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Q how to set up elasticsearch ml?
Prelert

anomaly detection

configure
machine learning

site: elastic.co
install

machine learning settings getting started
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Sizing for Machine Learning with Elasticsearch | Elastic Blog L

“how to set up elasticsearch mi™

ML nodes, as machine learning processing requires additional CPU and memary. Running a single job may use up o 4GB
of memary with the default configuration in addition to what Elasticsearch utilizes for memary, If utilizing existing
Elasticsearch data nodes in the lab there needs (o be enough

Elasticsearch ... vven s50
- The heart of the Elastic Stack

Cae N 108 Sertuiod, AESTIS et 40 sniiyicn mmgie Saceble of 1hing & tumber of sne caten. As the Seart of the

[

Try it on Blastic Clond Download the latest version

Head ihe documentation

R, % Corrafly WIEres YoM (I B0 YO SHN SHCOVN The SXpacIed 30 LNCTWIY Lhe Wrerpected

Custom Elasticsearch Aggregations for Machine Learning Jobs | Elastic Blog

Sizing for Machine Learning with Elasticsearch | Elastic Blog

through an example from start to finish so that you can see how it is done. For this particular example, we'll use the
following data set. Under normal circumstances, just analyzing the data using ML's low_sum function is good enough to
detect the anomaly of the "brown-out” on the last day of the data

SR Fep s BIITEAA CIU B murriey. v & WM X

o hasticeaarch ¢ es s mamiey F

“n o 33t

Machine learning decider | Elasticsearch Guide [8.5] voc

Custom Elasticsearch Agaregations for Machine Learning Jobs | Elastic Blog

Fur Doy gartuoninr waamgpie, wet wae e

retion m ocd srougn 89

et 1 s Sim Vo §6 s s Tt yoy number of possible maching learning jobs (refer 1o Advanced maching learning settings for more information), In Elasticsearnch Sarvice, 1his
is automatically set. Configuration seltings Bolh num_anamaly_jobs_in_gqueud and num_analytics_jobs_in_gueus are designed to delay a

Scale- up event, If the cluster

") st 008 Linder morma croumatances, fat

IR 10 SAOmy OF Dhir “Broen-Cu o the last diy of inw dace

NN

Machine learning decider | Elasticsearch Guide [8.5).
T R AT N Recap: Elasticsearch Machine Learning Forecasting on Time Series Data |
. .'..'...'.‘... et )_r) po g ot mam,_ ancmaty, bt in S i Sxi Ao Dl M 590 A b ST E|§§Sig Blgg

TOW TRUTE 1 TOTe weeRoRs

from performing automated anomaly detection on Elasticsearch time series data to forecasting events, Steve Dodson,

Elastic Blog 9 l team lead for machine learning at Elastic, demoed the latest features at Elastic{(ON} 2018, Using a New York City taxi data

set (a collection of trip records compiete with pick-up

mated ancrmary Setectos on Elesticeserch tome enes o

[

[Pese

i ——— M Create deployment templates | Elastic Cloud Enterprise Reference [3.4] coc
Create deployment templates | 3.4

" e

Sk edon. adnetaion b Initial size of the node and the default maximum size that the node can be autoscaled up to. For machine learning nodes, autoscaling Is
" SR Bt the aode S supported based on the expected memory requirements for machine learning jobs. You can set the default minimum size that the node can
be scaled down to and the

vl Woe of the roce nd 15 deladt M S et the node can be sutcaceed WP 88 For

i Te SIPPCIR ROl PP SRAnLY O AT AN 4. ¥Ik Ca0 848 1
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hitps://www.elastic.co » elasticsearch » reference » current H

Machine learning settings in Elasticsearch - Elastic

(Static) Set node.roles to contain ml to identify the node as a machine learning node. If you want
to run machine learning jobs, there must be at least one ...

o how to set up elasticsearch mi > L &
oogie

'Mm'fhnmw olastic.co » olasticsearch » referonce » current

Machine learning settings in Elasticsearch - Elastic
(Static) Set node.roles 1o contain mi 10 identify the node as a machine leaming node. If you want
to run machine leaming Jobs, there must be at least one .

https://'www.elastic.co » machine-learning » current » se._. :

Set up machine learning features - Elastic

You can configure these privileges under Stack Management > Security in Kibana or via the
respective Elasticsearch security APls. Elasticsearch AP| useredit. If ...

hitps./‘www.elastic.co » machine-leaming » current » so

Set up machine leaming features - Elastic
You can configure these privileges under Stack Management > Security in Kibana or via the
respoctive Elasticsenarch security APIs. Elasticsearch API usereait. If

Mipsiwww.elastic.co » guide » mi-getting-started

Getting started with machine learning - Elastic
Belore you can play with the machine leaming features, you must install Elasticsearch and
Kibana. Elasticsearch stores the data and the analysis rosults

https://www.elastic.co » guide » mil-getting-started

Getting started with machine learning - Elastic

Before you can play with the machine learning features, you must install Elasticsearch and
Kibana. Elasticsearch stores the data and the analysis results.

hetps 'www.olastic.co » whatds » elasticsearch-machine

Machine Learning for Elasticsearch | Elastic
Getting started with Elasticsearch: Store, search, and analyze with the free and open Elastic
Stack, Watch video. Intro 10 ELK: Get started with logs,

Mips.iiwww.elastic.co » machine-leaning » curment » m

Getting started with anomaly detection | Machine Learning in ...
Before you can play with the machine leaming features, you must install Elasticsearch and
Kibana. Elasticsearch stores the data and the analysis results

-
-

https://www.elastic.co » what-is » elasticsearch-machine...

Machine Learning for Elasticsearch | Elastic

Getting started with Elasticsearch: Store, search, and analyze with the free and open Elastic
Stack. Watch video. Intro to ELK: Get started with logs, ...

IBERER

how to set up elasticsearch ml?
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https:./fwww.elastic.co » machine-learning » current » m... 3

Getting started with anomaly detection | Machine Learning in ...

Before you can play with the machine learning features, you must install Elasticsearch and
Kibana. Elasticsearch stores the data and the analysis results.
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Title Aldescription  Photo URL Score Photo Author
Mt. Everest Mt Everest 0920198 F NfA

BIEAHFRABFER [ BEA EBH A


https://elasticstack.blog.csdn.net/article/details/129312757
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Token Weighted Pairs
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Stored in Elastic

Input Query

( (.088*2.02) \
+(.74*1.07)
+(.62*1.04)

droids you’re looking for _ Score = 161 )
Neural Network Expansion
H##oids
299 android
i 0.08 robot list
1 74 cartoon galaxy .86
Mat 74
’Vlatchl ch! //
1. 07
2 02 robot
andr0|d
I Neural Network Expansi
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Images
Vector Nearest neighbor Vector
- representation representation
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I Dense vectors
Transform into Transform into a
embedding embedding
Audio

I Results
=y = N

srmanmansaz ea 5552 I Mae. NN




» [ERERIFHNBEERR NDD 7

THES DRERMA

Elastic Platform

|

Indices
o 4 Front End A
Search = Results
kNN Results > E’ =
Embedding Soglch S o Query
Your Data § -
Inference a
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Que
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e
oEthddi"g Model it ¢ inference APl TSEEEBER
O PyTorch

FIRAHFRETIES | HiBA EBHE "



» IR 1: 12ENSRFIRE NDD 7/t

$ eland_import_hub_model
--url https://cluster_URL --hub-model-id BERT-MiniLM-L6 --

task-type text_embedding --start

N LDt S bt

BERT-MiniLM-L6

§ bemans TrarAIen Sert Saas | S Yeten @ remrens Tremaersern ol |

[ o0
¥, O PyTorch = e = 09
‘y orc eland Luu\]
R BN RISERT EIEiEE
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POST /_doc

Standard field indexing for non-vector types

nisir il piriact, ek {
wiripas foue Bvor e > "_id""product-1234",
"product_name":"Summer Dress",
- . | "description":"Our best-selling...",
) k i "Price™: 118,
ETaL H [ "color":"blue",
El-T f "fabric":"cotton",
- I ' }"desc_embedding":[0.452,0.3242,...]
}
—= Source data A
= ML Inference pipelines (%) Add inference pipeline
Inference pipelines will be ran as processors from the Enterprise Search ingest
Fipeline
mil-inference-ambedding-generation Actions &
POST /—doc [ ] Depm]red pytorch text_smbedding
Encoding via Inference Processor
> ml-inference-emational-analysis Actions ¢

® Deaployed pytorch text_classification

Learn more about deploying ML modals in Elastic (=

FIRALFLETIES | HIBA ELH A Y
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summer clothesd x -

[, P oo

"docs": {

"description": "summer dothes" Transformer model
}

| O PyTorch

/_ml/trained_models/my-model/_infer
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product-catalog/ search

"query": {
"match": {
"description": {
“query": "summer clothes",
"boost": 0.9

}

b

"knn": {
"field": "desc_embbeding",
"query_vector": [0.123, 0.244,...],
"k": 5,

”num_fandidates : 50, ETHEEEA
boost": 0.1,

"filter": {
"term": {
"department": "women"

th

2025
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2025

Q  summer clothes x | W

product-catalog/ search

{
"knn": {
"field": "desc_embbeding",
"k": 5,
"num_candidates": 50,
"query_vector_builder": {
"text_embedding": {
o o "model_text”: "summer clothes”,
"model_id": <text-embedding-model>
o o 2

“filter": {

o o "term": {

"department": "women"

Transformer
model

O PyTorch
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=75 Embeddingtz&y
BEREE EEREE
text image

embeddings embeddings

RRF

SEARNEXMBEEER

%¢ elastic
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NDD

product-catalog/ search

{

Traditional, term-based
score

Vector similarity score

"query": {
"match": {
"description": {
"query": "summer clothes",

Combine

- Convex Combination
- Reciprocal Rank
Fusion/RFF

-

BTREAHFEBFER HIBAl EL2H A

}
f
"knn": {

"field": "desc_embbeding",

"query_vector": [0.123, 0.244,...],

"k": 5,

"num_candidates": 50,

"filter": {
"term": {
"department": "women"
}
}
ty
"size": 10 pre-filtering
}

scﬂremm(dﬂc) = X smremx(dﬂs) + B X scnresem(dﬁc]




» Reciprocal Rank Fusion (RRF) §5373l NiDD /™

Search Query
BM25 tHCHEHES RS EECIEHER RRF&SR k=0
--- — T T

Hybrid Store
( Inverted Index | Sparse Vectors | Dense Vectors)

A A 4 y

Keyword Search

Sparse Vector Search Results Dense Vector Search Results
Results

X -

Reciprocal Rank Fusion (RRF)

B

c
1 .
k+r(d)

RRFscore(d € D) = )
TER

D - m%ﬁ- Best Results
R - HEBFFEHIES 1..|D| b |
K - EEEAIRE 60 B

N /

1 + 1
k+ rankm{dﬂc} k+ runkm{-:iuc}

M. AN

score f(dnc) =

BIEAHTFREFER | BEA ELZH X




kNN tE{EISH(E

RIEZEBRIURISAEE/ KNN EZRAYE

L)
- FFIEX
o 5ohk facets RS - XRHATBI— DKM

image-index/ search

{

ZPR1nE "knn':

R e et N
. SEESRNRRAE S

o Facets - Z\Zﬁg* ::Dum_candldatfs.";65or

o PRI RIS L

o BHERRBETE - SRR el

}
}
b
"fields": ["title"],
" source":

BTREAHFEBFER HIBAl EL2H A

Filtering only relevant
results
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RS HRIR S L51E

EEER
(XK + RE)

embedding

TREFIIEER

[E

%

— LSRR

LR
0% RYIE
Inference

AutoOps Service

Elasticsearch

o EF HNSW 9Z5|/CAGRA

o REMELEE, FIEERMY

o« S5IIE ES HRBEEERISHITESER
o ARV T EEBEN FIFTERIEERIEE

BTRAHFEAZFES | BIEA EBH L

Bl
Embeddings

L 2e
B&iR/R~

XA, #hIB I E R
Inference
API

BRI

FFEENA/KY
YIZAEE
SRR RZE BUEIEEL (web crawler,

connectors, Beats, Agent,

Es|aL for AP| framework)
Search

o —
=] qﬂ% /_K Retrievers
Native /BB T
unking

Reranking
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https://elasticstack.blog.csdn.net/article/details/146386770

» Elasticsearch [&5 | Z&mEE NiDD /'

G40

#H CPU 5SS INEREZS |F0
HEEE, GPU ImE/CAGRA (
CUDA ANN GRAph) )

EMeEATEaHA

BNSWHEE - RHHEBSH
R

TEs
RE81REY4E, float & int8. int4

. bit(BBQ) MERHGBE. HE
AR

HEEFEDR
— N EWRSNMTRERR AR
SRR, RAIR L

Elasticsearch [Blff: O3 Z=0ERNATE1Z:
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https://elasticstack.blog.csdn.net/article/details/146386770
https://elasticstack.blog.csdn.net/article/details/134334247
https://elasticstack.blog.csdn.net/article/details/138204372
http://bit
https://elasticstack.blog.csdn.net/article/details/143701437
https://elasticstack.blog.csdn.net/article/details/141668994
https://elasticstack.blog.csdn.net/article/details/141668994

» Better Bit Quantization - BBQ - 8.16 NDD /2

BBQ =2 Lucene #[ Elasticsearch ZE =1t A EHI— R KEX - 5 float32 £EE 48R NI -
ERESHEARENENEDA o5% BNTE, BBQERSIERE (ZiLER D 20-
30/8) . BEERE (BHRERS 25 E) AEALTRERE=E (Product
Quantization - PQ) &5 5% - FEASENIMNR K ERME,

BM25, e5-small float32 and e5-small BBQ with defaults

B BM2s5 B =5-small floeat32 eS-small BBQ with defaults

1.0000
0.7500
0.5000
o II II II II

2 =] oy = s o = =

¥ EES?’ qE'-‘M =7 <7 Sh <7 rf::g" (j‘ig
&y e oK = << o) << e o
< = = . <
< <=

Data set
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. R

Apache Lucene 10 >fo! Lucene AERMOHE RN B tas
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https://elasticstack.blog.csdn.net/article/details/145001010
https://elasticstack.blog.csdn.net/article/details/145001010
https://elasticstack.blog.csdn.net/article/details/145919180
https://elasticstack.blog.csdn.net/article/details/145919180
https://elasticstack.blog.csdn.net/article/details/142934857
https://elasticstack.blog.csdn.net/article/details/142934857
https://elasticstack.blog.csdn.net/article/details/142934857
https://elasticstack.blog.csdn.net/article/details/142934857
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Final reranking
(10-100 docs)

- Al based models
- Personalization

Mid-stage rerankers
(1k - 10k docs)

- Query rescorers

- Learning To Rank

First-stage retrieval
(100k - millions of documents)

- BM25

- ANN dense retrieval

- Sparse retrieval (e.g. ELSER)

M. AN



» Learning-to-rank NiDD /'
B T R IgA

Search context Output (reranked documents)

—_—
text_query: foo
= doc-3
‘= doc=1
Input documents Learning To
- Rank = doc-5
— doc=1
— doc-4
= doc-2
= doc-2
= doc-3 —_—
= doc-4&
Judgment list = doc-5

A
> Bl <«
N 4

Model upload
drnlc ; w/ Eland
XGBoost @ i
eland Inference

(rescore clause in _search)

Model Training

11478 Elasticsearch 983 Learning to Tank - ==>]HEZ
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https://elasticstack.blog.csdn.net/article/details/140464162
https://elasticstack.blog.csdn.net/article/details/140464162
https://elasticstack.blog.csdn.net/article/details/140464162
https://elasticstack.blog.csdn.net/article/details/140464162
https://elasticstack.blog.csdn.net/article/details/140464162
https://elasticstack.blog.csdn.net/article/details/140464162

“inference/rerank NDD 7

Search
[ Experience )
Reranked
" . documents
query": ...
B> | |
L ) "input":
Retrieved  __| Retrieved 123
documents documents Scores
Data Search Reranked ) "query": ... | 4
Results Search Results \- \ /

[ /_search query /_inference/rerank ]

Elasticsearch l I

POST _inference/rerank/cohere_rerank

BTBANFRETER | BIRA EBH A
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» inference/rerank /NDD 7/

Search Experience

multiplied
Reranked
document
A S

"retriever": ...

A 4
[ /_search query -_— /_inference/rerank ]

Elasticsearch I |

[ ] ] |

Model provider

FIBAHFREFES | HBA EEHE NN -




NDD

REtrieverS - *ﬁgﬁ% Rescorer Retriever

Learning to
rank

II:{

"text_similarity_reranker": {

"retriever": {
- n fll:
) LSS
y :’_Ij_l.a- ~ [{
il l "standard": {

"query"."semantic": {
"field": "a-semantic_text-field",

) I
- . — = & n n, n H n
@ | l J = query": "why are retrievers fun?
I |

) ,I_)_l]_ ,J_ "knn": {
=
3. Final rJr - J
S'ema ntica| |y 2. RRF-com bined "model_text": "why are retrievers fun?"
and ranked iti ;
I results retrieval "query"."match": {
results "some-field": "why are retrievers fun?"
result sets

M. AN
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https://elasticstack.blog.csdn.net/article/details/146411849
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PINCE
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Chance “answer” in
one contiguous chunk Semantic Precision

<\

IEL TS VS
“Big chunk” “Small chunk”

Chunk Size
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» SIRRHE NiDD 7

JUAR7{5)

& [ ERETEREEEZZHIBIA token
#HE LRERHR.

| AZ SRR X 4 token Z/FE
BT, SEEREN.

-
Sentence Lu @i}gi@d\, EE/NthE,
|
|

Paragraph

B E R AR
BiE BRI BT
27

Word
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» {#F semantic text BEI{E ES FiH{TH IR NDD 7/

a spacecraft is a vehicle that is designed to fly in outer space. a type of artificial satelite, spacecraft are used for a variety of purposes, including
communications, earth observation, meteorology, navigation, space colonization, planetary exploration, and transportation of humans and cargo. all
spacecraft except single - stage - to - orbit vehicles cannot get into space on their own, and require a launch vehicle ( carrier rocket ). on a sub - orbital
spaceflight, a space vehicle enters space and then returns to the surface without having gained sufficient energy or velocity to make a full earth orbit. for

° ? /\ 250/I\ iﬁliﬂ ‘E/\Jik orbital spaceflights, spacecraft enter closed orbits around the earth or around other celestial bodies. spacecraft used for human opaco!llghr carry pooplc

o FREERER—IEHRAY 100 s
MR

overlap

® iﬂgiﬂégﬁ?@i API L\l \1#17 I_HHA“)\ C h un k 2 _ T = : . most ;IFO not rocovcrdblc spacecraft may be subdivided by a mothod of reentry to earth into non - w nqod space

! caps ules and winged spaceplanes. recoverable spacecraft may be reusable ( can be launched again or several times, like

o [RIEXAER, REE—EFE

o {3 semantic EIHEETHEER
. N i :
Sema ntlc_text %EXEFIE’\JHA’"Eik e isro ), taiwan national chung - shan institute

of scuencc and technology, taiwan nahonal space organization ( nspo ), israel ( isa ), iran ( isa ), and north korea ( nada ). in addition, several pnva!e

> N
- 816+, BAETEF : ok o == e -
= s N \— N < $ BNe 1 Y ‘ Ty
- 8_1 6 2 HU ' %kLA§3:$1€| Zoj' by the soviet union on 4 october 1957. the launch ushered in new polmcal military, technological, and scientific developments ; whsle the spulnlk
'_-:—_mz:m

launch was a single event, it marked the start of the space age douq.m LG B winter 2010 ) " shooting the duck *, american

ar from site no. 1/ 5, alluGEl tyura'am range, In kazakh ssr ( now at the balkonur cocmodrome ). the satellite travelled at, taking 96. 2 minutes to
complete an orbit, and cnuttnd radio signals at 20. 005 and 40. 002 mhz while sputnik 1 was the first spacecraft to orbit the earth, other human - made

BTREAHFEBFER HIBAl EL2H A




» Semantic Text FEZSEEY NiDD /'
REREEISIR: B RAG RIFIER
\
b e o
>’ — . . . . . — "free": 1.693662,

"dr": 1.6103356,

"around": 1.4376559,
. . . . . "these": 1.1396849}

Auto-chunk! Vectorize

Elasticsearch: t&Z<i® e EEEAE

FIRAHFRETES | ABA B2H A Y ™ -



https://elasticstack.blog.csdn.net/article/details/142382995
https://elasticstack.blog.csdn.net/article/details/142382995

» R EREZEER

NDD /2

Query Doc
PUT _inference/sparse_embedding/my-inf- PUT test-index/_doc/doc1 ) g
endpoint { Chunk
{ "my_inference_field": "my doc text" \ v /
"service": "elser", } ( )
"service_settings": { \ Pick ML node J
"num_allocations": 1, p v 8
"num_threads": 1 Pick model
} ) v .
} Run model per chunk
. ¥ )
PUT test-index GET <index>/_search ( _ )
{ { \ Quantize vector )
"mappings": { "query": { - v N
"properties”: { "semantic": { Run model per chunk
"my_inference_field": { "field": "my_inference_field", ) L Z .
"type": "semantic_text", “query”: "my query text" ( Vector fields )
"inference_id": "my-inf-endpoint" } L (the right type and nested) )
} } S
} >
}

FTBAHFREFIES | HBA EBH R KN AN



» EtRSIEZ(ERH 8.18+ NiDD 7™

GET test-index, index-lexical/_search POST _query?format=txt
{ {
"query”: { "query": """
‘match”: { FROM dense_vector METADATA _score
Crdelle s Ciyield, | WHERE inference_field: " HEEIEERFEZUE?"
} query": "my query text | _score DESC
) } }

FIRAHFRETES | BOA EEHE Y ™ -



Elasticsearch Al IJgEf1EERE = RS NDD 7/

Elasticsearch

Inference API
embedding. chat, rerank

gg%i;%;gg B LB RoER g i

[, TEFMZEARSS (AWS). Anthropic B9 Claude, Cohere, Confluent, Dataiku,
DataRobot, Galileo, &akz=. Hugging Face. LangChain, Llamalndex, Mistral Al, 3§
#X. NVIDIA, OpenAl, Protect Al, Red Hat, Vectorize.io ] Unstructured,

BTBANFRETER | BIRA EBH A
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Elastic serverless - (FEQ9=

Ingest
Existing SAonts
Architecture
@O\

Clients

Architecture ©N\,

BTERAHRREFER | BRA ELEHE

Users
Clients

Clients

Elastic Cloud
Hosted

Elastic Cloud
Serverless
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» R A TG NiDD 7/t

HIFEF eI

RS TREND MAF, Garaeathve Al: Dveloper Taols B inirastructars Basel?
Clemparian a7t grouped baved on prmarg devecpe Lie caen

o EMMRAIRMRNRT 230|250
o JIZFFNRRIEEUEMIRE

B e O M R

® B B Emerging LLM App Stack

. SZMORALLE =l s
. STRHBHITFAASIE T

@Openﬁ.l Ressarch~  AFl~ ChatGPT«  Salety Companyw

o REMESFA

s off [ Septe QU anvd dowcs not learn from its experience. It can
sometimes make simple reasaning ervors which do not seem to comport with

COMPELEnce across so miny domains, of be overly gullible in accepang obvious false

starements from 1 user. And sometimes ivcan fail at hard)

oy, stach a5 mtroducing secursty vulnerabalities mto ..-nxlﬂ: samsum bans use Of gEnEl'ati?e AI tﬂﬂ'ls
like ChatGPT after Aprilinternal data leak

Kabe Park = L

FIBALFRETES | HiA E2H AR P /™



» LLM T “HEEE” =4/ NiDD /'

/,

Ve

L&

il
e

ERFIESMANA,

‘ pre-training R T RAAMT HERIZETT, LM Mk

- FFEESEII (93FEF)
 REE—MERNImLNFRE

Fine-tuning « HINKBERESURIRAIAIA
- FEREEREEEIRS

| " « Prompt engineering A
WEF> ( prompt) Retrieval Augmented Generation - RAG

FIBAHFREFES | HBA EEHE NN -



» Retrieval Augmented Generation : ZigZM /DD /=

RILIG
< R — ;EE LLM nglﬁ]ﬁ_‘L‘- _ < Create Prompt
d-- ig@mp | ontext Windo

ﬁﬂ):'ll‘tﬂi'@ BREH LLM
EEXBRITE

v

BTREAHFRETFESR | BEA EBHE

M. AN
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» MXAERERTR - Agentic RAG NiDD 7'

Prompting an LLM Retrieval Augmented Generation Agentic Flow
]:I%/_.I_T LLM ;:F?_%::E‘:UIE }Eo Z: ;ﬁ}]uiuﬂj \}—E-—L\)\ IEE%_;EE%'HE#% EEEH);&%)J%Eo LLM E_I-L\/LTIEE/_.REHF {ﬁlgw lﬁj:%

e H TR, LLM iNIIFHER

Hybrid
User U User
Search

Prompt
Prompt

[ 2
LLM ®*

L LLM
Vector DB

\ Context

Generated Retrieval
Response Augmented

Generated
Response

BTREAHFEBFER HIBAl EL2H A

FRIE, SEMERE, ARARISEHS (B
MARER. KEHES)

Gather further
information
Factor in from user
tool output

Tools —_— LLM —

T

Select and use a
tool

Action /
— Outcome

Activation

v

Tool

Augmented
Response




» HFIEHABEIER RAG NiDD 7"

Query/Task
® ——>| RAG System
- Toois
@' Elastic Stackii#iREZ8.13.08%
®) B #78Y Elastic Stack RAER B2
cs ¥ "4
& ME2024%F7H, Elastic Stack HBFRERE 813.0, BHT2024F58210. ZREE
& Elasticsearch, Kibana, Logstash. Beats $iEFMES, TTAGATMEE. RSHER
W AP,
Yes S
MRAMBAECCIHER, BFABEKRARIDE,
Continve
“"/ QO
5 New chat
S —— END
&3 DeepTnink (R1) @D Search @J

Agentic RAG 1Ff#Z - M3 OFAZERAR &AL 4

gIRALFLETES 1 HEA 2252 I WMee s


https://elasticstack.blog.csdn.net/article/details/146161258
https://elasticstack.blog.csdn.net/article/details/146161258
https://elasticstack.blog.csdn.net/article/details/146161258
https://elasticstack.blog.csdn.net/article/details/146161258

» BTF Elasticsearch Agent Y ERVIEZ NiDD 7/

Agent

Tools Environment

EN L

\—— | Resit
LLM

Reasoning

BIEAHFRABFER [ BEA EBH A

User

Chatbot

User

Chatbot

User

Chatbot

what is the "OriginCityName? for the cheapest flight?

Took 1step v

The "OriginCityName" for the cheapest flight is "Vienna". The average ticket price for this flight is approximately
100.02.

- What is the cheapest price from CN to US? and tell me the OriginCityName and DestCityName

Took 1step v

The cheapest flight from China (CN) to the United States (US) has a ticket price of approximately $272.68. The
flight originates from Guangzhou and the destination city is Tulsa.

NPEHXENBRENERSD? AEFELREDEHABNEHHER,

Took 1step v

MFEM MEXRENREIER27268%w, SREDBHREN M, ENEHHRRRERE.




» {EF MCP server 3RSEH Agentic RAG NDD 7™

o TP (Female) STEEEE: 59

MCP CUSTOM (/ ‘ Claude B0 TRD, BRFBLL, &E50%,
giciede ;RS [MCP clients SR © rimEsERRss

| MCP hosts |

itEEiflpeopleR5|PMEANTIEER, HaERRSEDRTETIE.

5 search

IEBIE RN FRNE:

S search

IMTE O AR BRI ARG EUE, TN —TTIaER:
FERYENIE: 30, 28,26,32,29,35,27,31, 34,37
SRS 30+28+26+32+29+35+27+31+34+37=309

FEHER: 309+10=309%
AN TISERE3095 ., Wiy

% 0 o T3 Retry-
Claude can make mistakes. Please double-check responses,

gIRALFLETES 1 HEA 2252 I WMee s

Remote




» HyDE (Hypothetical Document Embedding)

NDD

Fi&Xts (Hypothetical Documents) SERERBYFRINAZEGHS. (ERERESUSTIARRAI AR EIRSHEKNE!

Original Query

LLM

Tell me about Fish.

BTREAHFEBFER HIBAl EL2H A

Generated Hypothetical Document

Fish: A Comprehensive Overview

Fish are aquatic vertebrate animals that live in water bodies
across the globe. They are characterized by several key
features:

Physical Characteristics:

. Gills for breathing underwater

. Fins for movement and stability

. Scales covering most species
Streamlined bodies for efficient swimming
Cold-blooded (ectothermic)

Vector Similarity
Match

=

Search Result Document

Afish (pl.: fish or fishes) is an aquatic,
anamniotic, gill-bearing vertebrate animal with
swimming fins and a hard skull, but lacking
limbs with digits. Fish can be grouped into the
more basal jawless fish and the more common
jawed fish, the latter including all living
cartilaginous and bony fish, as well as the
extinct placoderms and acanthodians.




» EeREEREHNESIEREERENRSMOER NDD /=

Advanced RAG Pipeline

Ingesting, Processing, and Embedding Documents

Metadata
Ingestion * * Inclusion and
Generation

Composite

Multi-Field Generation

Embeddings

Use Llamalndex's Chunk Size: Extract keyphrases Embed multiple fields, Order d9¢uments in Pass document
SimpleDirectory 256-512 Tokens using TextRank. combine them with a as<|:endmg order of context to LLM
Reader to ingest PDF Method: Entities using Spacy. weighted sum relevance prior to
documents Sentence Level Generate passing to LLM
Chunking Hypothetical
Sliding Window: Questions using
20 Tokens GPT-40.

0.3 x (TF-IDF + BM25)
Hybrid Scoring .

0.7 x (Dense Vector Similarity)

Search & Retrieval

Query HyDE + Hybrid
Enrichment Search

User Query *

Use LLM to generate HyDE -> Generate
synonyms for the hypothetical
query -> Results in a document that would
wider and more answer the query,
permissive/inclusive using another LLM.
lexical search Embed this document
component and use for hybrid
search.

FBTRAHFREFESR BIBAl EBHA

"




NDD /i
Metadata Enrichment
embedding_cols=[

'keyphrases_embedding',
'potential_questions_embedding’,

. Extract ‘entities_embedding'
Extract entities : - 4
using SpaCY's Spacy Zpm—— —) e 'chunk_embedding'
NER pipeline Algorithm ]
‘ Create potential
questions that
GPT-40 can be
answered by
the document . . .
; contents combination_weights=
Potential
Qlastions Keyphrases 0.1 ,
0.15,
0.05,
Enriched 0.7
Document

Enrich the original document with extracted
metadata

BTEALRREFER [ BRA EBH A
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