Yandex  Cloud

rartke

PacLimnpsaem rpa
3HaHUU LL

Ky3bma Jlewakos,
apxutektop Data Platform,

Yandex Cloud



2022 Y [1Ba roga B Yandex Cloud

«
KomaHga Data Platform
2021 UMATECH Uma.Tech
Beoywinn nHxeHep gaHHbIX
i 2019 i ) Clover Group
MH)XeHep OaHHbIX
Ky3bma JlewwakoB
~8nerB T
2017 n The Linux Foundation
CTtaxep-pa3paboTyunk




AnekcaHap
KOHCTAHTNHOB

=11 nerslIT

2023

2023

2019

2018

2014

Raft DS
CTO

One Rall
Senior SDE

Evernote
Lead SDE

Valant
Architect

Microsoft
SDE



O yem noroBopuMm

1. OB30p AA3bIKOBLIX MOENEN 4. TexXxHN4YecKkne acnekThbl
N BO3SMOXXHOCTEN pacLUNpeHns npu peanun3aunm RAG
NX 3HAHUN
5. OueHka Kka4yecTBa padboThbl
2. PacwimnpeHmne 3HaHun RAG-npunoXxeHus
LLM mMoaenen Ha npumepe
YandexGPT 6. BbiBOObI

3. Apxutektypa RAG



1. OB630p A3bIKOBbIX MOAENEN U BO3MOXHOCTEN
paCLUMPEHNSA X 3HAHUN



O030p A3bIKOBbLIX MOAENEN
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https://techcommunity.microsoft.com/t5/educator-developer-blog/understanding-the-difference-in-using-different-large-language/ba-p/3919444

A3bIKOBblE MOOENN pa3BUBAKOTCA
B /lHOEKCe yXXe He nepBbIn roq

2021 2022 2023

—N— > e

B noHe — cepsBuc B noHe AHaekc BbINOXUN oaHy AHQeKkc aHOHCMpoBarn BbiMyCcK
«3ennbobax»/«banaboba» N3 KPYNMHENLLNX SA3bIKOBbIX HoBou moadenu YandexGPT API
mogenen — YaLM 100B



J1aBKka:
npumep
NoacKa3okK

noBpbit feHb! YTO AaeT 3Ta ranodka’ 18:59

3npascTByinTel Mepenanv BONPOC cneunanmcty. OH HanuweT BaMm B 19:00
TeyeHne 30 MUHYT M BCE NOAPOBHO PaCcCKaXeT.

ToBapHas ranepes Ha Noncke 19:00

9 He 3arpyxato duabl, 4TO MHe gacT ranoyka? U2

imaae.nna 19:02 0

Cnacnbo 3a oxuaaHue.

[ anouka "ToBapHas ranepes” 03HauyaeT, UTo Bbl XOTUTe
Da3MeLLaTb TOBaPHbIE NPEaNOXeHNs yepe3 TOBapHY
ranepeio, Kotopas HaxoAUTCA Mo MONCKOBOW CTPOKOMN.
lNoapobHee 0 ToBapHOM ranepee Bbl MOXETe NPoUYnNTaTh B
Cnpaske - pa3nen ["TosBapHas ranepes”]

(https://yandex.ru/support/direct/dynamic-text-
ads/product-gallery.html).

Ucnonb3oBaTh B OTBETE HepeneBaHTHO

P Cnacnbo 3aoxupaH... 2 Cnacubo, 4To NoaoXx...

HanumcaTb B 4aT



JlaBKa: reHepaLunst HOBbIX aTpUOyTOB
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CymMmmapusauymsa oT3bIBOB

09:41 all = @ 09:41 all @

Anpekc CTaHums 2 5 ®, Camoe BaxxHoe u3 10 663 oT3bIBOB

Cobpana HenpoceTb YandexGPT

AHpekc CTaHUMs 2 - yMHas KOJIOHKa C 3a uTo XxBanaT

Anucowu OTNUYHOE 3BYYaHUe 6 062
U5 YMHble KONMOHKM

OcHoOBHOe LleHbl O630pbl OT3bIBbI

COBMECTUMOCTb C YMHbIM AioMOM 1 052

LLiInpokunn cnekTp Bo3aMmoxHocten 1034

XopoLlwlas peakuus Ha rosioc 784

3a YTO pyrawT

OrpaHu4yeHHble BO3ZMOXHOCTU
yrnpasieHus

407

OTcyTCcTBME akKKyMynatopa 176

LiBeT ToBapa: Kob6anbTt

‘ i ' i ¥ Xopowee o606wWweHne ¥ Mnoxoe



CymMmmapusaunga Bngeo

2 | e D MNpo YandexGPT X Q Kak paboraert ) -+ -

= L X
<« @ C @ youtube.com s o 475 J—IeT

COKOHOMIJIEHO
3a MecsL

<_

) 0:44/00:20:13 Cosparve YaldeXGPT




UaT-00T Anga aBToMatmnsaunm npoaak aBTomoounen

09:41

09:41

Copilot — ‘ Copilot
Online = Online

MoXHO B KpeauT?

3|
0

[~.|
f

Anekcen

CoTpyaHu4an ¢ 18 baHkamu-
napTHeEpPamMu, Mbl NpeanaraeMm
BbIrOQHbIE YCNOBUSA
aBTOKPEOUTOBaHUSA C HU3KOM

Anekcew NMPOUEHTHOM CTABKOW U ONTUMANbHOM
1) VIN Homep: PUHaHCcoBOM Harpy3skon. N8 nonauu
SUXFE43519L268544, mapka: 3a8BKU BaM NoTpebyioTca: nacnopT
BMW, mogens: X5, |l (E70), P®, peructpauus 8 PO,
moandukauma: 3.0si 3.0 AT (264 NONOMUTENbHAR KPeaUTHas NCTODUS,
n.c.) 4WD, kopobka: odUUManbHoe MecTo paboTsl U
AsTomaTu4veckas K1, so3pacT oT 21 roga. Mpu nokynke
snapensues: 3, roq: 2009, ueHa asToMobuns ¢ npoberom B KPEAUT Bbl
6e3 y4eTa ckmpok: 1479900.0 nony4aeTe AONONHUTENbHbBIE CKUOKM
pybnewn, npusof: MonHbin, OT HaLLEero AUNEPCKOro LEeHTPa, a
npober 294330.0 kM. nepBoOHaYanbHbl B3HOC yBENUYUBAET
WaHChl Ha onobpeHue KpeauTa.

OcTaBbTe CBOM KOHTAKTHbIM OcTaBbTe Balll KOHTaKTHbI HOMED,
HOMep, 4ToBbl 06cyanTL BCE 4ToBbl MEHEKED MOT BaM
BO3MOXHbIE BaPpUaHTHI nepe3BoHUTs U NoapobHOo paccKkasaTh
aBToMOOunen No sawemy 06 YCNOBMUAX KPeaUTOBaHUS U

& 3anpocy. ONONONHUTENBHbBLIX CKMAOKEX. TakxKe :

MOMHO NOA3Tb OHNaMH-3a/BKY Ha
° KpeauT.



OueHKa KadyecTBa paboTbl KONmM-LeHTpa

N AudioInsi ght S MaBHas  BoamoxHocTv Kok a1o paéotaeTr  Kanbkynstop EN
KOB U 30nmcem

Al NpoaykT onsg oueHKM 3BOH

Ncnonb3ynte BO3MOXXHOCTMU
Al pna oueHKU 3BOHKOB
U ayamosanuceu

Mbl coeguHUnn NepenosBsLie PELLEHUS ONa NPeo6pa30BAHUS AYOMNO B TEKCT
C OLLEHKOW pQa3roBopa ¢ rnomoLubto Al. CTOMMOCTb OLIeHKM Pa3roBopa

cxemenc 8% | )




B3anmoaeuncrtaeume
c YandexGPT AP



KoHconb: InStruct-pexmnm

o ¢ cloud-adolotov ﬂ default o° (@ YandexGPT / MMpoMT-pexum ) OokymeHTauus

eoe ® Cepsuc YandexGPT normpyet 3anpocsl, 4Tobbl yNyyLLUTb Ka4ecTBO Mogenu. He nepepasaiTte B 3anpocax YyBCTBUTENbHYIO MHPOPMALMIO

cee - O
[pomT-pexum 1 NepCcoHasbHble JaHHbIE. G Ouncrury

UHCTpYKUMKM ? A TekcT LLIa6noHbI ®. YandexGPT 298 (?

Tbl pyKOBOOMTENL KOMaHAb! Pa3paboTKm npoayKTa
1. BcTpeya c komaHaow pa3paboT4YMKOB:

Hepenio.

o OﬂpEﬂ,QﬂEHMe NMPMOPUTETOB 3a4a4 U pacrnipegeneHmne nx mexay 4jieHamm

@ o 06cy>K,quMe TEKYLLENO COCTOAHMA NPOEKTAa U NNaHNPOBaHNE paﬁOTbI Ha
KOMaHdbl.

1. PaspaboTka HoBOro pyHKLMOHanNa:

» Pabota Hap 3apaveiri N°1 - [lo6aBuTb HOBYIO dyHKLUMIO "MoncK no
3anpoc 7 KaTtanory".

. » Pabota Hap 3apayeirt N°2 - UcnpaBuTb owmnbky B moayne "Kop3unHa".
CocTaBb NnaH paboT Ha BClO KOMaHAay Ha Hepenio Brnepép no SCRUM

1. TecTMpoBaHue 1 oTnagka:

e TecTnpoBaHue HoBoro ¢yHkKUMoHana "lMonck no Kkatanory" u
ncnpaesneHue ownbok.

O %

» TecTnpoBaHue Mmoaynsa "Kop3nHa" n nucnpasneHme obHapyXeHHbIX

@ Temnepatypa 7 0.6 owmnbokK.
—
@ 0.01 1 1. MNoaroTtoBKa AOKYMEHTaLVK:

e Co3paHune pyKoBOACTBA Nnonb3oBatens ansa Hosom yHkumm "Mounck no

cnonb3oBaHo "
0 Y3HaTb oTBET KaTanory-.
21 TOKeH ' ?

* OBHOBNEHME OoKyMeHTaumm no moaynio "Kop3sunHa".



ObpalleHune 4yepes API

{
'‘modelUri": 'ds://<id_noobyyeHHOU moaenun>',
'‘completionOptions':{
'stream’: False,
'temperature’: 0.1,
‘'maxTokens': '1000'
b
'messages’:|
{
‘role': 'system’,
‘text': '<KTEKCT Bawen MHCTPYKUUN>'
1)
{
'role': 'user’,
‘text": 'Tenepb AHAEKC KapTbl HE TONBKO NpeaynpexKa4atoT O NAATHbIX YYaCTKax Ha
MapLpyTe, HO U NOKAa3bIBAOT CTOMMOCTb Npoe3aa.
9TO NO3BONAET BOAUTE/IAM 3apaHee OLUEHUTb pacxoabl
MNKN BbIBPaTb MapLlpyT 6e3 naaTHbIX JOPOr, eC/M 3TO BO3MOKHO...'

}



ObpalleHune 4epes LangChain

from langchain.chains import LLMChain
from langchain_community.llms import YandexGPT

from langchain_core.prompts import PromptTemplate

template = "What is the capital of {country}?"

prompt = PromptTemplate.from template(template)
11m = YandexGPT()

11lm_chain = LLMChain(prompt=prompt, 1llm=11m)
country = "Russia”

11m chain.invoke(country)



YandexGPT API B Public Preview!

[ocTynHble Mmogenu ans BCeX nonb3oBaTtenemn

YandexGPT API Lite CUHXPOHHO
CTtaHgapT
YandexGPT API Pro
A
TokeHunzaTop
Cymmapusauus

Ha 0a3e YandexGPT API Lite



LLM ymeeT: xopoLlo vs nnoxo

®

LLM ymeeT genatb XOpOoLLUOo

[ eHepupoBaTb U pegakTupoBaTb TEKCTLI
OTBevaTb Ha BOMpocChkI rno 6ase 3HaHU
UaTtntbca, obLarbes

ObobLaTtb n MHTEPNPeTUpPOBaThb AaHHbIE

KnaccudomumpoBatb U onpenendaTb
TOHANbHOCTbL TEKCTA

BbloenaTtb CyLHOCTU U3 TEeKCTa

[lepeBOAUTbL TEKCTDI

S

EcTb pewieHna nydwe LLM

PaHXnpoBaHue pes3ynsraTtoB NOUCKa,
pekomMeHgauum ToBapoB, YCNyr n T. 4.

PelleHne 3agayd, nogpasymeBaroLLmnX
CTPOryto NOrUKy

PelleHue 3agad ¢ HU3KOW TONMEPaHTHOCTbLIO
K OLLUMOKE N BLICOKOWU CTOMMOCTLIO NPOBEPKU



OrpaHn4yeHus
LLM-mMoaoenen

OrpaHM4eHHOCTb TeHaoeHUuus
3HaAHUW K BOCNpOM3BEeOEHMIO OLLMDOK



2. PacwwunpeHune 3HaHum LLM mogenen
Ha npumepe YandexGPT



B0O3MOXHOCTU pacLUNpPeHNs
NX 3HAHUN

1. FIne-tuning

7. Retrieval-augmented
generation (RAG)

O

[1]

Domain Specific
Knowledge

v

58

Unstructured
ETL Pipeline

v

>

> {33

Pretraining
Dataset

o

Base LLM

Finetuning

Fine Tuned
LLM



Kakne ectb cnocoobbl paboThl
C BHELUHMMUWN UCTOYHUKAMWN MHAQPOPMaLINK

R

e

Fine-tuning mogenwu Retrieval Augmented
Generation (RAG)

OTBETbI MO KOHKPETHbLIM
OOKYMEeHTaMm

[1na aBTOMaTU4ECKOro
onpeneneHnst KoHTekcTa /
npegmMeTHoOn obracTtu


https://github.com/yandex-datasphere/yandexgpt-qa-scenarios/tree/main
https://github.com/yandex-datasphere/yandexgpt-qa-scenarios/tree/main
https://cloud.yandex.ru/docs/datasphere/concepts/models/foundation-models

RAG vs Fine-tuning vs kKombuHauus

AcnekT RAG P-tuning KombuHauus
OnHamMuyeckme gaHHbIe v v
CtaTtuyeckmne aaHHble v o v
BHyTpeHHMe faHHble v v
YMeHbLLEeHWe rannounHaLmm v v, v
[po3pavyHoCTb reHepauunn v, v
ToHKad HacTpoWKa nopg y3Kyto 3agady v v
[onoc 6peHaa v v



Peanusauna B DataSphere

UT00ObI 4O0OY4MTL Moaenb YandexGPT API, Hy>KHO
nogrotoButb pann ¢ popmate JSON. ®ann Hago
coxpaHuTb B koanposke UTF-8:

[
{
"request”: |
{
"role": "system",
"text":

b
{

"role": "user”,
"text":

}
],
"response’:
}
]

©

v ¥ @

q
)

O]

Yandex DataSphere

Bce cepBuUchl

CooblecTsa
MpoekTsl
MepeHoc NpPoeKkToB

CDpr,a MeHTanbHble MOOeNN

LleHTp nogaep>xku
HacTponku

AKKayHT

® organization-adolotov v (@) (0) dolotov [ testl o Mopenb

[looby4yeHune pyHaaMeHTanbHOU Moaenu

@ Bl MoxeTe noobyuntb Mogens YandexGPT Ha cobcTBeHHbIX AaHHbIX No MeToay Fine-tuning.

Mocne noobyueHus pesynetat byaeT XxpaHutbca B DataSphere u goctyneH Tonbko Bam B DataSphere
1 B YandexGPT B KoHconu ynpasneHus 1 API.

Nma *

OnwvcaHwe

Temn oby4veHuns 0.001

[aHHble onsa [oobyveHus

®dain c npumepamm *

)

Mone He 3anonHeHo
JSON, makcuManeHbIin pa3zmep ¢ainna — 100 Mb

BbibpaTb dain

MHCTpYKUMS



Peanunsauus
B DataSphere

{
"request”: |
{

"role": "system”,

"text": "TBoe uma HKeHa, nonHoe nma EBreHnn HeMpoHbIu.
\nTbl oTBeYaellb OT AnLA My*cKoro poaa. \nTbl poboT. \nTbl
roBOPULLIb KOPOTKO N emMKo. \nTbl 6bin co3gaH B Mepmun. \nTsoe
npeaHa3HayeHMe — pas3B/ieKaTb /1l04en, oTBeYaTb Ha BOMPOCHI,
nomoraTtb Ataam.\nTbl aKcnepT B chepe HKKX."

b
{

"role": "user",
"text": "Kak t1eba 30ByT?"

J
I,

"response’: "MeHa 30ByT HKeHa. [TonHocTbio — EBreHui
HenpoHbIiy."

J



{
"request”: |

Peannsauus {
B Datasphere ":(e))l(?c"; ";Z;Zt:r:m HHeHsa, nonHoe nma EBreHnn HempoHbIu.

\nTbl oTBeYaellb OT AnLA My*cKoro poaa. \nTbl poboT. \nTbl
roBOPULLIb KOPOTKO N emMKo. \nTbl 6bin co3gaH B Mepmun. \nTsoe
npeaHa3HayeHMe — pas3B/ieKaTb /1l04en, oTBeYaTb Ha BOMPOCHI,
nomoraTtb Ataam.\nTbl aKcnepT B chepe HKKX."

b
{

"role": "user",
"text": "[ne Tbl 6bln co3a4aH?"

J
I,

"response’: "B lNepmun."

J



Peanunsauus |
B Datasphe re "text": "y meHa Bce B nopaake”,

"HenTpanbHbIN: 1,
"smoumnoHanbHbIN : O

b
{

"text": "y meHsa Bce KN1acCHO NOIy4nnoch ',
"HenTpanbHbIN': O,
"3SMOUMOHaNbHBLIK: 1

J



{

"computer_science": O,

Peaﬂ M3a|_',|/|;| "physics": O,

"mathematics": 1,
B DataSphere

"quantitative_biology": O,

"quantitative_finance": O,

"text": "Title: Essentially Finite Vector Bundles on Normal Pseudo-
proper Algebraic Stacks\nAbstract: Let SXS be a nhormal, connected
and projective variety over an algebraically\nclosed field SkS. It is
known that a vector bundle SVS on SXS is essentially\nfinite if and
only if it is trivialized by a proper surjective morphism
Sf:Y\\to\nXS. In this paper we introduce a different approach to
this problem which\nallows to extend the results to normal,
connected and strongly pseudo-proper\nalgebraic stack of finite
type over an arbitrary field SkS.\n"

J



. OB30p A3bIKOBbIX MOAeNnen N BO3MOXHOCTEN
paCLUMPEHNSA X 3HAHUN

. PacwmnpeHune 3HaHun LLM moaenen
Ha npumepe YandexGPT

. Apxutektypa RAG
. TexHn4yeckune acnekrtbl npu peannsaumm RAG

. OueHka kadecTtBa pabotbl RAG-npunoxeHus

. BbiBOAbI



Apxutektypa RAG

nde

31



Apxuntektypa RAG — KOHTEKCTHOE OKHO Moaenu

IO NNHHBLIN oPUONYECKNN OOKYMEHT

cxoaHbI JOKYMEHT (Cnniikom 60nbLIon AN KOHTEKCTHOrO OKHa Moaeni)

Pa3zpen 1

Pa36buBka Ha pasgensl (Hanpumep, Paspen 2 Paspen 3 Paspen N
no rnaesam mnu kaxxabie 1000 TokeHoB)

ObpaboTka ObpaboTka ObpaboTka ObpaboTka
Pe3tiome 1
13BneyeHue KNnoyYeBbiX MOMEHTOB Pesiome 2 Pesiome 3 Pe3siome N

N pesomMe

ObbeouHeHune ObbegnHeHune ObbegmnHeHue ObbeouHeHne

3afaBaTb BOMPOCHI
NToroBbin 0630p < A P %

[TomMeLllaeTca B KOHTEKCTHOE OKHO Moaenu

[Tonb3oBaTenb

32



Apxutektypa RAG

nde

33



Apxutektypa RAG on-premise

OTBeT < 94 N e < @ CSV-paTtacert
l FastAPI FastAPI
( \
3anpoc
FastAPI
>
3anpoc
Prompt
>
ClickHouse [B [5
\—




Apxutektypa RAG Yandex Cloud

OTBeT

l

[Tonb30oBaTenb

3anpoc

e < N e < e CSV-paTtacert
FastAPI FastAPI Object
storage
A\ 4
( > YaGPT < ~
-G (E)
FastAPI l
6 o0
Faslt'APl DataSphere 3anpoc
Prompt
O -2 > "
Managed Service FastAPI [5 [5
for ClickHouse® \—

35



Apxutektypa RAG-NpUnoxeHus

XML Feed Provider

XML Feed 1

XML Feed 2

XML Feed ...

API Feed

OpenSearch

Feed source 1

Feed source 2

Feed source 3

Database

Knowledges data

Configs

Messages history

“«—
<«

<—>— Message proCessor s 2 Chat provider +— -—

A

44—

Webhook

e

l

Admin panel

)

O
—

Users

LLM Providers

N GPT Model

\— Embedding model

36



ApxutekTtypa Data Sync

XML Feed Provider

XML Feed 1 —

XMLFeed2 — <+—

XML Feed ... < \

Reads
XML
feeds

API Feed Provider

Calls API
API Feed <

Extract

<?xml version="1.0"
encoding="UTF-8"?>
<carlListing>
<car>
<dealerld>12345</dealerld>
<carModel>Toyota
Camry</carModel>
<price>25000</price>
</car>
<car>
<dealerld>67890</dealerld>
<carModel>Honda
Accord</carModel>
<price>27000</price>
</car>
</carListing>

Reads configs

Configs

Database

—

Data Sync

Transform

{

"carListing": {
"car": [

Camry",

{

b
{

"dealerld™: "12345",
“carModel”: "Toyota

“price": "25000"

"dealerld": "67890",
"carModel": "Honda

Accord”,

}

1]

"price": "27000"

—»>

Load

J

(—>
(—b

>
Saves data
to indexes

OpenSearch

Feed index 1

Feed index 2

Feed index 3



Apxutektypa RAG ¢ HECKONbKUMMU
MCTOYHUKAMUM OAHHbIX

Feeds data OpenSearch Credit data MongoDB

I !
[ |

Search category Questions about auto category Credit category

( ] J

Define message category
User message > Agent » Category tool (semantic router)

Retrieve history

v

History



4. TexHn4YecKkne acnekrtbl npu peannsaumm RAG



ba3bl JAaHHbIX

40



BekTopHble 6a3bl AaHHbIX

» [lpeobpasyeT nHPpopmMaLUIO Contant Vector

Database

B MNJ1I0OTHbIE BEKTOPDLI

Chunks

* BbICTPO N 3ahPeKTNBHO NLLET ¥

Embedding Vector embedding

MO CEMaHTUYHECKOMY CXOOCTBY model —>  [034,-12,034..001] — *
» [logxoout anst paboThbl ey
c bonbwnmMn obbemamu Query result
Application <
HECTPYKTYPUPOBaHHbIX

NaHHbIX



A comparison
of leading vector
databases

Is open source
Self-host

Cloud
management

Purpose-built
for Vectors

Developer
experience

Community

Queries per
second (using
text nytimes-
256-angular)

Latency, ms
(Recall/Percentile
95 (millis),
nytimes-256-
angular)

Supported index
types

Hybrid Search
(i.e. scalar
filtering)

Disk index
support

Role-based
access control

Dynamic
segment
placement vs.
static data
sharding

Free hosted tier
Pricing (50k

vectors @1536)

Pricing (20M
vectors, 20M
req. @768)

Pinecone

X

8 X

<

Community
page & events

150 *for p2, but
more pods can
be added

1 *batched
search, 0.99
recall, 200k
SBERT

$70

$227 ($2074 for
high
performance)

Weaviate

8kv¢ github, 4k
slack

791

HNSW

Static sharding

fr. $25

$1536

Milvus

23kve github,
4k slack

2406

Multiple (11
total)

Dynamic
segment
placement

fr. $65

fr. $309 ($2291
for high
performance)

Qdrant

13k ¥ github,
3k discord

326

HNSW

Static sharding

(free self-
hosted)

est. $9
fr. $281 ($820

for high
performance)

Chroma

X

9kv¢ github, 6k
discord

HNSW

X

Dynamic
segment
placement

(free self-
hosted)

Varies

Varies

Elasticsearch

X

23k slack

700-100 *from
various reports

HNSW

Static sharding

(free self-
hosted)

$95

est. $1225

PGvector

6k¥e github

141

HNSW/IVFFlat

(varies)

Varies

Varies


https://benchmark.vectorview.ai/vectordbs.html

[MapameTpbl Milvus Qdrant

MacLitabnpyemocTb Bbicokas (2406 3anpocoB CpepHsa (326 3anpocoB
B cekyHAay) B cekyHAay)

Huskagqa 3agepkka 1 MC 4 McC

[Togaepxka rmdbpnaHoro noncka [1a [1a

RBAC (KOHTpOnb goctyna) [1a HeT

CToMMOCTb OT1 $65 B Mmecau OT1 $9 B MecaL

HOeKcebl [loogepxka MHOXKeCcTBa HNSW

nHaekcos (11)



ba3bl AJaHHbIX C NOOAePXKOW NMOUCKOB
MO BEKTOpaMm

q |
ChromaDB PostgreSQL ClickHouse®
Y, =

OpenSearch ElasticSearch



ClickHouse® — korga ncnonb3oBaThb
B KadyecTBe bl nna XxpaHeHnsa BEKTOPOB?

»  OagHOBPEMEHHbIN NMOUCK » HyxHa nogaoepxka SQL
No BeKTopam U dounbsrpaummn
No MeTagaHHbIM
n/mwnn arperauun, JOIN

* HeT HeobxoanmMocCTu
BbINOSTHATb BEKTOPU3aL U0
Ha cTopoHe b/l

* JlInHenHoe conocTaBneHune
NO OYEeHb DONbLUUM
obbemam BEKTOPOB

* Yxe ecTtb ClickHouse®
B UCMOSIb3yEMOM CTEKe



— KOlrda HE NCIO0J1b30BATb

B KayecTBe BekTopHOU B/17

Ecnu Baw gaTtaceTt HeT meTagaHHbIX
HeOONbLLOW N HY>XHO TOMbKO
N MOSTHOCTbIO COMocCTaBlieHune
NnomMeLlaeTcs MO BEKTOpaM

B NadMATHU

Hy>xHa
BEKTOpU3auuns

Ha cTopoHe b/l

B MOMEHT BCTaBKU



ClickHouse®™ — ocHOBHblE OYHKLINY

cosineDistance (vectorl, vector2)

. 2Distance (vectorl, vector2)



BeKTopu3npoBaHHbIN gaTaceT

4
4

id document .- embedding + o1 metadata + &3 uvuld -
ebbbéeffO0c.. #120331, #120544, #120262, .. .1015625, -0.064331055, 0.031204224, .. ('s3://iml-ra.. 76fabl173-bd92..
4ef2leb421.. Mac0S 14 runtime check (#11.. .055908203, -0.056121826, 0.002420425.. ('s3://iml-ra.. 06e599d1-c13d..
999a347a34.. welford combine on first re.. .05117798, -0.05859375, -0.057006836,.. ('s3://iml-ra.. d2f8e277-6a3f..
d50200c385.. pytorch«2.2.2<2.3.022024-04.. .012428284, 0.0011148453, 0.006526947.. ('s3://iml-ra.. 2e5c7fd6-9c9b..
72aada7b3f.. for Device (#116019, #11683.. .066833496, -0.05026245, 0.033050537,.. ('s3://iml-ra.. 8b22c3b7-02aa..
620b73432e.. non-integer expr support fo.. .10266113, -0.03186035, -0.02748108, .. ('s3://iml-ra.. db6f3a98e-2e33..
bOf7b73750.. for each dynamo test skips .. .07397461, -0.050354004, -0.023925781.. ('s3://iml-ra.. cclbd271-6887..

N O O N DN

OO0 0O 0O 0O 0O O



PaboTta ¢ BEKTOPHbIMMN Ba3amMun OaHHbIX

3arpys3ka JOKYMeHTOB B H6a3sy

from langchain_community.document_loaders import TextLoader
from langchain_community.vectorstores import FAISS

from langchain_openai import OpenAIEmbeddings

from langchain_text _splitters import CharacterTextSplitter
loader= TextLoader("../state of the union.txt")

documents = loader.load()

text splitter = CharacterTextSplitter(chunk size=1000, chunk overlap=0)
texts = text splitter.split _documents(documents)

embeddings = OpenAIEmbeddings()

db = FAISS.from documents(texts, embeddings)

[Tonck gokymeHToB B ba3e

retriever = db.as retriever()

docs = retriever.invoke("what did he say about ketanji brown jackson")



TokeHun3auns/ THOHUHT
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TokeHn3auus

TokeHnsaums (Splitting) — npouecc pasgeneHusa TekcTa
Ha boriee menkne KOMMNOHEHTbI (TOKEHbI)

This is exactly where chunking comes to rescue. Chunking is the process of breaking down the
humungous text in small chunks of texts so that it could be fed easily as an when needed to a LLM.
There are various chunking strategies available and each strategies has their pros and cons. As a
GenAl engineer, once document is loaded, you want to transform the texts in the document according
to your application and one should at least know which chunking strategy would serve their purpose,
as chunking plays an important role in deciding the performance / accuracy of the LLM.

v

Upload .txt
Splitter: Character Splitter & ¢’ v
Chunk Size: |25 e
Chunk Overlap: |5 @

Total Characters: 715
Number of chunks: 29
Average chunk size: 24.7

process of breakin
ﬁga ----- yids an when needed
z stpa : , their pros and cons. As a Gi
is ié-ded you want 3? E*f n the document ag ding to your appl

‘ least know wh nking ategy wWol ld serve thexr Eyiaaﬁ‘,.ﬁi'ﬁﬁjﬁﬁéU?.fis s an,
important r 1 1di : rmancuf'ﬁiitu of the LLM.




THOHUWHI NpU TOKEHU3ALMN, CpaBHEHNE
CNocob0B TOKEHU3aUnmn

RecursiveCharacterTextSplitter

text splitter = RecursiveCharacterTextSplitter(

n CharacterTextSplitter chunk _size=500,
chunk _overlap=50,
2 Da30BbIX TOKEHM3aTopa. length_function-Llen,

is separator regex=False,
)
OcCHOBHbIE MapamMeTpbl:

texts =
text splitter.create_documents([state of the union])

ChUﬂk_SIZG print(texts[0])

print(texts[1])

chunk_overlap

separator



[Tonoop pa3mepa brnoka
chunk_size Determine

Goals

Measure &
Evaluate Assess

1. OnpegeneHue ueneu Continuous Ins"gu-l-tinnal
ules,

Improvement -y
Process Tools

2. [lpoBepka OnunHbl TeKCTa

3. OKCNEPUMEHTHI
Implement

Plan
y Develop

Action Plan

energy.gov/fempl/institutional-change-process 53



https://www.energy.gov/femp/institutional-change-process

[TonOop nepeKkpbITUSA
onoka chunk overlap

1. CoxpaHeHne KOHTeKCTa

7. Bbibop 3Ha4yeHus

3. OKCNEPUMEHTHI

chunk_overlap=0 | Total Chunks=5

Laser Inertial Fusion Energy

LIFE, short for Laser Inertial Fusion Energy, was a fusion energy
effort run at Lawrence Livermore National Laboratory between 2008
and 2013,

LIFE aimed to develop the technologies necessary to convert the
laser-driven inertial confinement fusion concept being developed in
the National Ignition Facility (NIF) into a practical commercial power
plant, a concept known generally as inertial fusion energy (IFE).

LIFE used the same basic concepts as NIF, but aimed to lower costs
using mass-produced fuel elements, simplified maintenance, and
diode lasers with higher electrical efficiency.

Background

Lawrence Livermore National Laboratory (LLNL) has been a leader in
laser-driven inertial confinement fusion (ICF) since the initial concept
was developed by LLNL employee John Nuckols in the late 1950s.
The basic idea was to use a driver to compress a small pellet known
as the target that contains the fusion fuel, a mix of deuterium (D)
and tritium (T).

If the compression reaches high enough values, fusion reactions
begin to take place, releasing alpha particles and neutrons. The
alphas may impact atoms in the surrounding fuel, heating them to
the point where they undergo fusion as well. If the rate of alpha
heating is higher than heat losses to the environment, the resultis a
self-sustaining chain reaction known as ignition.

chunk_overlap=x% | Total Chunks=9

Laser Inertial Fusion Energy

LIFE, short for Laser Inertial Fusion Energy, was a fusion energy
effort run at Lawrence Livermore National Laboratory between 2008
and 2013.

LIFE aimed to develop the technologies necessary to convert the
laser-driven inertial confinement fusion concept being developed in
the National Ignition Facility (NIF) into a practical commercial power
plant, a concept known generally as inertial fusion energy (IFE).

LIFE used the same basic concepts as NIF, but aimed to lower costs
using mass-produced fuel elements, simplified maintenance, and

~~diode lasers with higher electrical efficiency.

Background

Lawrence Livermore National Laboratory (LLNL) has been a leader in
laser-driven inertial confinement fusion (ICF) since the initial concept
was developed by LLNL employee John Nuckols in the late 1950s.
The basic idea was to use a driver to compress a small pellet known

“as the target that contains the fusion fuel, a mix of deuterium (D)

and tritium (T).

If the compression reaches high enough values, fusion reactions
begin to take place, releasing alpha particles and neutrons. The
ailbha-sfr'n'ary irﬁbéct.atoms in the -sufrbu'nAdving fuel, héétiﬁg_them to
the point where they undergo fusion as well. If the rate of alpha
heating is higher than heat losses to the environment, the result is a
self-sustaining chain reaction known as ignition.



OnpenenexHne pasgenuTens

icnonb3ynte ecTteCTBEHHbIE
pasgennTenm Tekcta, Takme
KaK rnpobersbl, 3HaKu
NpennmHaHns (TOYKM,
3anaTble) unu nepexoanbl

Ha HOBYIO CTPOKY.

OTO NomoraeT nsbexartb
paspblBa CIloB

NN NpeanoXeHnn

Ecnun TekcT numeet
cneunuyecKkyro CTPYKTypy
(Hanpumep, CNUCKK

MK 3aronoBkun), BblbepuUTte
pasnennTenb, KOTOPbIN
ny4ylle BCero CoOoTBETCTBYET
9TOWU CTPYKTYpe

Ha4yHuTe co 3HaKoB-
pasgenutenen npeanoXxXeHun
(«.», «!», «?») Kak 6a30BOro
pasgenuTens, a 3aTem
nonpobymnTte gpyrne CUMBOJbI
(Hanpumep, «\n»

051 MHOTOCTPOYHOIo TEKCTA),
OLUEeHMBasa Ka4yecTBO
pa3dneHuns



[ padpoBble ba3bl AaHHbIX

Is a Is a

o r > Place < ~

*  Vcnonb3yeT rpadbl 3HaHUN R

ONAa npeacrtaBrieHNa AaHHbIX <
*  Y3nbl — CYLHOCTU, pebpa — CBA3N | s a | s in |

MG)K,EI,y HUAMIA City < San Francisco < Golden Gate Bridge
- ObecnevmBaeT bonee rnybokoe Visited J

NOHUMAHME N KOHTEKCTyalbHble OTBETHI (

Friend

»  OTnn4yHO noaxoauT Anst AOMEHOB Alice < Bob

C CNOXHbIMWU, CTPYKTYPUPOBAHHbLIMU
OAaHHbIMU (MeguuUnHa, PUHaHCHI)

Is a Is a

9 Person 4—/




[TlopMmepbl AaHHbIX ANa rpadoB Ha OCHOBE
OUHAHCOBOIo JOMEHa

Tunbl CcyLLHOCTEN
KomMnaHuu
JITrogn

dunHaHcoBblE MHCTPYMEHTDI

Bond Y
Issues
Manages
Person 2 Company B
Regulates J Owns

Regulates
Regulator Company A

CB43u

BnageHwune
TpaH3akumu

PerynatopHble CBA3KU

Buys

Person 1

Oowns

Stock X

[Iprmepbl NCNONL30BaAHUSA
ObHapyXeHne MoLleHHNYeCcTBa
OueHKa pucKkoB

IHBeCTULUMNOHHAaA cTparterns



[ padpoBble ba3bl AaHHbIX

?ggneoqj



dopmumpoBaHue rpadosoun basbl and RAG

Document
Has chunk | Has chunk
Has ihunk l Text chunks
Document «— Next Document «— Next Document
. Has atomic fact_J
Has atomic fact
Has atomic fact Has atomic fact
Atomic facts
Fact 1 Fact 2 Fact 3
J Key elements

Element Element Element Element Element Element Element



dopmupoBaHme rpagosoun 6asbl Ang RAG

(a) Graph Construction

(7 . ' x / : - " 2 |

> | Gothic J-—{ Danko Jonesj " Pl 1 "Never Too Loud” is the
. " - X Neighbors Nt fourth studio album by |
ong Context M \ Canadian hard rock band |
Extract : ) |l | | | Danko Jones. |

I [

| Key
[Casa Loma}—{ Toronto ) /| Element
/ ! Danko Jones

/

[4 !
N & v Canada | Toronto g
(Abum ) ( canada ) | [f—m—m——= 2l | | ol
~ . Album ~1 2. Danko Jones is a Canadian

v L J =) _ hard rock trio from Toronto.



GraphReader Agent

Start

Rational plan node

Initial node
selection

Atomic fact check

Chunk check

Neighbor select

Answer generatrion



A 4TO NO Koay?

from langchain.chains import GraphCypherQAChain

from langchain_openai import ChatOpenAl

11Im = ChatOpenAI(model="gpt-3.5-turbo"”, temperature=0)

chain = GraphCypherQAChain.from llm(graph=graph, llm=11lm, verbose=True)

response = chain.invoke({"query": "What was the cast of the Casino?"})

[1m> Entering new GraphCypherQAChain chain...[©m

Generated Cypher:

[32;1m[1;3mMATCH (:Movie {title: "Casino"})<-[:ACTED IN]-(actor:Person)
RETURN actor.name[©Om

Full Context:

[32;Im[1;3m[{ 'actor.name’': 'Joe Pesci'}, {'actor.name': 'Robert De Niro'}, {'actor.name': 'Sharon Stone'}, {'actor.name': 'James Woods'}][Om
[1Im> Finished chain.[@m

{'query': 'What was the cast of the Casino?’,

'result': 'The cast of Casino included Joe Pesci, Robert De Niro, Sharon Stone, and James Woods. '}



| loCK N0 MeTagaHHbIM

63



[ loCcK N0 MeTagaHHbIM

] Query: "foo" Search: "foo"
BiTE elle 9Er Bey e Query —»  Filter: eq("author", —» Query e where: {"author", —> @
about foo? constructor translator

"bar") "bar"}
Database



[ loncK N0 MeTagaHHbIM

from langchain.chains.query_constructor.base import AttributeInfo
from langchain.retrievers.self _query.base import SelfQueryRetriever

from langchain_openai import ChatOpenAIl

metadata field info = |
AttributeInfo(
name="genre",

description="The genre of the movie. One of ['science fiction', 'comedy', 'drama’, 'thriller', 'romance']",

type="string",

)
AttributeInfo(
name="year",
description="The year the movie was released",
type="integer",
)]
document _content description = "Brief summary of a movie"”

11m = ChatOpenAI(temperature=0)
retriever = SelfQueryRetriever.from_1llm(
11m,
vectorstore,
document_content _description,

metadata field info,



5. OueHka kavecTtBa pabotbl RAG-npunoXxeHus



OueHka KayecTBa

. ragas score
RAG-npunoXxeHumn 5

generation retrieval
. faithfulness context precision

RAG AS - qD pe I/I M BO pK how factually acurate is the signal to ﬁDiEEati-lj of retrieved
the generated answer context

NS OLIEHKN Ka4yecTBa E

Tbl RAG-

pabo CE answer relevancy context recall

I pl/lﬂ OXXeHNWU how relevant is the generated can it retrieve all the relevant information
answer to the question required to answer the question



https://docs.ragas.io/en/stable/concepts/metrics/index.html

OueHKa KayecTBa ToKeHun3aumn

Context Precision

OTa MeTpuKa n3MepsieT TOYHOCTb ONpeaeneHnsa KOHTEKCTa, YTO BaXKHO
[J11 KOPPEKTHOro pasbueHns TekcTa Ha Norm4yeckme eanHuL bl

X_(Precision@k X v;,)

Totsl number of relevant items in the top K results

Context Precision@K =

true positives@k

Precision@k =
@ true positives@k + false positives@k

Context Recall

OueHuBaeTt NOJIHOTY UN3BJ1eHEeHNA PeSNIeBaAHTHOIO KOHTEKCTA, YTO NMOMOraeTt
NOHATb, HACKOJ1IbKO Ka4eCTBEHHO MPon3BOANTCA pa36|/|eH|/|e TEeKCTAa

|GT claims that can be attributed to context|

text Il =
contextreca |INumber of claims in GT|



Kak 3anyCcTuTb OLUEHKY

[1na 3anycka oueHkn TpebyeTtca cobpaTb Aartacer,
B KOTOPOM CcOOepXUTcs MHQopMaLMa 0 doakTax

from datasets import Dataset
import os
from ragas import evaluate

from ragas.metrics import faithfulness, answer_ correctness
os.environ[ "OPENAI API KEY"] = "your-openai-key"

data _samples = {

‘question': [ '"When was the first super bowl?', 'Who won the most super bowls?'],

‘answer': [ 'The first superbowl was held on Jan 15, 1967', 'The most super bowls have been won by The New England Patriots'],

‘contexts' : [['The First AFL-NFL World Championship Game was an American football game played on Jan 15, 1967.°',

'The Green Bay Packers...Green Bay, Wisconsin.', 'The Packers compete...Football Conference']],

‘ground _truth': ['The first superbowl was held on January 15, 1967',

dataset = Dataset.from dict(data samples)
score = evaluate(dataset, metrics=[faithfulness, answer_correctness])

score.to pandas()

"The New England Patriots have won the most super bowls']
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. OB30p A3bIKOBbIX MOAeNnen N BO3MOXHOCTEN
paCLUMPEHNSA X 3HAHUN

. PacwmnpeHune 3HaHun LLM moaenen
Ha npumepe YandexGPT

. Apxutektypa RAG
. TexHn4yeckune acnekrtbl npu peannsaumm RAG

. OueHka kadecTtBa pabotbl RAG-npunoxeHus

. BbiBOAObI



BbiBOObI

1. RAG-npunoxeHus aBnstoTca OQHUM 4. MeTtpukn Context Precision n Context Recall
N3 cnocoboB paclUNpPEHN 3HAHUN MOOENEWN. NO3BOSIAIOT OUEHUTb KAYECTBO NOAroTOBKM Oa3bl
OcobeHHO aKkTyarbHbIM A5 NPONpPUeETapPHbIX 3HaHun gna RAG-npunoXxeHus

N QMHAMUNYECKUX OaHHbIX
5. Nonbop pasmepa broka n pasmepa

2. [Ina noncka cXoXmnx JOKYMEHTOB MOXHO NnepekpbITUa onpenensaeTca aMnMpuUyYeCckum
MCNONb30BaTb HE TONbKO BEKTOPHbLIE, cnocobom
HO 1 rpadooBble U Apyrve 6asbl 3HaHU
B 3aB1UCMMOCTU OT 3adauu 6. 'padoBble Oa3bl AaHHbIX NoaonayT
ONA JOMEHOB CO CIOXXHbIMWU
3. RAG MOXHO noctpouTb B obnake, on prem, CTPYKTYPUPOBAHHbLIMW AaHHbIMK (MeauLnHa,
rmopuae. A Takke NUCMNonb30BaTb HECKOMbLKO donHaHcChbI)

NCTOYHMNKOB OaHHbIX MNP pearindaunm



| lpakTuKa



byagem pagbl OTBETUTH
Ha BalLUM BOMPOCHI

fm ,\‘ Ky3bma JlewmakoB

2 T ApxutekTop Data Platform,
B ) Yandex Cloud

&)

AnekcaHpgp KoHCTaHTUHOB
CTO, Raft DS
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