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B cratbe onucbiBaeTcs peanusauus 1 ucrnonb3oBaHne GraphReader-areHTa, KOTopbli pellaeT npobremMbl CTaHAapTHBIX METOA0B
RAG, Takune Kak n3BneyeHve HepeneBaHTHbIX AaHHbIX 1 MoTepsi KOHTeKCTa. Micnonb3ys rpadoByto CTPYKTYpY AaHHbIX, GraphReader ynyyiuaet
TOYHOCTb Moucka 1 obecrnedmBaeT Gonee rnyGokWii KOHTEKCT ANs CROXHbIX 3aaad. OnucaHve BKoYaeT npouecc pa3paboTku, BHeAPEeHUs 1
TECTUPOBaHUS areHTa, KoTopbii ncnonb3yeT Neodj ana xpaHeHns AaHHbIx 1 LangChain ¢ LangGraph ans norvku pabortbl.

CoBpeMeHHble MOAenu MaluMHHOro obyyeHusi, Takume kak LLM (Large Language Models), moryT
obpabaTbiBaTh 6onblumMe 06beMbl MHGOPMALMM U TEHEPMPOBATbL OCMbICIIEHHbIE OTBETbI, HO KQ4YeCTBO Noucka
W aKTyanbHOCTb AaHHbIX OCTalTCS KntodeBbiMu Nnpobnemamu. TexHonorus Retrieval-Augmented Generation
(RAG) [1] pewwaeT aty npobriemy, coyeTasi reHepaLuMio OTBETOB C M3BNevYeHMeM UHpopMaLunm 13 BHELLHMX
nctouHukoB. OgHako ctaHaapTHble MeToabl RAG MoryT nssnekaTb HeperneBaHTHbIEe JaHHbIE, TEPATb KOHTEKCT
N HE yYNTbIBaTb CEMaHTUYECKNE CBA3M.

GraphReader-areHT [2] peluaeT 3T npobnemsbl, UCNOMNb3ysa rpadoBYyl0 CTPYKTYPY AN npeacTaBneHuns
OaHHbIX. [padoBble 6a3bl AaHHbIX, Takne kak Neodj, ycTaHaBnMBaKOT CBA3M Mexay ob6bektamu, cosgaBas
bornee TOYHYK MOAenb 3HaHMM ¢ ceMaHTudeckumu nytamu. GraphReader komOuHupyeT rpacoBble 6asbl C
A3bIKOBbIMW MOAENSAMU, YTO MO3BOMSAET TOYHO M3BMEKaTb MHAOPMaUUIO U yYUTbiBaTb B3aMMOCBSI3N MeXOy
OaHHbIMK, obecneuvmBas 6Gonee rnyboKMIA KOHTEKCT AN CIOXHbIX 3agady. JTOT rpad oTnuvaeTcss oT
KIacCU4eCcKMx CeTeBbIX 1 Bivke K JOKYMEHTHOMY UMW NEKCUYECKOMY .

B paHHom pabote GraphReader areHT peanusoBaH, wucnonb3ys Neodj p[ns xpaHeHus U
CTPYKTYpupoBaHus AaHHbIX U LangChain B codeTtaHuu ¢ LangGraph ons onpegeneHus areHTa u ero noruku.
[na pemoHcTpauun paboThl areHTa Mcnonb3oBanuck ctatbk ¢ canta Medium [3].

[ns Havyana pgaHHble ObInu 3arpyxeHbl B rpadgposyto B[] Neodj. OHu npeactaBnsioTcA B BuUAe
OOKYMEHTOB, KOTopble pasbuBatoTca Ha 6onee menkue dparmeHTel — chunks. OTu parmeHTbl 3aTem
aHanuaupylTcs Ans BblAeneHus atoMapHbiX akTtoB (atomic facts), koTopble SBRAKOTCA KNOYEeBbIMU
eguHNUaMn 3HaHun. [ng yny4yweHus nomMcka W KOHTEKCTyarnbHOro MOHMMaHWs BblAENSTCHA KIH4YeBble
anemeHTbl (keyelements), npepcraenswowmne Hambonee 3sHaunmmble KoHuenuuu. OO6OWee npencTaBreHne
nosny4eHHon 6a3bl AaHHbLIX NPeaCcTaBeHO Ha PUCYHKe 1.
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PucyHok 1 — OGLlee npeacTaBnenne nonyydeHHom rpadoBon 6asbl AaHHbIX

BMecToO NUHENHOW CTPYKTYpbl XpaHEHMs1 AaHHbIX (Kak B TpaguumoHHbiXx RAG-nogxopax) cospaeTcs
cemaHTMyeckn rpady, B kotopoM chunks, atomic facts u keyelements coeguHsawTca mexny cobown. 1o
nossonser LLM HaxogutTb B3aMMOCBA3M MeXay 4Yactamm uHdopmauuun. [pu 3anpoce nonb3oBaTtens
GraphReader-areHT BbINonHAET rpadoBLIN MOUCK, aHanNM3npysi CBA3M Mexay keyelements, gokymeHTamun un
akTamu, 4ToObI M3BMNekaTb Hanbonee peneBaHTHble AaHHblE. 3aTeM MONyYeHHble pe3ynbTaThl NepeaarTcs
MoZenwu, KoTopas MCnonb3yeT UX ANns reHepauun 6onee TOYHOro M KOHTEKCTyarnbHO OOOCHOBaHHOroO OTBeTA.
CTtpykTypa paboTbl NoNy4eHHOro areHTa npeacTaBrieHa Ha pUCYHKe 2.
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langgraph = StateGraph(OverallState, input=InputState, output=OutputState) st

langgraph.add node(rational plan_node)

langgraph.add_node(initial_node_selection) +
langgraph.add_node(atomic_fact_check) rationnl_plan_node
langgraph.add_node(chunk_check}

langgraph.add_node(answer_reasoning)

langgraph.add_node(neighbor select) 3

initial_node_selection

langgraph.add_edge(START, ional_plan_node™)
langgraph.add edge("r
langgraph.add_sdge("initial _node_ r _fact_ atomic_fac_check
langgraph.add_conditional_edges(

*

"atomic_ _check”,
atomic_fact_condition, *
) chunk_check
langgraph.add conditional edges( 4
“chunk_check",

chunk_condition,

"
neighbar_sslect
)
langgraph.add_conditional_edges(
“neighbor_select”, a a

neighbor_condition, answer_teasoning
)
langgraph.add edge("answer_reasoning”, END)

langgraph = langgraph.compile() =

PucyHok 2 — CtpykTypa pa6otel GraphReader-areHTa

Ha pucyHke 3 npepcrtaBneHbl pesyrnbTaThl paboTbl nonydeHHoro GraphReader-areHTa B OTBET Ha
3anpoc, BbINOMHEHHLIN C ncnonb3oBaHnem LangGraph. 3anpoc 6bin cpopmynmMpoBaH criegyrolmm obpasom:
"What is RAG?". lNpouecc noucka n oTBeTa MOXHO pa3fenuTb Ha HECKOJTbKO 3TanoB, KaXablh U3 KOTOPbIX
npeacTaBreH B fiorax BbIMOMHEHUS.

Step: rational_plan
Rational plan: To answer the question “What is RAG?", we need to identify the definition and context in which RAG is used. This
involves:

1. Determining if RAG is an acronym and what it stands for.
2. Understanding the context or field in which RAG is applied (e.g., technology, business, etc.).
3. Gathering any relevant details or examples that illustrate the use or significance of RAG.

Let's proceed with these steps to provide & comprehensive answer.
Step: atomic_fact_check

Reading atomic facts about: ['Retrieval-Augm
n', ‘unstructured data', ‘enterprisc data sources', ‘advanced cloud-ba

Rational for next action after stomic check: The atomic facts provide a good overview of what RAG is, its purpese, and its chal
lenges. However, to ensure s comprehensive understanding, it would be beneficial to read the text chunks sssociated with these
stomic facts. This will provide more detsiled information and context about RAG, its applications, and its significance in the

ted Gener

', 'Retrieval-Augmented Generatio

field of generative AL.
Chosen action 'functinn_name‘ ¥ ‘read_chunk ¥ 'ar‘guments *a [[ '19734dd18ceb44f@d8863c8a39e6e6227", 'eBbe25e339967d367b3b8eb66e1d
3gab’, 'd5aP6a641d638c30abSc9@4BecfSf@e3’, '1cBb928f63172bacchbSed9608ad983e5", 'EBE(}(ESbhF‘!?SZ?EEddQ565&&952462'J]}

Step: read chunk(e3ec3ce5bbf478375edd25deaad92462)

Rstionsl for next action after reading chunks: The current chunk provides additional details about RAG, such as the types of da
ta it can incorporate and its ability to cite references. This informstion complements the existing notes and provides a compre
hensive understanding of RAG. Therefore, the information gathered is sufficient to answer the question comprehensively.

Chosen action: {'function_name': 'terminstion’, ‘arguments’: [}

Step: Answer Reasoning

{’answer’: 'RAG stands for Retrieval-Augmented Generation, a technique in generative AI that enhances the output of a large lan
guage model by integrating specific information without altering the madel itself, introduced in & 2020 paper by Patrick Lewis
and others at Facebook AI Research.’,

‘analysis’: "The notebook provides a comprehensive explanation of what RAG is. It stands for Retrievsl-Augmented Generation, a
technique in generative Al that enhances the output of a large langusge model by integrating specific information without alter
ing the model itself. This method was introduced in @ 2028 paper by Patrick Lewis and others at Facebook AL Rescarch. RAG is de
signed to deliver timely, accurste, and contextually relevant responses by cmbedding enterprise data into a knowledge repositor
¥. converting it into vectors, snd storing it in a vector databsse for retrieval. This spproach can yield more precise results
compared to using a generative LLM alone. However, it faces challenges in modeling both structured and unstructured data within
the knowledge library and vector database. RAG can draw from various dats sources, including relstional dstabases, document rep
ositories, internet streams, and more, and it can cite references for the data it retrieves, enabling error correction if neces

sary.’,

PucyHok 3 — PesynbTathl BbINOMHEHMSA 3anpocoB kK nonyyeHHoMmy GraphReader-areHTty

Ha nepBoM Liare areHT chopMupyeT paumoHarnbHbIi NNaH Ang oTBeTa, onpeaenssi, YTo HY>XHO MOHATb,
yTo Takoe RAG, 4to 310 3a abbpeBnaTypa 1 B KAKOM KOHTEKCTe OHa ucnonb3yeTcd. [Janee areHT nposepsieT
aTtomMapHble hakTbl, cBs3aHHble ¢ RAG, Takme kak "Retrieval-Augmented Generation”, "unstructured data",
"enterprise data sources" 1 gpyrne. 3tn cdakTbl atoT obLlee npeacTaBneHne 0 TEXHOMOrMM, HO Ans rinybokoro
NOHUMaHWs TpebyeTcs JOMONMHUTENBHOE YTEHNE TEKCTOBLIX (PParMeHTOB.

AreHT BbIOMpaeT HeCcKONbKO (parMeHTOB QfaHHbIX Ans Gonee JgetanbHOro aHanu3a, W3Bnekas
OOMONHUTENbHbIE CBEAEHUSA N KOHTEKCT ANsi TOYHOro oTBeTa. B koHUe areHT hopMynmpyeT oTBeT, 06 bACHSAS,
yto RAG (Retrieval-Augmented Generation) — 370 TexHonorusi, ynydwas paboTy $3bIKOBOW MoOAenw,
WHTErpupyst UHAOPMaLNIO N3 BHELLHUX UCTOYHMKOB, 6€3 U3MEHEeHUs caMon MOLENMW.

B xope pabotbl 6bin paspabotaH GraphReader-areHT, ucnonbsywowmin Neodj, 4TO 3Ha4YUTENbHO
ynyqywmno kadectBo Retrieval-Augmented Generation (RAG). Y4yeT cBssein mexay CyLHOCTAMMW MOBbLICUN
peneBaHTHOCTb AaHHbIX, @ CTPYKTYpUpOBaHHOE NpeacTaBreHne 3HaHun obecneumno 6onee ToYHble OTBETHI.
Takol nogxo4 onTMMU3MPYET NOUCK 1 AenaeTt cuctemy bonee rmokon, Npubnuxasa ee kK JOKYMEHTHOMY rpady.
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