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Some words about Adelean
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Experts in search technologies

Integrators of Elasticsearch,
OpenSearch and Solr

Consulting and Training providers
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Developers of a2 - an e-commerce
and Enterprise Search solution

Developers of all.site - your
Collaborative Search Engine
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Semantic search

e Understands meaning and context, not just keywords
e Powered by transformer-based models
e Best suited for:

o Verbose queries

o Multilingual search

o Synonyms or paraphrasing
e Represents text as vectors:

o Sparse

o Dense

— Artificial Intelligence (Al)

%

subset of
'Y

powers T

Natural Language
Processing (NLP)

/ Machine Learning (ML)

subset of
Y

Deep Learning (DL) X

Semantic Search
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Semantic search workflow
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How to semantic
search?

Unlocking next-gen semantic search
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Deploy your model

"name" :

"name" :

"description":

"version": "version":

"model group id":

"protocol": "
"model format": "parameters":

"model":

In-cluster

Outside cluster, through connector

a Unlocking next-gen semantic search
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https://docs.opensearch.org/latest/ml-commons-plugin/custom-local-models/
https://docs.opensearch.org/latest/ml-commons-plugin/remote-models/connectors/

In cluster deployment: some adaptations

e Model need to be converted to ONNX
e Model has to be saved as zip:
o Tokenizer
o Weights
o For +2GB model, weights are in
model.onnx_datal
o Check model configuration in config.json
for registration

https://www.adelean.com/en/blog/2
0260316 jinavb to opensearch/
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https://docs.opensearch.org/2.11/ml-commons-plugin/api/model-apis/register-model/
https://www.adelean.com/en/blog/20260316_jinav5_to_opensearch/
https://www.adelean.com/en/blog/20260316_jinav5_to_opensearch/

Overview on semantic search field's type

Field types Vector type Features
knn_vector DENSE
Need pipeline, or
rank_features SPARSE Fully configurable ingest vector directy
sparse_vector SPARSE
semantic DENSE/SPARSE Auto-adaptive No need for pipeline

a Unlocking next-gen semantic search
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PUT test-index
{

"settings": {

knn_vector

"index": {

e k-NN vector offers great

flexibility and a total control. )
s

"mappings": {

"knn":

You can specify:
o space_type
o engine

"properties": {

"passage embedding": {

"type":
"dimension": 1024,
"method": {
"name" :
"space type":

"engine":

a Unlocking next-gen semantic search IR
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https://docs.opensearch.org/latest/mappings/supported-field-types/knn-vector/

knn_vector

PUT ingest/pipeline/nlp-ingest-pipeline

{
To use with ingest_pipeline at "description":
indexation time and search pipeline ( "processors":

optional ) {
"text embedding": {

"model id":

[

Vectorial Space

"field map": {

( —

}‘( E (1)) mowe [0.98,0.65,...,0.34]
11

1|

!

|

9 "text":

User query

[0.55,0.62,....,0.33]

Ingest pipeline

Neural query

Retrieved document
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Space types

Euclidean: 12
Manhattan: I1
Chebyshev: linf
Cosine: cosinesimil
innerproduct

hammingbit, hamming

a Unlocking next-gen semantic search
OpenSearchCon EU 2026

Euclidean Cosine Hamming
& —
© Al1]o|1]1]o]o]
! !
&) Bl1[1]1]o]o]o]
@
Manhattan Minkowski Chebyshev
.‘—l @
e @

Jaccard

Intersection

Sgrensen-Dice

Intersection



https://docs.opensearch.org/latest/mappings/supported-field-types/knn-spaces/

Implemented engines

NMSLIB

Deprecated

......

“M“ Qs u/‘ ﬁ( ‘ \Vi!

\, AN \“\ ‘»‘# '//
3! us\"z S

‘— '///\\\ .»4 AN 1
Lo b

jvector
Plugin

SLUCENE
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Libraries and ANN algorithms availables

e Lucene: e NMSLIB (legacy and deprecated)
o HNSW :

e FAISS: o HNSW
o IVF e JVECTOR
o HNSW o DISK_ANN ( optimized HNSW)

a Unlocking next-gen semantic search
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K-NN: the naive approach

e Flat Indexation: no preprocessing .Sfjrc:Lfte”iy;mi)
or clustering is performed at 125
indexation time 100
e Brute-force: query vector is 7s
compared with the entire 50
collection 25
e Exact search is possible through 0
scripting Num Docs

a Unlocking next-gen semantic search
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Approximate nearest neighbor: IVF

e ANN allows to reduce search 1. Clustering Phase 2. Assignment Phase
query time
e |VF (Inverted File Indexing) is an S L o \J\ ._?’

ANN algorithm .

e Indexation <-> Search e %

3. Search Phase

Search only this cluster ~.

a Unlocking next-gen semantic search
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IVF Fine-Tuning

nprobes
8
16
32
64

128

Optimization Strategy

Optimize for memory and
search latency

Balance between latency,
memory, and recall

Optimize for recall

https://aws.amazon.com/blogs/big-data/choose-the-k-nn-algorithm-for-your-billion-scale-use-case-with-opensearch/

a Unlocking next-gen semantic search
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https://aws.amazon.com/blogs/big-data/choose-the-k-nn-algorithm-for-your-billion-scale-use-case-with-opensearch/

Approximate nearest neighbor: HNSW

e HNSW is the most popularused =

algorithm for ANN o
e Based on the mechanics of |
probability skip lists and Navigable . _o—0
Small World graphs. 5 50/\0 O/
e Latest version of Lucene integrate T
ACORN algorithm for faster O\ P &
filtering chig/\éz
R\

a Unlocking next-gen semantic search
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https://lucene.apache.org/core/10_2_0/core/org/apache/lucene/util/hnsw/FilteredHnswGraphSearcher.html

HNSW Fine-Tuning

16

16

32

32

64

ef_construction

32
32
128

256

512

512

ef_search

32
32
128

256

512

512

Optimization
Strategy

Optimize for
memory and search
latency

Balance between
latency, memory,
and recall

Optimize for recall,
more memory
consumption

https://aws.amazon.com/blogs/big-data/choose-the-k-nn-algorithm-for-your-billion-scale-use-case-with-opensearch/
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https://aws.amazon.com/blogs/big-data/choose-the-k-nn-algorithm-for-your-billion-scale-use-case-with-opensearch/

Other ANN algorithm

o NSG
ParaGraph
CAGRA ( we are going to talk
about it ;)

e RoarGraph

e Vamana

e SPANN

a Unlocking next-gen semantic search
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https://github.com/ZJULearning/nsg
https://dl.acm.org/doi/10.1145/3736227.3736237#Bib0031
https://docs.rapids.ai/api/cuvs/stable/c_api/neighbors_cagra_c/
https://docs.rapids.ai/api/cuvs/stable/c_api/neighbors_cagra_c/
https://arxiv.org/abs/2408.08933
https://docs.rapids.ai/api/cuvs/stable/cpp_api/neighbors_vamana/
https://arxiv.org/abs/2111.08566

Feature Faiss/[HNSW Faiss/IVF Lucene/HNSW | JVector/Diskan
Max 16,000 16,000 16,000 16,000
dimensions
Filter Post-filter Post-filter Filter during Filter during

search search
Training No (Yes for PQ) | Yes No No
required
Similarity 12, innerproduct, | 12, innerproduct, | 12, cosinesimil 12, innerproduct,
metrics cosinesimil cosinesimil cosinesimil
Number of Tens of billions Tens of billions Less than 10 Hundreds of
vectors million billions
Indexing Low Lowest Low Medium/Low
latency
Query latency Low latency and | Low latency High latency and | Low latency and

and quality high quality and low quality high quality high quality
Vector Flat, PQ, SQ Flat, PQ, SQ Flat, SQ PQ, BQ
compression

Memory High, Low with Medium, Low High Very Low
consumption PQ with PQ

Engine

recommendations

Unlocking next-gen semantic search

OpenSearchCon EU 2026
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Overview on semantic search field's type

Field types Vector type Features
knn_vector DENSE
Need pipeline, or
rank_features SPARSE Fully configurable ingest vector directy
sparse_vector SPARSE
semantic DENSE/SPARSE Auto-adaptive No need for pipeline

a Unlocking next-gen semantic search
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Rank_features

ML text expansion to capture

deep Semantic ConteXt Orangutans are native to the rainforests of Indones

Rank_features type

Possibility to index raw vector
or use ingest pipeline

a Unlocking next-gen semantic search
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https://docs.opensearch.org/latest/vector-search/ai-search/neural-sparse-with-raw-vectors/
https://docs.opensearch.org/latest/vector-search/ai-search/neural-sparse-with-pipelines/

sparse_vector

New type: sparse_vector

Forward Index

[ Inverted Index ] [

Using SEISMIC algorithm to L T Y |

optimize search performance e e ﬁWWT (6] oo | ]

I deal for large-scale ) S RS
applications : '

..................................

Efficient Inverted Indexes for Approximate Retrieval over L earned Sparse
Representations

a Unlocking next-gen semantic search
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https://docs.opensearch.org/latest/vector-search/ai-search/neural-sparse-ann/
https://dl.acm.org/doi/pdf/10.1145/3626772.3657769
https://dl.acm.org/doi/pdf/10.1145/3626772.3657769

Semantic type

New type: semantic
Simplified:

e automatic index
configuration
e automatic pipelines

Works for internal inference
and inference by connectors

a Unlocking next-gen semantic search
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PUT my wonderful index
{
"settings": {
"index": {
"knn":

}

}I
"mappings": {
"properties": {
"passage": {
"type":
"model id":



Semantic type

PUT my wonderful index

Good flexibility: (

"mappings": {
possibility to override generic "properties": {
behavior with specific "passage”: |

. . "t ":
configuration e

"model id":

"dense embedding config": {

"method": {
"name "w.
"engine":
"parameters": {

"ef construction": 128,

m": 32
a Unlocking next-gen semantic search
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Semantic type

Easy chunking

Possibility to define specific
chunking configuration

a Unlocking next-gen semantic search
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PUT my wonderful index

{
"mappings": {
"properties": {
"passage": {
"type":

"model id":

"chunking":



https://docs.opensearch.org/latest/mappings/supported-field-types/semantic/#text-chunking

Chunking

e Models can't fit everything — limited by number
of tokens.

e Tokens =z words

e 1token = 4 characters of text = % of a word

e 100 tokens = 75 words

Hello Voxxed Days CERN 2026

" SO T LU e 0 E DU T https://platform.openai.com/tokenizer
OpenSearchCon EU 2026



Chunking in OpenSearch

e Manual chunking method trough

text_chunking processor. Vector space
e Chunking through semantic text T .
________________________ |
chunking object. : ( ( 1) | el [098,065,...034] |
g J : :l é E I 2(=) i 98~ [0.550.62,...,0.33] : :
\ b0
_ _ l\ S mirarror  eeepoma T
e 3 algorithms available: N /

Ingest pipeline

o fixed token length
o fixed chars length
o delimiter

a Unlocking next-gen semantic search
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https://docs.opensearch.org/latest/ingest-pipelines/processors/text-chunking/

Search your vectors

Search mode Field type
Dense knn_vector
semantic
Sparse

rank_features

sparse_vector

a Unlocking next-gen semantic search
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Query type

knn query

neural

neural sparse

Main features

vector query
rescoring
radial search

text,image and raw tokens
query

rescoring

radial search

works with dense and
sparse (only semantic type)

text and raw tokens query
allows sparse ANN


https://docs.opensearch.org/latest/query-dsl/specialized/k-nn/index/
https://docs.opensearch.org/latest/query-dsl/specialized/neural/
https://docs.opensearch.org/latest/query-dsl/specialized/neural-sparse/index/

Radial search vs k-nn

e Radial search works on ANN
algorithms, but changes the point

(096)
. \ 4
of view: o)
, \J min_score = 0.90
o doesn’t select the closest k
documents
o it finds every document that G
. 4
falls inside a chosen radius
around the query point. )

o max_distance or min_score

a Unlocking next-gen semantic search
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Rescoring

GET /my-vector-index/

{

"size": 2,

e Rescoring can be activated to ’
query": {
increase recall "knn": {

e Rescore uses full precision vectors oy veeter Eieldts {

e Oversample_factor multiplies vectertE LS e a2
the number of retrieved candidate [ 1'5,',;:5]1;)
before rescoring o

"method parameters": ({

"ef search": 10
b
"rescore": {

"oversample factor": 10.0

a Unlocking next-gen semantic search
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Maximal Marginal Relevance

POST /my-index/ search
Pure semantic search often (
returns highly similar, redundant "query": {
documents. Thamats

"my vector field": {

MRR results to balance relevance (teises s IO cu e o sl o
with diversity, avoiding S
duplicates.
Still not compatible with nested Mext": |
and boolean ! "mmrt:

"diversity": 0.7

a Unlocking next-gen semantic search i)
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Optimize your
semantic search

Adelean - Mastering vector search at scale Unlocking next-gen semantic search "
OpenSearchCon EU 2026


https://www.adelean.com/en/blog/20241130_vector_search_practical_guide/

A billion vector database and beyond

e \ector databases now scale to
billions of vectors
e This requires optimization:
o Indexing

m Faster
m Lower storage footprint
o Search

m Lower latency
m Improved recall

a Unlocking next-gen semantic search
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GPU acceleration

Leveraging GPU:

e indexation up to x50 faster

e l|everaging CAGRA to build index
on GPU, then converted to be
used on CPU

e in cluster indexation with gpu is
available in OpenSearch 2.5

a Unlocking next-gen semantic search
OpenSearchCon EU 2026
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CAGRA in action

1. Vectors buffered in Java - |
heap e el vy tho graph 15 & NVIDIA L4 GRU

2. Sent to GPU to build
CAGRA graph

3. Retrieved from GPU and
converted to HNSW

Indexing Force merge Indexing Force merge

S o4
-3
g
=
>
a
S 02
o 0 o o2 028 030 3 = 045 080 085 1
Time

https://www.elastic.co/search-labs/blog/elasticsearch-gpu-accelerated-vector-indexing-nvidia

4. Persisted to disk

GPU is faster also in merging.

a Unlocking next-gen semantic search
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https://www.elastic.co/search-labs/blog/elasticsearch-gpu-accelerated-vector-indexing-nvidia

Disk Memory Requirements

Disk Memory = Number of documents *
Number of words x document / ( % context length ) *

Dimensions * Data type

Disk Memory =100.000.000 * 3840 / % 512 * 1024 * 4 = 3.8TB

a Unlocking next-gen semantic search
OpenSearchCon EU 2026



Disk Memory Requirements in real life

With 1 billion vectors and 1024 dimensions

Without _source
10000

8000

6000

Go

4000

2000

Float32 Int8 Int4

Type

a Unlocking next-gen semantic search
OpenSearchCon EU 2026

With _source

10000
8586
7500 7759
o 5000
o
3945
2600
0
Bbq Float32 Int8 Intd Bbq

Type



Disk optimization: disable source

Vectors are stored multiple times:

e KnnVectorField at Lucene level
"mappings": {
e _source level n sourcel: {

"excludes": [
Disabling source, limits certains operations: :
}

"passage embeddings"

e Reindex
e Update and update_by_query

a Unlocking next-gen semantic search
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https://lucene.apache.org/core/9_2_0/core/org/apache/lucene/document/KnnVectorField.html

Disk optimization: derived source #

derived_source is available

e to not store vectors in _source

e to have dynamic retrieval from internal format
when needed

e itis the default option

a Unlocking next-gen semantic search
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Disk memory optimization: KnnVectorField

KnnVectorField contains:

e The original vector Without _source
e The quantized vector ( quantification -
int8 is done by default )

8000

6000

4000
3814 iz 3945

2000

0

Float32 Int8 Int4 Bbg

Type

a Unlocking next-gen semantic search
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https://lucene.apache.org/core/9_2_0/core/org/apache/lucene/document/KnnVectorField.html

Disk memory optimization: KnnVectorField

Another way to reduce disk memory
requirements:

1. Change your index data_type
2. Index quantized vector

a Unlocking next-gen semantic search
OpenSearchCon EU 2026



1. Change your index data type

With knn_vector type, change index data_type
to the desired level of quantization:

a. binary
b. byte
c. float

a Unlocking next-gen semantic search
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2. Index quantized vector

PUT _ingest/pipeline/scalar_quantization_pipeline
{
"description”: "Pipeline to quantize to int8"
‘processors”: [
{
"seript”: {
Tsource™: T
def min_val = 100;
def max_val = 0;

om sentence_transformers t SentenceTransformer
om sentence_transformers.quantization t quantize_embeddings

for(value in ctx.vector){
if(value < min_val) min_val = value;
=3 . o - if(value > max_val) max_val = value;
model = SentenceTransformer('Laj ', trust_remote_code=True }

def range = max_val - min_val;

def quant_min = -128;
def quant_max = 127;

def quantized_vector = [];
for (v in ctx.vector) {
def normalized = (v - min_val) / range;

External Quantization def scaled = normalized * (quant_max - quant_min) + quant_min;

quantized_vector.add(Math.round(scaled));
}

ctx.quantized_vector = quantized_vector;

‘ Unlocking next-gen semantic search

OpenSearchCon EU 2026 Quantization in plpellne



RAM Requirements with HNSW

To work properly, vectors have to Required memory = (Number of vectors x Vector size x Size of Type) +
. (Number of vectors * 4 * HNSW.m )
be loaded into RAM.

Required memory = 1billion x 1024 x 4 + 1 billion x 4 x 16 = 3.8 TB of RAM

Note: HNSW and IVF have similar
requirements, IVF slightly
cheaper

a Unlocking next-gen semantic search
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Quantization

Help to reduce the cost, compressing into
lower-precision formats:

Scalar Quantization
Product Quantization
Binary Quantization

many others: OPQ, DPQ, ...

Phenomenal cosmic powers!
Itty bitty living space.

a Unlocking next-gen semantic search
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https://apxml.com/courses/advanced-vector-search-llms/chapter-2-optimizing-vector-search-performance/implementing-opq
https://arxiv.org/pdf/1908.09756

Scalar quantization

Use normalization, like min-max to Sign  Exponent Significand / Mantissa
(1 bit) (8 bits) (23 bits)
compress the space type =AA01000000001000060060600000000000000
-3.4¢% 0 3.4e*
. 1 |-3'1415927410125732 |

Great accuracy, decent compression R -t 1M

o R

-127 vER 17
Required memory (int8) = num_vectors X (vector_size (signed) INT8 (o) (1Joof1)efol0)
+4 ) + (num_vectors *4 * HNSW.m) e (@6l

a Unlocking next-gen semantic search
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Product quantization

Compress vectors by clustering
subvectors into shared codebooks.

Good accuracy, good compression

Required memory = 1.1*(((pq_code_size / 8) * pq_m + 24 +
8 * HNSW.m) * num_vectors + num_segments *
(27\pg_code_size * 4 * d))

a Unlocking next-gen semantic search
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Binary quantization

Apply a threshold to convert each
element into a single bit (e.g., values > O

become 1, otherwise O). 07 09 -012 -001 08 -01
Reduced accuracy, huge compression. s s e

1 1 0 0 1 0

Required memory = num_vectors % ( vector_size/8 +
12 ) + (num_vectors * 4 * HNSW.m )

a Unlocking next-gen semantic search
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RAM Requirements with quantization ( HNSW )

1250

With 1 billion vectors

1000

1024 dimensions

750

HNSW ->

Total RAM

500
e hsnwm=32

Scalar (int8) Product (PQ) Binary (BQ)

378
250

° pg_code_size: 8 bits
Method ° pg_m: 16

a Unlocking next-gen semantic search
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° ° ° PUT my wonderful index
Quantization techniques ¢ .
"mappings": {
"properties": {
Available: "my vectorl": {
"type":
e lucene scalar quantization "dimension": 3,
e Faiss scalar quantization Vepace Eypot
5 . . 1] h u:
e Faiss product quantization meEhodt: |
. . . "name" :
e Binary quantization ST
engine":
. ] "parameters": {
Easy to configure through encoding rencoder: |
parameters "name": ,
"parameters": {
Faiss 1-bit quantization -> : "bitsts 1

. . IS RNES
a Unlocking next-gen semantic search
OpenSearchCon EU 2026



Node configuration

Vector node

Typical node
C AT
OS‘ OS_

32GB < Cache 96GB 4 Cache

b
3268 < [JVM

3268{ JV|\/|
N N ~

a Unlocking next-gen semantic search
OpenSearchCon EU 2026

For dedicated vector search node, the
standard 50/50 RAM split between the
JVM and the file system cache isn't
optimal.

A better strategy is to allocate a smaller,
sufficient heap for operations (<32 GB)
and dedicate the majority of the server’s
RAM to the OS page cache.

This approach has been validated in
large-scale tests.



https://opensearch.org/blog/lucene-hnsw-performance-a-deep-dive-into-the-os-page-cache/?utm_campaign=37644390-2026%20OpenSearch%20Social%20-%20General&utm_content=369692066&utm_medium=social&utm_source=linkedin&hss_channel=lcp-78470501
https://opensearch.org/blog/lucene-hnsw-performance-a-deep-dive-into-the-os-page-cache/?utm_campaign=37644390-2026%20OpenSearch%20Social%20-%20General&utm_content=369692066&utm_medium=social&utm_source=linkedin&hss_channel=lcp-78470501

Vectors on disk

Different strategies:

e Disk Memory Search
e Memory-Optimized search

a Unlocking next-gen semantic search
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https://docs.opensearch.org/latest/vector-search/optimizing-storage/disk-based-vector-search/
https://docs.opensearch.org/latest/vector-search/optimizing-storage/memory-optimized-search/

Disk-based vector search A
"settings" : {
"index": {
1. Binary vector compression "knn" ;
(default x32) )

by

"mappings": {

2. Disk-based search execution
3. Reranking using full-precision e |

vectors "my vector field":
"type":
"dimension": 8,
"space type":
"data type":

"mode LI

"compression level":

1NN
a Unlocking next-gen semantic search
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Disk-based vector search (O TendeEE e

"settings" : {
"index": {
"knn":

}

1. Scalar 1-bit Birery-veeter

compression (default x32)

2. Disk-based search execution o

3 R ki . full . . "mappings": {

. Reranking using full-precision Dok
vectors

"my vector field":
"type":
"dimension": 8,
"space type":
"data type":

"mode" :

"compression level":

1NN
a Unlocking next-gen semantic search
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Memory optimized search

Ram Disk

e Works only with FAISS and HNSW

e mMap charged on os-cache,
actual vectors on disk

e Portions of HNSW are charged to
memory at search time

JVM

a Unlocking next-gen semantic search
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Better recall

Compression and On-Disk Vectors

offer more flexibility:

e Require less RAM
e |ower costs

But what about Recall?

e Asymmetric Distance Calculation

(ADC)
e Random Rotation (RR)

a Unlocking next-gen semantic search
OpenSearchCon EU 2026

PUT my wonderful index

{

"mappings": {
"properties": {
"vector field": ({
"type":
"method": {
"name" :
"engine":
"parameters": {
"encoder": {
"name" :
"parameters": {

"bits": 1,

"random rotation":

"enable adc":

FRYYEEEY




Asymmetric Distance Calculation

Maintains high recall even with
quantized vectors. !

op

Symmetric Quantization

Calculates distance using the
uncompressed query vector against
the compressed database vectors.

a Unlocking next-gen semantic search
OpenSearchCon EU 2026



Random Rotation

Before Rotation: Binary Quantization Regions

2 #:
Binary Quantization on unbalanced . . - B )
data causes a sharp drop in accuracy. N "
Random Rotation evenly distributes -
the variance across all dimensions. R T

3 After Rotation (254.6°): Binary Quantization Regions

nsion (rotated)

Y dime
|

a Unlocking next-gen semantic search
OpenSearchCon EU 2026


https://opensearch.org/blog/the-benefits-of-random-rotation-in-quantized-vector-search/#:~:text=OpenSearch%203.2%20introduced%20random%20rotation,vectors%20to%20a%20random%20orientation.
https://opensearch.org/blog/the-benefits-of-random-rotation-in-quantized-vector-search/#:~:text=OpenSearch%203.2%20introduced%20random%20rotation,vectors%20to%20a%20random%20orientation.

OpenSearch Workflow Builder

Al Search Flows

A Design, prototype. arch Flows. andsearchflows, test different configurations,and deploy them toyour environment.
Ul to eaS|Iy create a workflow. ..
1. Set up models 2.Ingest data 3.Build a search flow 4. Export the workflow
« G Exportyour
yourOpenSearch cluster. Leam more =2 createaningestpipeline. pipeline. workfiow on other OpenSearch clusters. Leam more (2

Different use cases: e e

Create a workflow using a template

P
5
A g e N t | C Agentic Search Custom Search Hybrid Search
L ——— R sl i T e
tosearch queries, template. search,

) .

.

Hybrid =
. » . . :

M | t | RAG with Hybrid Search Multimodal Search Semantic Search

retrieve relevant documents using hybrid search, pass them to large language embedding models. deliver more relevant and accurate search results.
models, and synthesize answers.

Semantic Search o —

Semantic Search using Sparse Encoders RAG with Vector Retrieval

8uild a flow that allows you to search by text and rank results by semantic Build a search application that uses retrieval-augmented generation (RAG) to
similarity, to improve search quality. This template uses Neural Sparse, a sparse retrieve semantically similar documents using vector search, pass them to arge
encoder, to convert text into sparse vectors. This implementation s potentially language models, and synthesize answers.

more cost efficient than the dense (k-NN) vectors for smaller indexes (< 10M
documents}

Unlocking next-gen semantic search
OpenSearchCon EU 2026



Conclusion

OpenSearch is the best choice for lexical, semantic and hybrid search
at scale:

IVF, HNSW, Disk ANN

Quantization and memory optimizations

Search recall optimizations

Automatizations: from new semantic type to Ul for building
workflows

a Unlocking next-gen semantic search
OpenSearchCon EU 2026
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