

... and, we're hiring!




