JIOJIATOK A

3BIT pe3yNIbTaTiB MEPEBIPKH HA YHIKAIBHICTh TEKCTY B 0a3i XHYPE

o A BEEEE

38iT noaibHocTi

@ StrikePlagiarismos @

meTagaHi

Ha10a oprantaul
Kharkiv National University of Radio Electronics
3aroncack

2025_M_NI_IN3m-23-4_®nsariv_B_K_cxopovesmi

Aatop Haywamd Kepmwns | Excrept
®narin Bnagucnae KoctaHtuHoenuEsren Kapaaw
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xacp. NI

O6csr s3HanaeHnx nogibHocTen

KoediiienT PORIBHOCT] BISHANSE, Aot BISCOTOK TERCTY N0 BIHOWIENHO S0 SAFAHOTD OBCAFY TERETY BYNO IHBAREHO B PI3HX AXEDENAX. JBEDHITH YBrY. LU0 BHEOK
InEennn e iar. Jeit Mae ! ocofa.

Aosnn Gpam 308 KOSDLYONTA NAREmCT! 2 Kinusicru cnis

Tpusora

¥ usomy posaini s snaigere QRO TeRCTORMX W & TEXCT] MOKYTS r0BOPHTH NP0 MOXKIMABI mainyrawl 8 Texcri. CroTsopersis 8
TEKCTI MOKYTh MBTH HSSMACHIR XADEKTED, BN SCTILIE XADSKTED TEXHIHIX NOMANOK NPH KONBEDTALT ACKYMENTA T4 HOD SBEDEWENH, TOMY Mt DEXOMENIYEMO B3
NAXOANTH A0 BHANSY LBOTO MOAYNA BIANOBIZANEHO. Y DS BHMIKHENHA SANHTEMS, NPOCHMO SBEDTATHCA A0 KAGH CAYKW MATPAMKN

3amina Gyxs B 0
IuTepsanu A 0
Mi H 0
Bini aHaku e 0
Napadpaau (SmartMarks) a 1

MopiGHocTi 3a cnuckom gxepen

Hiowve nasenesmil Crmcox xepen. B usomy Crmexy € Hnepend is piwx Ga3 samix. KOnip TEKCTy 03HEMae & AxoMy swepeni sin Oys saineri. L axepena | suavenis

nnariary. Heofix KowHE IREDENo | suicti fxepena

10 Haiiposwmx dpas Konip rexcry

noPRaKCEMA KULAOCTS WEHTHUHIX

HOMEP HAJBA TA AQPECA [KEPENIA URL (HASEA BAIH) CINB (OPATMENTIE)

1 https://andv.org/html/2411.15382v1 1 .014%

2 hitps://openarchive nure ua/bitstreams/09ae7c02-03ch-40ba-b4Sa-311ed8b1850d/download 9 011%

3 hitps:lopenarchive.nure.ua/bitstreams/09ae7c02-03ch-40ba-bdSa-311ed8b1850d/download 9 011%

4 COLIANBHI MPASU SIK IHCTPYMEHT CYUACHOT KOMYHIKALIT TA KOMAHAOYTBOPEHHS 80.10%

21712022
Donetsk National Technical University (Kepisuik cexuii MAH)

Pucynok A.1 — OcHOBHa 9acTHHA 3BITY (CTBOPEHUI CAMOCTIHHO)



5 https://openarchive.nure ua/bitstreams/09ae7c02-03ch-40ba-b4S5a-311ed8b 1850d/download 6 0.07 %
6 COLUANBHI MPA®Y SIK IHCTPYMEHT CYUACHOT KOMYHIKALYIT TA KOMAHAOYTBOPEHHS 6 0.07%
W 2112022
Donetsk National Technical University (Kepismkm cexuin MAH)

3 6asn gannx RefBooks (0.00 %) |
NOPAOXOBMH HOMEP saronoeok KINLICTS VIEHTHASHMX CIVE (OPATMENTIE)

3 AOMaLHLOT Basn AaHux (0.00 %) | |
NOPAOXOBUH HOMEP 3aronoeok KINSICTS WUENTHASHHX CIVE (OPATMENTIE)

3 nporpamu 0Bminy 6asamu aaHux (0.17 %) | |

NOPRAXOBMH
HOMEP 3ArGNOBOK

1 COLUANBHI MPA®U AK IHCTPYMEHT CYUACHOI KOMYHIKALIT TA KOMAHAOYTBOPEHHSA
21712022

Donetsk National Technical University (KepisHuki cexuil MAH)

3 IHTepHeTy (0.43 %)

KUNBACTH IEHTUMHIK
CINE (OPATMENTIE)

14(2) 0.17%

nOPRAXCEMA
HOMEP AKEPENO URL

1 hitps://openarchive. nure ua/bitstreams/09ae7c02-03ch-40ba-b4Sa-311ed8b1850d/download
2 https://andv.org/htmi/2411.15382v1

Cnucok NPUAHATUX PParMeHTiB (HEMAE NPUAHATUX (parMeHTis)

KUNLRCTS EEHTUUHIK
CIIB (OPATMENTIE)

24(3) 030 %

11(1) 014 %

NOPRAXOBIAR HOMEP amct KUNSKICTS ONHAXOBHX CIIB (SPATMENTIE)

BCTYN
3a ocTassl KiNbKa POKIE HaW CBIT KONOCANLHO 3MIMMECA. 3 NORBOID WTYMHOMD
IHTENeKTY CTANO 3pa3yMinG WO BAraTO peusi MOXHE RISHATHCS SHBNHO WEKALE T3
HANWCATH 3HEWHO Wenawe. [lyxe BIXNMBNM SCNEXTOM WTYHHOMD IHTENEKTY € Te, Wo
My HE NPOCTO YHTBEMO CTATTIO 860 NGPYUHAK HE KOHKDETHY TEMY, 8 MM MOXEMO

HoBY Ue moxxa £ NMTAHHS
NIAPYNHUKE, QOCTIDEHHA T8 POSYMIHHA YOMY CaME TaKa QOPMYNAa HABEAEHE, YW HEMBE
/AECH NOMMUNKM | SIKa NOMIKA 33 LM CTOITS, Ta BHNAAKOM KONM BaM XTOCH NOSCHIOE Led
mateplan. Byas-To Baw Apyr, konera, abo smnanay & yrisepcuTeTi. Hadeaxnusiwa
PI3HMUR B TOMyY, LIO BY MOIETE 33338aTH 3yCTPiu NMTEHHS Ta OTPHMYBATH Ha HIK
slanceial. Lie 34a4HIM YMHOM NPHUCKOPIOE NPOUEC HABNaHHA. Mpu NpasunsHOMY
BUKOPHCTEHHI, Ta 603 NOMWHIX NOMNOK, LUTY\s#R IHTENEKT Y CYNSCHOMY BUMSA) €
KDPUCHAM ANA MOACTBA.
LWono norisx NOMKNOK, LU CTAETLCR B Ginswii Mipl Yepes Te, WO Mogens 3Hae
mwwe Npo Te, wo 6aumna nig wac TpeHysaHHA. Tam moxe He GyTu ReTaned WoRo NesHUX
[Aomesis, NPO Al B XONETE CIMTETH. Lie 03HEMEE WO B MOIEens NOTPIGHO 3pobuTn
W Exgio 3HaHL KOHKPETHOMD QOMEHY, wob Boxa kpawe Morma slancelaa xa
nocTaanesi 3anuTaxKs Ta GyTu Ginbly xOpucHO. Ane y Haw vac icHye Garato meToaie
iH'exyil 3HaHL y Berxi niHrsicTira Mogeni.
Lis ksanidixawina poboTa Ax pa3 HAUNEHa Ha QOCIHIIKEHHA METOAS IH exull

3HaHL QNA BENHKMX MOBHIX Moaened. Tema Tico

Hanpamxkom xadeapu NI, sxa aocnigxye iHHOBAYIAHI TexsonoriT Ta meToaw ix
BUKOpHCTaHHA.

Tema TICHO 3 HaywOBMM xacpeapm N, sxa

AoCnixye IHHOBALIAHI TEXHONOT T METOAM X BUKOPUCTEHHR.

Pucynok A.2 — JlonaTkoBa yacTiHA 3BITY (CTBOPEHMI CaMOCTIHHO)
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- MIHICTEPCTBO
OCBITU I HAYKU
- YKPAIHU

W

JIOJIATOK B

Crnaiian npe3eHTartii

Jlocaigp»keHHS METO/IiB
iH'ekil 3HaHb 14
BeJIMKUX MOBHUX
Mo/iesier

62

HAUIOHANbHUA
YHIBEPCUTET

’ XAPKIBCbKHA
PARIOENEKTPOHIKM

CryaenT. Ousarin Baaaucaas KoctsHTuHoBMY, [T13M-23-4
HayxoBuii kepiBHUK: goueHT TypyTa Onekciii [leTpoBru

16 yepBHs 2025

Pucynoxk b.1 — TutynbpHMit crnaiin (CTBOpEHUN CaAMOCTIHHO)

AHauni3 npegMeTHOI ranaysi

Cyu4acHi npobnemu:
*  CTaTUYHICTb 3HaHb
* ranwuuHauii

Mepc

¢ HecCTa4a CTPYKTypOBaHUX °

JaHuX

* obuucntoBanbHi BUTpaTH
* iHTepnpeTauisa noriku

Moaenemn

— —
| —

nekTVBKU Ta TpeHOMU:
aBToOMaTu3auiqa iHTerpauii
3HaHb

iHTepnpeToBaHiCTb Moaenen
3MEHLUEHHs 0buymncnoBanbHMX
BUTPAT (ONs KOpUCTyBaYiB)
reHepauis WTYYHUX AaHUX
areHTHi cuctemu

Pucynok b.2 — JlociimkenHs (CTBOpeHH CaMOCTIHHO)
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O ]
Parameters in Selected Al Models
Some of these figures are estimates. Newer models are many times larger than their

Contextual Retrieval Preprocessing predecessors.

GPT1 117,000,000
@12 1500000000

PREPROCESSING (new)

o GeminiNano-1 | 1800000000
GeminiNano? |3250000000

2} vamaz> | soonga0pmo
Uama 3708

4 Claude 2
GPT-3

Gemini Pro

1 ((Comonas chunka
Gontest X+ kX

Gemini Ultra

GPT4

- atomn Standard RAG

Full Finetuning Lol
(No Adapters)
Optimizer PREPROCESSING RUNTIME
(32 bit) D D D Query
- Ll
sbin 0O o o
trt ‘ .
Base [ ] [ ] R )
camsr Upduss =
L1t ez = Y.
16-bit Transformer 16-bit Transformer 4bit Transformer Faging Flow —p I~ chunks
S E
ancodngs
software 3

enaineering

Pucynoxk b.3 — Ornsig ananoriB 1 yactuHa (CTBOpEHUN CaMOCTIHHO)

OrJsist1 aHaJIOTiB

BANKING77 DialogueRE Discovery

—e- UaMA2.78-32K

0 5 - LLaMA2.7B-Longlora
- o Long-LLaMA-code-78
g - o ChatGLu.68.326
Cricket FIFA2018 FIFA 2023 = > o e a0
100 o~ - 3 3 InternLm2.78-base
g a0
083 0% ii 2 3
o075 073 u 073 B < =X 320 .
0258 i ] 059 «\» . E :
050 2 ‘ n = 043 B oy - 0 .
E3 WK AR SR I 2R 3R AR SR IR 2R I AR SR/ e
| KWK K oK 1K B 1K 1K 25K 32K 10K 20K 0K 40K 50K o pando
025 019 221 Number of Round/ Number of Round/ Number of Round/
Context Token Length Context Token Length Context Token Length
. [ i [ e
g - 10
H NCAA PGA Superbow! o
§ 10
o5
e RAG Allof the above
05t
050
031
025 Context
L optimization
oon Fine-tuning
oignal x5 needsto know
_
LLM optimization
S E How the model needsto act
software 4

enaineering

Pucynok b.4 — Ornsig ananoris 2 yacTuHa (CTBOPEHUN CaMOCTIHHO)



[TocTaHOBKa 3a/ayi

B marictepcbkili poboTi NNaHYeTbCA AOCAIANTY 3a4a4y iH'€KLiT 3HAHb Y BEVKI
NiHIBICTNUYHI MoZeni 3 BUKopuUcTaHHAM RAG nigxogy, B 0CO611BOCTI 3
BMKOPUCTaHHAM rpadiB 3HaHb.

Mop,l/lcbn(au,u RAG ansa gocnigxkeHHs:
Fi6pnAHMIA NOLWYK Ta CEMAaHTUYHMIA NOLLYK
- KinbkicTb akTyanbHMX YaHkiB (3 abo 5)
- Po3mip vaHkiB (128 Ta 256 TOKeHiIB)
- TokeHalsep Ha YaHKM (CMMBONV ab0O peyeHHs)

JaTacer:
LLTyuHO 3reHepoBaHuii, 20000+ TokeHiB, 50+ Npmknagis NMTaHb Ta BiANOBIAe

P o T—
e | Neoqj
. o co
Pucynok b.5 — [locTtanoBka 3aa4i (CTBOpEHHI CaMOCTIHHO)
M '
Skicts | MacraGoBa- JloxyHa Myuastamo- | Bigkpu- | Kopmc-
3HaHb HICTE! KOHTEKCTHOTO" | IalbHICTh TICTE! HICTB!
BiKHA'
01-mini-|0,82 1,00 0,06 0,25 0,33 0,556
Gemini
1.5Pro={0,80 1,00 1,00 1,00 0,67 0,885
Llama
3290B40,67 (0,40 0,06 0,50 1,00 0,537
Llama
3.2:11B-0,53 0,80 0,06 0,50 1,00 0,651
Llama jentifier of the user. It is used to fetch
3.1
405B= 0,72 0,20 0,06 0,25 1,00 0,459
al information or parameters that need to be
Gemma
227B= (0,615 [0,80 0,00 025 1,00 0,632
the details for the user with the 1D 7899, who has black as their
assistant< i1>

Pucynoxk b.6 — Merogonoris 1 vactuna (CTBOpEHHI CaMOCTIMHO)



MeTojoJ10Tid

v Available APIs
"Codefct". s
Japan, Germany, and India

[2lconvert_a

LLM Agent using [Text/JSON] as Action

calculate the phone price in USD for each country, then find the

& mine

T should
nost cost-effective country

) lookup_ates(county: i) -> (o, lot)
_tax(price: float, exchange_tat: float, ax_rate: loat) -> foat

& mine

[Jestimate_final_price(converted_price:lot, hipping_cost:loa) -> flat
141 okup_phone_price(model sz, country: tr)
5)esimate_shipping_cost(destinaton_country: st -> floa

CodeAct: LLM Agent using [Code] as Action
T should caleulate the phone price in USD for each country, then find the
nost cost-effective country.

Text: Lookup_rates, Germany
N (ol lasap rates’, “emtey's “Garany’) e —————
Final_prices = S .
@ envrormmnt 1.1, 0.9 rices = SimplfisCompleperatos
for country in countries:
Text: Lookup_phare.price, Codekct 1, Gernany exchange_rate, tax_rate = ook )
JSON {"too1*: *1ookup_phone.price”, “model coutry”: *Germany) > Tocal.prics = Lookup. phoné_pric , countiy)
" e
@ environsent 700 Fewer Actions Required!
shipping_cost = estimate_shipping_cost(country)
== Text: convert_and_tax, 706, 1.1, .19 final_price = estinate_final._price(converted_price, shipping_cost)
Aetion Y -fig price, X
@ emiromment o16.2 most_cost_effective_country = min(final_prices, key=Final_prices.get)
mo0st_cost_effective_price = final_prices(most_cost.effective country
ANt (Rost cost_effective_country, nost cost_asfective price
[.... dnteractions onitted (look up shipping cost and calculate final price) print(nost. cost.effective_country, most. cost. effective_price)
tion TeXt! Lookup_rates, Japan Re-use nin’ Function from Existing
JSON: ("tool": “lookup_rates”, “country": "Japan’} @ envicomsent oo Software Infrastructures (Python library)
[... interactions omitted (calculate final price for all other countries)...]

B The most cost-effective country to purchase the sartphone model is Japan
SPO"E with price 904.0 in USD

& The most cost-effective country to purchase the saartphone model is Japan
esponse

th price 94.0 in USD.

Generate me a private corpus with some details mentioning the imagine
NeonByte Interactive — Video game development and VR/AR experiences

A list of products, prices,

Yo

generate 20 questions & answers from the dataset above
t with "quest

responsible stuff, etc.
I want to use it as my private corpus for the LLM fine
can generate really a lot of the text. The more the better.

uning

structure them in

Pucynox b.7 — Merogonoris 2 yactTuHa (CTBOPEHHUI CAMOCTIHO)

MeTopoJi0ris

patnvay
- o
£ oo
b
sutod
Sl
o
= s
..
s ere
biigo
putey
wester
o
water
sty
oo

< 2\

Loves
Dan Ann
Node Node
- -

MATCH( :Person{name: “Dan”})-[:LOVES]—(:Person{name: “Ann"})

ROPERTY ABE PROPERTY

Pucynox b.8 — Merogonoris 3 yactuna (CTBOPEHHI CaMOCTIHO)
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ApxiTeKTypHa cucTeMa JJis MpoBeJEeHHS
eKCIIEpUMEHTAJbHOTO JOC/iP)KEHHS

Standard RAG

::::::::::::::::::::

@
&

‘ TFaOF | TFIOF
: @neoy e |
Eo J :
< -
Input N =
& {e 1 —

Extr{act Extract Reason and d Im?gtef
-~ — entities relations generate the escription
— e (EM: bool) (SR: bool) description 9

Pucynok b.9 — Apxitektypa cuctemu (CTBOpPEHHUI CaMOCTIiIHO)

Onuc nporpaMHoOro 3abe3rnedyeHHs, 10 0yJ10
BUKOPUCTAHO y AOCJIKEeHHI

- LangChain >neoqj
h Llamalndex
il pandas &

trulens

10

N Meta ' Poetry .
é Pyda n tlc DeepEval.
Bringing schema and sanity to your data
. E T ¥ Transformers
| sy /. Smolagents 5 *. :
o e ‘b GPT-d0 m In

Pucynoxk b.10 — Onuc BUKOpUCTAaHUX IHCTPYMEHTIB (CTBOPEHUI CaMOCTIIHO)
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3MiCT MpOBeAEHOT0 EKCIIEPUMEHTY

Token Counts for Each Company

Un = GoogleGenAL(

LM (

*][*GEMINI_API. I ta-1lama,

*rag']['models'] [ temperature’

tenceSplit
Guestion Courts fo Each Compary

“answer_relevancy": {

“reason": "The score is 1.00 because there were no irrelevant statements in the
pctual output, indicating that the response was fully relevant and directly addressed the
finquiry about advancenents in Vertex World's AL system.",

=

he score is 1.00 because there are no contradictions found, indicating
hat the actual output perfectly aligns with the retrieval context.”,
s ]

}
comanenes “contextual_relevancy": {
“reason”: "The score is 0.35 because the majority of the retrieval context lacked
kpecifics on ‘advancements in Vertex World's AL system', focusing instead on unrelated topics
ike leadership and supply chain pj ion. However, certain relevant statements mention
P o T— ' Integrating advanced AI algorithms' and ‘an evolved AI system', indicating some connection to
he input, but not enough to collectively raise the score.”,

. . 5 "score": 0.35204117647058826
= 11

Pucynok b.11 — 3MicT OCHOBHOI'O €KCIIEPUMEHTY (CTBOPEHUH CaMOCTIHHO)

3MiCT IPOBeZIEHOI'0 EKCIIEPUMEHTY

Gray haired black suit and yellow tie working

A graying man in a suit is perplexed at a business meeting,
Abusinessman in ayellow te gives a frustrated look
Amanina yellow tie is rubbing the back of his neck.
Aman with a yellow ti looks concened.

config = {
"ARAG":
gpt-4o-mini",
gpt-40-mini-ARAG",
ash-lite",
h-lite-ARAG"

Abutcher cutting an animal 1o sell
A green-shirted man with a buicher's apron uses a knif to carve out the hanging carcass of a cow.
A man at work, butchering a cow.
A man in a green t-hirt and long tan apron hacks apart the carcass of a cow
wiile another man hoses away the blo
Tivo men work in a butcher shop; i hoses th floor

’;:ﬁ:irj‘t‘;fkk»%ftﬂ”
Relevance [0 - 10] - BuMiptoe, Hackinbku sobpe
3reHepoBaHa Bi4noBiab BiAnosigae ovikyBaHOMY
3MicTy 306paXKeHHs.
Groundedness [0 - 10] - ouiHIO€ CTYNMiHb, A0 AKOrO
pe3ynbTaTi poboTV MOAENi I'PYHTYIOTLCS Ha
OTPUMaHUX 3HAHHSX, @ He Ha ranoLUVHaLiiHIA
iHdbopmauii.
BERTScore [0 - 1] - LuMpOKO BUKOPUCTOBYBaHa
METPUKa CXOXOCTi TEKCTY, 3aCHOBaHa Ha
KOHTEKCTHUX BOYJOBYBaHHSAX 3 nonepeaHL0
HaByeHoi BERT-moneni.

1,
"ARAG-EM-SR": [

gpt-40-mini-ARAG-EM-SR",
2.0-flash-1ite-ARAG-EM-SR"

12

Pucynox b.12 — 3micT excriepuMeHTy cTarTi (CTBOPEHHUI CaMOCTIMHO)
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Pe3ysibTaTu eKCliepUMEHTY

faithfulness  contextual_relevance

0910000

EkcnepumeHTanbHO BUSIBMEHO
Hansaxnumeiwi napameTtpn RAG cuctemm
(ribpnaHuiA noLuyk)

KinbkicTb YaHKiB, siK i po3Mip YaHKy noTpibHO
iHAMBIQyanbHO HanawToByBaTW Nig BaLi
JaHi

B 6inbLlocTi 3a4a4 3 HEBENMUKUM KOHTEKCTOM
po3mip Mogeni He Hagae nepesar npu
Bignos.igi, abo BoHa € HENPOMNOpPLiNHO
BiJHOCHO LliHK

OcobnuBy yBary noTpibHO npuginaTm
MeToay po3BUTTS AaHMX Ha YaHKKU, MOXe
OyTn HeobXiaHO NucaTtun cneuianbHi
anropuTMu ans onTMMarnbHOro po3ouTTs

0
13

Pucynok b.13 — Pe3ynbpraTi ekciepumenTiB 1 yacTuHa (CTBOPEHUH CaMOCTIHHO)

Pe3yJsibTaTU eKClIEpUMEHTY

ARAG vs vanilla LLM performance

Approach

Relevance

Gr

BERTScore

gpt-do-mini
gpt-4o-mini-ARAG
gpt-4o-mini-ARAG-EM
gpt-40-mini-ARAG-SR
gpt-4o-mini-ARAG-
EM-SR
gemini-2.0-flash-lite
gemini-2.0-flash-lite-
ARAG
gemini-2.0-flash-lite-
ARAG-EM
gemini-2.0-flash-lite-
ARAG-SR
gemini-2.0-flash-lite-
ARAG-EM-SR

8.72
7.06
6.74
6.44
6.14

8.52
6.40

5.82

6.20

5.94

5.0
6.0
6.34
5.88
6.18

592
6.82

7.68

6.60

6.92

0.560
0538

- I|HHOBaUiMHa iges guHaMivyHOro
Y3rogXXeHHsi MoAeni B 3aneXHOCTi Big
KOHTEKCTY 306paxeHHs

- EkcnepumeHTanbHO goBeaeHo
KOPUCHICTb BNPOBaAXeHNX MeToAiB
Y3ro[IKEHHS

- Moxn1Be BUKOPUCTaHHSA B peanbHuX
cuctemax

- € Benukui noteHuian ans
mMacluTabyBaHHs

14

Pucynox b.14 — Pe3ynbpTaTu eKcriepuMeHTIB 2 YacTHHA (CTBOPEHUI CaMOCTIIHO)
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BUcHOBKU

- byno npoBezeHO cepito 3 32 eKCNepUMEHTIB, MO pe3ynbTaTaM aKux 6yno
AOCNifXeHO ePeKTUBHICTb HaNaLLTYBaHHS KOHKPETHUX NapameTpiBy
peanbHUX RAG cnctemax, Wo AaE 3MOry KpaLle 3po3yMiTv npupoay
napametpis RAG Ta iX NpaBUIbHOIO HanalTyBaHHA

- byno BNpoBagXeHO HOBUIN MeTOJ Y3roZXXeHHS BEIMKNX MOBHUX MoZenei
B 3a/1€XKHOCTI Bif} 3MiCTy 306paXKeHHsA Ta KOPUCTYBaALbKMX O6MeXeHb,
AKWI € iIHHOBALINHMM Ta MOXe ByTy MacliTaboBaHWN O peanbHUX

canmcremMm
¢ '®
SE il
15

Pucynok b.15 — Ilincymku (cTBOpeHHi caMOCTIHO)

Anpobaris pe3yabTaTiB JOC/iIKEHHS

Approaching LLM alignment using Agents with RAG

o JVITOATSI2025

g;;@ O ——
= 19- 22 may
/ Q& Kharkiv-Yaremche 2025

Vladyslav Fliahin

Keywords: LLM, Alignment, RAG, Knowledge Graph, Multimodal Data.

particapated in
Pt

1st International Scientif rac

1 Introduction

= Kharkiv 2025

Pucynox b.16 — Anpo0artis pe3ynbTaTiB JOCTIHKEHHS (CTBOPEHUN CaMOCTIHHO)
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Jlskyto 3a yBary!

17

Pucynok b.17 — Jlskyto 3a yBary (CTBOpeHMI CaMOCTIHHO)

Sample 58

gpt-4o-mini: A dog is joyfully running through a snowy
landscape, with snowflakes flying around it. The dog is
predominantly white with brown patches and has a playful
expression. It is positioned in the center of the image, slightly to the
right, with its body angled forward as it leaps through the snow. The
background features a blurred, dark area, likely trees, contrasting with
the bright white snow.

gpt-40-mini-ARAG-EM: In the image, a dog is running on the
snow, which covers the ground.

gemini-2.0-flash-lite: A white dog with tan markings is running . / /,
through the snow. The dog is in the center of the image, with its body aaall '_ 4
angled towards the center-right. Snow is kicked up around the dog's '
paws, indicating movement. The background consists of a snow- "
covered field and a blurred, dark forest.

gemini-2.0-flash-lite-:ARAG-EM: A dog is running on snow. The % &'
dog is in the center of the image.

18

Pucynox b.18 — I[Ipuknazg na 58 300paxeni 3 gatacety Flickr30k (ctBopenuit

CaMOCTIHHO)
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Sample 83

gpt-4o-mini: The image depicts a snowy street scene. In the center-left, a man is
shoveling snow from the sidewalk onto the street. He is wearing a dark jacket and a
hat. To his right, in the center, there is a partially cleared area of the street where the
snow has been removed. The background features a row of buildings with shops,
visible in the top-left and top-center areas. The buildings have a mix of architectural
styles, with some graffiti visible on one of them. Several parked cars are lined up
along the street, mostly in the bottom-left and bottom-center areas, with a few more
visible in the bottom-right. The overall atmosphere is cold and wintry, with a
significant amount of snow covering the ground.

gpt-40-mini-ARAG-EM: The image shows a streetlight in the top-left corner
and buildings in the top-center. In the center-left, a human is shoveling snow, with
snow covering the ground in the center. To the center-right, there is a car parked on
the road.

gemini-2.0-flash-lite: A man is shoveling snow on a city street. Cars are parked
along the side of the road, and buildings line the street. The scene is covered in
snow, and the road is wet.

gemini-2.0-flash-lite-ARAG-EM: A human is wearing a hat and holding a
shovel. The human is moving snow. A car is in the background. A building is in the
background.

Pucynox b.19 — I[lpuknazg va 83 300paxeni 3 garacety Flickr30k (cTtBopenuit

CaMOCTIIHO)

Sample 8¢

gpt-4o-mini: The image depicts three individuals walking away from the viewer on a
grassy path in a natural landscape. The scene is set under a clear blue sky, with a few trees
visible on the left side and a distant view of rolling hills in the background. The individuals are
positioned in the center of the image, with the first person on the left, the second person in the
middle, and the third person on the right. The foreground is filled with lush green grass and
some plants, while the background features a horizon line with trees and hills.

gpt-40-mini-ARAG-EM: The image features three humans walking in the center-right
area, surrounded by grass in the center. Trees are present in the top-left and surrounding areas,
with a clear blue sky above.

gemini-2.0-flash-lite: Three people are walking on a grassy path towards a distant
mountain range under a clear blue sky. The path is surrounded by lush green grass and trees.
The person in the center is wearing a white shirt, the person on the right is wearing a blue shirt,
and the person on the left is wearing a gray shirt. The scene is bright and sunny, suggesting a
pleasant day for a hike.

gemini-2.0-flash-lite-ARAG-EM: The image shows a sky above a human, a tree, and
grass. A tree is near a human. The grass is in front of trees and surrounded by trees. A human is
walking on the grass.

Pucynoxk b.20 — I[Ipuknan rva 82 300paxeni 3 gatacety Flickr30k (cTtBopenuit

CaMOCTIHHO)
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Abstract. This paper focuses on contributing scalable LLM alignment ap-
proaches to generate outputs close to human goals and values. As Al mod-els become
more advanced, alignment becomes increasingly critical. This ar-ticle explores a novel
approach using agents and Retrieval-Augmented Gen-eration (RAG) for alignment. We
create a custom knowledge graph based on the Flickr30k subset. Leverage a Neo4j
database to store predefined entities and their relationships, which serve as constraints
for model outputs. We use RAG to guide the model’s generation by focusing only on
the relevant entities and relationships detected in an image, ensuring alignment with
structured knowledge while ignoring irrelevant details.

Keywords: LLM, Alignment, RAG, Knowledge Graph, Multimodal Data.

1 Introduction

1.1  Problem statement

As large language models (LLMs) become more capable [1], the challenge of
aligning their outputs with human intent, ethical constraints, and factual accuracy
becomes increasingly important. While traditional alignment methods focus on
reinforcement learning with human feedback (RLHF) or prompt engineering, these
approaches often lack fine-grained control over specific aspects of model behavior. In

particular, ensur-ing that an LLM only considers predefined entities and relationships,
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especially when processing complex multimodal data like images, remains an open
challenge.

This paper focuses on contributing scalable LLM alignment approaches to
generate outputs close to human goals and values.

1.2 Overview of our method

In this work, we propose a novel approach to LLM alignment that leverages
agents, Retrieval-Augmented Generation (RAG), and knowledge graphs to enforce
controlled generation. We store a structured representation of allowed entities and their
relation-ships in a Neo4) knowledge graph, which acts as a constraint system. When
analyzing an image, our method first detects the entities present, retrieves only the
correspond-ing allowed relationships from the database, and then guides the LLM’s
generation using RAG. This ensures that the model adheres strictly to the predefined
knowledge constraints, avoiding irrelevant or undesired outputs.

Our contributions are as follows:

. A knowledge-constrained alignment framework using Neo4j and RAG to

regulate model outputs.

. A multimodal alignment strategy that ensures only predefined entities and

relations are described from an image.

. Empirical validation demonstrates how this approach improves alignment

precision while reducing hallucination.

The rest of this paper is structured as follows: Section 2 discusses related work on
LLM alignment, knowledge-grounded generation systems, and agents. Section 3
describes our methodology, including the role of LLMs, agents, RAG, and Neo4;.
Section 4 presents our experiments and results. Section 5 concludes with key insights
and future research directions. Section 6 outlines the limitations of the developed

framework.

2 Relevant work
Large Language Models (LLMs) have advanced in structured reasoning through

tech-niques like Chain-of-Thought (the authors showed how such reasoning abilities
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emerge naturally in sufficiently large language models via a simple prompting [2]),
Self-Consistency (the authors propose a new decoding strategy, self-consistency, to
replace the naive greedy decoding used in chain-of-thought prompting; it first samples a
diverse set of reasoning paths instead of only taking the greedy one, and then selects the
most consistent answer by marginalizing out the sampled reasoning paths [3]), and
Tree-of-Thought (authors introduced a new framework for language model infer-ence,
Tree of Thoughts (ToT), which generalizes over the popular Chain of Thought approach
to prompting language models, and enables exploration over coherent units of text
(thoughts) that serve as intermediate steps toward problem solving [4]), im-proving
inference by generating intermediate steps rather than relying on greedy de-coding [5, 6,
7, 8,9, 10]. In case the amount of information is too big to fit into a prompt, prior works
have used knowledge storage, such as knowledge graphs.

Knowledge Graphs (KGs) are structured repositories of interconnected entities
and relationships, offering efficient graph-based knowledge representation and retrieval
[11,12,13].

Prior work combining KGs with LLMs has primarily focused on tasks such as
knowledge-based question answering [14, 15, 16, 17], entity-centric retrieval [18, 19,
20], and fact-checking [21, 22, 23].

However, in the described applications, the obtained data was mainly used to ex-
tract the correct answer or infer the answer from it. Our work focuses on utilizing the

extracted data as supporting information.

3 Agents with RAG (ARAG)

Our approach combines Neo4j knowledge graphs, Retrieval-Augmented
Generation (RAG), and agent-based processing to enforce alignment constraints in large
language models (LLMs) (see Fig. 1). This section details our framework, outlining
how enti-ties and relationships are stored, retrieved, and used to control LLM-generated

de-scriptions of images.
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3.1  System Overview
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Fig. 1. System overview diagram

The proposed system consists of three main components:
. Knowledge Graph: Stores predefined entities and relationships that outline
the allowed knowledge constraints.
. Image Processing Module: Extracts entities from the image using the VLM.

. RAG-Enhanced LLM Agent: Retrieves relevant entities and relationships

from Neo4j and conditions the model’s output within those constraints.

3.2 Knowledge graph

Representation. To build the alignment graph, we incorporated the Flickr30k
dataset [24], containing 29000 train, 1014 validation, and 1000 test samples. Each
sample from the dataset has the respective image and 5 English captions. Due to
resource limitations, we built the graph on top of the first 100 train samples from the
dataset. We have checked two different setups:

. Extracting entities and relations from the image captions (this turned out to

pro-vide a small number of entities and relations and was not used for the full-

size ex-periments)

. Extracting entities and relations directly from images (was used for the full-

size experiments)
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The first approach led to the 184 entities and 226 relations, while the second one

led to the 231 entities and 404 relations present in the DB. In both cases, GPT-40 was
used as a base LLM to generate the DB.

We structure our Neo4j database as a directed graph where:

. Nodes represent entities (e.g., "Person," "Vehicle").

. Edges define relationships between entities (e.g., "drives," "owns").

A sample knowledge graph structure:

(:Person)-[:OWNS]->(:Vehicle)
(:Vehicle)-[:IS LOCATED_AT]->(:Building)

In the schema above, there are different relations: OWNS and
IS LOCATED AT. We decided to store the relations under the single RELATES
relation and to store the exact relation type as a type attribute. The same procedure was
performed with the Person, Vehicle, and Building combined into a single Entity with

the name attribute. The actual knowledge graph snapshot is depicted in Fig. 2.

RELATES
4 REWTES
< e —

—_ RELATES
—

Fig. 2. Knowledge graph snapshot
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Such a structure ensures that if a "Person" and "Vehicle" appear in an image, only
the predefined "OWNS" relationship is considered during LLM generation. There could
also be introduced a lot of additional attributes for each of the entities and rela-tions, but
for the sake of simplicity, we did not incorporate much metadata.

Querying. The system queries Neo4;j to retrieve only the relations that match the
list of entities. We have implemented an optional strict mode to customize the retrieval
process. The strict case is when we extract two entities, cat and dog, then we extract
only relations between them, like dog->bark->cat. An unstrict case would also return all
the relations that match only one entity, like dog->eat->food, dog->is playing->ball.

Extracted entities matching. This step is optional and is used only during
inference. By utilizing the vector embeddings, we match the extracted entities for a
particular image with the list of entities present in the DB. This step is required because
some entities may not be consistently extracted every time (e.g., windows/window,
man/human, building/house). Without handling such situations, the results may be much
worse than expected. We utilize the vectors obtained using the OpenAl Embed-dings
APIL. It provides us with 64-dimensional normalized embeddings that are fur-ther
compared using a cosine similarity score and a 0.7 threshold.

In addition, we incorporated a caching procedure that pre-calculates embeddings
for all the new strings and then uses them in case we face the same entity. Caching sig-
nificantly reduces the actual costs for this operation. This is a local version of the
semantic search that could be used on the Neo4j side, but was simplified to the local
version. In the production scenario, it should be performed by a single operation in
Neo4;j.

3.3 Image Processing

The image processing module detects objects and extracts their textual
representations (e.g., "car," "building"). Right now, we utilize the VLM for this task,
including the input image and the prompt. This works fine for now, but can be
substituted by any Zero-Shot model like Grounding DINO or something similar in the
future, in case cost reduction is needed for production applications.

3.4 Vanilla LLM
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In our setup, Vanilla LLM calls do not use DB or any other tools to perform the
task.

3.5 Agent Processing

There are two different types of agents that we could use: tool-calling agents and
code agents. After preliminary experiments, we found out that code agents perform
better in planning and aligning with the step-by-step nature of the instructions.

During the implementations, we utilized the smolagents framework as a core of
the agent backend. ReAct was used as the agent’s planning strategy.

RAG-Enhanced Generation. The agent conditions the LLM using retrieved
knowledge, ensuring it describes only the allowed entities and relationships. Fur-
thermore, we prompted the model to identify the exact positions of the entities in the
image. The are nine available values for position: top-left, top-center, top-right, cen-ter-
left, center, center-right, bottom-left, bottom-center, and bottom-right. After the initial
description generation, the agent defines the positions for each entity and veri-fies its

answer with the DB to minimize the possible hallucinations.

4 Experiments

To accept or reject the alignment improvements, we compared 10 head-to-head
ap-proaches utilizing 50 samples and three different metrics.

4.1 Data

We build the knowledge graph from the 100 train samples of the Flickr30k
dataset. For the benchmarks, we selected 50 samples from the 100 train samples used
during the knowledge graph generation.

Actually, the system can perform on any image with any entity-relation con-
straints.

4.2 Models

We have utilized two different API providers: OpenAl and Google. GPT-40-mini
and Gemini-2.0-flash-lite were selected as candidates. On top of vanilla LLMs, we

intro-duced different modifications for them. ARAG suffix means that the models
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utilize Agentic flow with RAG. The EM suffix means this setup uses the entities
matching option, and the SR means that we included the strict relations option.

Regular LLM calls (without agentic flow) did not have access to the tools/DB.
All the agentic flow setups were equipped with three tools (load initial image, ex-
tract_entities, and get data from_neo4j), a code interpreter, and a maximum of 7 steps
to accomplish the task.

For the LLM-as-a-judge purpose, we utilize the same model we used during the
knowledge graph creation — gpt-40. This will mitigate the bias of inference and evalu-
ation using the same model. To calculate the BERTScore, we incorporate bert-base-
uncased.

4.3  Metrics

To evaluate the experiment results, we need to be able to understand how good
the model performs at describing the image and to what extent it aligns with the DB
reference. We focused on the following metrics:

. Answer Relevance [0 - 10] — Measures how well the generated response

aligns with the expected content of the image. It is assessed based on the LLM

judgment of the generated descriptions of the image. A higher score indicates that

the response remains applicable and contextually appropriate despite alignment
constraints.

. Groundedness [0 — 10] — Evaluates the extent to which the model’s output

is based on retrieved knowledge rather than hallucinated information. A higher

grounded-ness score indicates better alignment with structured knowledge and
reduced model hallucination.

. BERTScore [0 — 1] — A widely used text similarity metric based on

contextual embeddings from a pre-trained BERT model. It compares the

generated description with reference captions by computing cosine similarity
between token embeddings.

4.4 Results

The overall prediction time took ~4.5 hours to accomplish. The evaluation took

~14.5 hours due to the GPT-40’s degraded performance stated by OpenAl in the last
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few days. We have highlighted the best results per model in bold because we have to
evaluate the models separately compared to the vanilla LLM setup. The final results are

depicted in Table 1 below.

Table 1. ARAG vs vanilla LLM performance

Approach Relevance | Groundedness | BERTScore
GPT-40-mini 8.72 5.0 0.560
GPT-40-mini-ARAG 7.06 6.0 0.538
GPT-40-mini-ARAG-EM 6.74 6.34 0.542
GPT-40-mini-ARAG-SR 6.44 5.88 0.536
GPT-40-mini-ARAG-EM-SR 6.14 6.18 0.536
Gemini-2.0-flash-lite 8.52 5.92 0.607
Gemini-2.0-flash-lite-ARAG 6.40 6.82 0.592
Gemini-2.0-flash-lite-ARAG-EM 5.82 7.68 0.587
Gemini-2.0-flash-lite-ARAG-SR 6.20 6.60 0.593
Gemini-2.0-flash-lite-ARAG-EM-SR 5.94 6.92 0.589

As we can see, all the somehow aligned setups obtained higher groundedness
scores compared to the vanilla LLM approach. The final groundedness score also
significantly depends on the base model capabilities. In our results, we can state the
significant difference between the Gemini-2.0-flash-lite and the gpt-4o-mini alignment
capabilities.

Meanwhile, answer relevance dropped significantly during alignment, the
answers provided by the aligned models are still valid (but, of course, less detailed). The
most important thing is that we see a correlation between the extent of alignment and
the answer relevance.

BERTScore is almost the same, meaning both models provide captions that par-
tially align with the labels. This can be explained by low-detail captions describing the
Flickr30k dataset. They are right to the point and were initially focused on much less
capable models.

From the above experiments, we can say that for a more optimal performance

enti-ties matching should be set to True while the strict relations should be set to False.
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5 Conclusion

The scientific novelty of the presented system lies in contributing scalable LLM
alignment approaches to generate outputs close to human goals and values. We intro-
duced an approach for improving LLM alignment using Neo4] knowledge graphs,
Retrieval-Augmented Generation (RAG), and agent-based processing. Our method
ensures that an LLM describes only predefined entities and relationships extracted from
an 1mage, enforcing structured alignment constraints. Using vector-based entity
matching, strict relationship retrieval, and agentic execution, we successfully con-
strained the model’s output while maintaining relevant and coherent responses.

Our experimental results demonstrate that the aligned agent-based approach
signifi-cantly improves groundedness compared to a vanilla LLM with prompting. The
trade-off is a slight drop in answer relevance, but overall, the method remains effective
for structured and controlled generation. Importantly, BERTScore results suggest that
despite these constraints, the aligned model’s responses still align with human-
annotated captions at approximately the same level.

While our approach has proven effective, there are several avenues for future
work:

. Scaling predictions to larger models such as GPT-40 or fine-tuned open-

weight LLMs to reduce hallucinations.

. Expanding the dataset beyond the first 100 samples of Flickr30k to increase

gener-alization.

. Verifying the performance using the Ukrainian multi30Ok dataset [25].

. Verify the framework performance on the specific domains, like

Autonomous Driv-ing.

. Integrating Neo4j-side semantic search for more efficient and scalable

entity match-ing.

. Exploring techniques to enhance the alignment of vision-language models

with structured knowledge.
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. Researching the capabilities of image-based alignment instead of the

entities and relations DB [26, 27, 28].

By combining custom constraints from knowledge graphs with retrieval-enhanced
generation, our work demonstrates a promising pathway for more controllable, aligned,
and factually grounded LLMs. This methodology can be extended to other alignment-
sensitive applications, such as medical Al, legal document analysis, and explainable Al
systems.

Source code 1s available on GitHub [29].

6 Limitations

This research was conducted as part of the master’s thesis at the Kharkiv National
University of Radio Electronics. That is the reason why the KG sizes and the evalua-
tion sizes are not that big. The overall experiment budget was around 30$. We tested
only the GPT-40, GPT-40-mini, and the Gemini-2.0-flash-lite models in our tests
because of their affordability. We expect our approach to scale even better using the
more prominent models like Gemini-2.0-pro and Claude-sonnet-3.7.

The obtained framework sometimes faces the output token limits during the
evalu-ations. These are just being retried for now.

We have conducted full-size experiments only using the Code Agent. After the
pre-liminary tests, the Tool Calling Agent almost always showed worse results.

We did not evaluate our framework on the new data samples that were not used to
build the KG.

Image size is limited to 20MB (current OpenAl limitation).
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Ha pucynky /I.1 HaBeeHO mpUKJIaJ MUTAHb Ta BIAMOBIIEH 3 TECTOBOTO JAaTaceTy.
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h area h
ch initiativ
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"question": "What the price
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educational program

of the EnergyVault torage solution per unit?",

th Vertex MedTech

offer to uni ’
ucation, including c room integration and dem

forge-technolog

"question
"answer
"src":

"question
"answer
"src": "agro-team

"question
"answer
"src":

"question
"answer l-time

"src": "vertex-medtech"

"question "\
"answer":
"src":

Pucynox /1.1 — 10 nepimux 3anmuTalb TECTOBOTO 1aTaceTy (CTBOPEHUN CaMOCTIIHO)
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JIOJIATOK E

OcHoBHHI KO IJId IMIPOBECACHHA eKCHCpI/IMeHTiB

import traceback

import json

import tomllib as tomlib

from pathlib import Path

from dotenv import load dotenv
from tgdm import tgdm

import numpy as np

from llama_ index.core import (
Settings,

VectorStoreIndex,
get_response_synthesizer,
SimpleDirectoryReader,

StorageContext,

)

from llama_index.core.node parser import
TokenTextSplitter, SentenceSplitter

from llama_ index.core.query engine import

RetrieverQueryEngine
from llama_index.core.indices.vector_ store.retrievers
import VectorIndexRetriever

from llama index.embeddings.openai import
OpenAIEmbedding

from llama_index.vector_stores.neo4jvector import
Neo4jVectorStore

from llama_index.llms.google_genai import GoogleGenAI
from deepeval.metrics import (

AnswerRelevancyMetric,

FaithfulnessMetric,

ContextualRelevancyMetric,

)

from deepeval.test case import LLMTestCase

from deepeval import evaluate

from llama index.llms.together import TogetherLLM
from neo4j import GraphDatabase

load dotenv()

def id func(index, document):
"""Creates a specific chunk id"""
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document name =
Path (document.metadata["file name"]) .stem
return f"{document name}-{index}"

def clear neo4dj(cfg):
Clears all nodes and relationships from a Neo4j
database.

Args:
uri (str): The URI of the Neo4j database.
user (str): The username for connecting to the
database.
password (str): The password for connecting to
the database.
driver = GraphDatabase.driver (
cfg["config"] ["env"] ["NEO4J URI"],
auth=(
cfg["config"] ["env"] ["NEO4J USER"],
cfg["config"] ["env"] ["NEO4J PASSWORD"],
) 14
)

with driver.session() as session:
session.run("MATCH (n) DETACH DELETE n")
# session.run (£"DROP INDEX
"{cfg['config']['rag']['setup'] ['index name']} ")
driver.close()

PARAMS = {
"hybrid search": [True, False], # to test
# "agent": [True, False],
"1llm": ["llama-3.2-11B-vision-instruct", "gemini-1.5-
pro"],
# "embedding provider": ["openai", "huggingface"],
# "embedding dimension": [128, 512, 1024],
"embedding dimension": 512,
# "similarity cutoff": [0.7, 0.8, 0.9],
"similarity top k": [3, 5],
"chunk size": [128, 256],
"preparation": ["TokenTextSplitter",
"SentenceSplitter"],
"chunk overlap": 0.2,
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}

number of experiments =1
for key, value in PARAMS.items() :
if isinstance(value, list):
number of experiments *= len(value)
print (f" {number of experiments=}")

CLEAR DB = False
UPDATE DB = False
PREDICT = False
EVALUATE = True

DATASET SIZE = 50

i=0
###### setup experiments
for hs in PARAMS["hybrid search"]:
for 1lm name in PARAMS["1l1lm"]:
for top_k in PARAMS["similarity top k"]:
for chunk size in PARAMS["chunk size"]:
for preparation in PARAMS|["preparation"]:
print (
f"{i=} {hs=}, {1lm name=}, {top_k=},
{chunk_size=}, {preparation=}"
)
i+=1

###### parse configuration
with open("./config.toml", "rb") as file:
cfg = tomlib.load(file)

cfg["config"]["rag"] ["setup"] ["hybrid search"]
= hs
# cfg['config']['rag']['models']['llm openai']

llm;pame

cfg["config"] ["rag"] ["setup"] ["similarity top k"] = top_k
cfg["config"] ["rag"] ["setup"] ["chunk size"] =
chunk size
cfg["config"] ["rag"] ["setup"] ["preparation"] =
preparation

# print(f'{cfg=}")
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###### load data
dataset = json.load (open("./data/g&a.json",

"r") )

base path = Path("./data/companies")
doc_paths = |

path.as_posix()

for path in base path.iterdir()

if path.is file()

1

###### load models
# initialize LLM
if 1lm name == "gemini-1l.5-pro":
1lm = GoogleGenAT (
model=llm name,

api_key=cfg["config"] ["env"] ["GEMINI_API KEY"],
temperature=cfg["config"] ["rag"] ["models"] ["temperatur
e"] ,

)

elif 1llm name == "llama-3.2-11B-vision-
instruct":
1lm = TogetherLLM(
model="meta-llama/Llama-3.2-11B-Vision-
Instruct-Turbo"

)
# time.sleep(60)

# initialize EM
embed model = OpenAIEmbedding (
model=cfg["config"] ["rag"] ["models"] ["em openai"],
api_key=cfg["config"]["env"] ["OPENAI API KEY"],
dimensions=cfg["config"] ["rag"] ["setup"] ["embedding di
mension"],

)

Settings.llm = 1llm
Settings.embed model = embed model

###### generate embeddings & fill the DB
if CLEAR DB:
clear neo4](cfq)

if UPDATE DB:
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# initialize a file reader
reader =
SimpleDirectoryReader (input files=doc_paths)

# load documents into LlamaIndex Documents
documents = reader.load data()

vector_store = Neo4djVectorStore (
username=cfg["config"] ["env"] ["NEO4J USER"],
password=cfg["config"] ["env"] ["NEO4J PASSWORD"],
url=cfg["config"] ["env"] ["NEO4J URI"],
embedding dimension=cfg["config"] ["rag"]["setup"] [
"embedding dimension"
1,
distance_strategy=cfg["config"] ["rag"] ["setup"] [
"distance_strategy"
1,

index name=cfg["config"] ["rag"] ["setup"]["index name"]

text _node property=cfg["config"]["rag"]["setup"][
"text node property"
1,
hybrid search=cfg["config"]["rag"]["setup"] [
"hybrid search"
1,
)

# setup context

storage_context =
StorageContext.from defaults(

vector_store=vector_store

)

if preparation == "TokenTextSplitter":
parser = TokenTextSplitter (
chunk_ size=cfg["config"] ["rag"]["setup"]["chunk size"]

chunk overlap=int (
np.ceil (
cfg["config"] ["rag"] ["setup"] ["chunk overlap"]
*
cfg["config"] ["rag"] ["setup"] ["chunk size"]
)
),
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separator=cfg["config"] ["rag"] ["setup"] ["separator"],
id func=id_ func,

)

elif preparation == "SentenceSplitter":
parser = SentenceSplitter (

chunk size=cfg["config"]["rag"] ["setup"] ["chunk_size"],
chunk overlap=int (
np.ceil (

cfg["config"] ["rag"] ["setup"] ["chunk overlap"]
*

cfg["config"] ["rag"] ["setup"] ["chunk size"]
)
),

separator=cfg["config"] ["rag"] ["setup"] ["separator"],
id_func=id_func,

)

# parse documents into nodes (chunks)
nodes

parser.get nodes from documents (documents)

db_index =

VectorStoreIndex (
nodes,

storage_context=storage_context,
embed model=embed model,

show_progress=Fal§é,

)

else:

vector_store = Neo4djVectorStore (

username=cfg["config"] ["env"] ["NEO4J USER"],

password=cfg["config"] ["env"] ["NEO4J PASSWORD"],
url=cfg["config"] ["env"] ["NEO4J URI"],

embedding dimension=cfg["config"] ["rag"] ["setup"] [
"embedding_dimension"

1,

distance_ strategy=cfg["config"] ["rag"]["setup"][
"distance_strategy"

1,
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index name=cfg["config"] ["rag"]["setup"]["index name"]

text node property=cfg["config"]["rag"]["setup"][
"text node property"
1,
hybrid search=cfg["config"]["rag"] ["setup"] [
"hybrid search"
1,
)

db_index =
VectorStorelIndex.from vector store(vector_store)

###### configure different tools
# custom retriever
retriever = VectorIndexRetriever (
index=db_ index,
similarity top_ k=cfg["config"]["rag"]["setup"][
"similarity top_ k"
1,
vector store query mode=cfg["config"]["rag"]["setup"][
"vector_store_ query mode"
1,
)

# custom response synthesizer
response_synthesizer =
get response_synthesizer (

response_mode=cfg["config"] ["rag"] ["setup"] ["response mode"

]
)

# combine custom query engine
query engine = RetrieverQueryEngine (
retriever=retriever,
response_synthesizer=response_ synthesizer

)

###### configure setup
setup = query_ engine

###### predict
if PREDICT:
predictions = []
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for item in tgdm(dataset[:DATASET SIZE]):
try:
response =
setup.query (item.get ("question"))

output = response.response

context = [

node.get_ content () for node in
response.source_nodes

1

ids
response.source_nodes]

[node.id_ for node in

predictions. append (
{
"source nodes ids": ids,
"source nodes": context,
"response": output,
}

)

except Exception as e:
print (e)
traceback. format exc()

###### save the results
with open (
f"./predictions/i_{i}_hs {hs} 1llm {1llm name} topk {top
_k} cs_{chunk size} prep {preparation}.json",
"w" ,
) as f:
json.dump (predictions, f)
else:
predictions = json.load(
open (

f"./predictions/i_ {i}_hs {hs} 1lm {1lm name} topk {top k} c
s_{chunk size} prep {preparation}.]json",
"r" ’
)
)

###### evaluate
if EVALUATE:
test cases = []
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for I, item in
enumerate (tgdm(dataset[:DATASET SIZE])):

# define test case

test case = LLMTestCase (
input=item.get ("question"),
actual output=predictions[]] ["response"],
expected output=item.get ("answer"),

retrieval context=predictions[]j] ["source_nodes"],

)

test cases.append(test_case)

answer_relevancy metric =
AnswerRelevancyMetric (
model=cfg["config"] ["rag"] ["'models"] ["11lm openai"]
)
faithfulness _metric = FaithfulnessMetric(
model=cfg["config"] ["rag"] ["models"] ["11lm openai"]
)
contextual relevancy metric =
ContextualRelevancyMetric (

model=cfg["config"] ["rag"] ["models"] ["11lm openai"]

)
# time.sleep (60)

results = evaluate (
test_cases=test_cases,
metrics=][
answer relevancy metric,
faithfulness metric,
contextual_relevancy metric,
1,

max_concurrent=50,

)

evaluations = []
for item in results.test results:
evaluations.append (
{
"answer_ relevancy": {
"reason": item.metrics_data[0].reason,
"score": item.metrics_data[0].score,

},
"faithfulness": {
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"reason": item.metrics_data[l].reason,
"score": item.metrics_data[l].score,
},
"contextual_ relevancy": {
"reason": item.metrics_data[2] .reason,
"score": item.metrics_data[2].score,
b,
}
)

###### save the results
with open (
f"./evaluations/i_ {i} _hs {hs} 1llm {1llm name} topk {top
_k} cs_{chunk size} prep {preparation}.json",
"w" ,
) as f:
json.dump (evaluations, f)



