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NMOYEMY LLM HE MOXXET BDITD BES3 RAG?
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LONG CONTEXT WINDOW VS RAG

3ayem cenyac Hy*eH RAG, ecany
MoaesIen YKe KOHTEKCT Ha MUIJTIMOH
TOKeHOoB? [laBanTe NPOCTO NONOXKUM TyAa
BCE JOKYMEHTHbI.




LONG CONTEXT WINDOW VS RAG e ——
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Mud o “0eckoHe4YHOM KOHTeKCTe™:
e Lost In the middle
e LleHa u latency
e MacwTabnpoBaHue




SBOAIOLINA APXUTEKTYPDI RAG
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Naive RAG

Advanced RAG

Modular RAG




Agentic RAG — utepaTUBHbIN LUKN
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MCP [MpDEL CONTEXT PROTOCOL) — KAK

HOBDIN CTAHAAPT VHTEI PALIUN RAG B
ArEHTHDbIE CUCTEMDI

Ha npaktnke — Tpwu

ok apdhekTa:

e YCKOpeHue
MHTEerpaumnn
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retrieval-cnos
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e EAQMHaA nonnTuka
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BE3O0INACHOCTD AOBEPVE U
KOHTPOAD RAG

Korga paHHble He MOryT NoKuaaTb KOHTYP:
e NepcoHasibHble AaHHble, KoMmMepydeckada TanHa, NDA;
e OTPAcC/IM C XXECTKON Perynatopukon ( roccektop, meanumHa,
doMHaHChbI, TE/TEKOM);
e BHYTPEHHWE NHUUAEHTbI, YA3BUMOCTW, 6€30MacHOCTb.



GUARDRAILS: 3ALLIMTA OT PROMPT-
MHDEKLIMM U HEl ATUBHDIX TEM

01 Direct injection 04 Prompt leaking

{0 2 Indirect injection 0% Multimodal injection

[' 3 Jailbreak [' G Cross-Tenant Leakage



GUARDRAILS: 3ALLIMTA OT PROMPT-
NMHDEKLIMM U HEl ATUBHDIX TEM
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OBSERVABILITY AAH RAG

LInTnpoBaHmne ncnosib3o0BaHHbIX ICTOYHUKOB

KOraa Ha4anacbe BTopad MHUMpoBan

)

| JJ YMHBIW NOUCK NO AOKYMEHTaM

1 cenTabpsa 1939 ropa.

HMcTouHMKK:
1. BceobBuwan nctopwa_10 knacc
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METPVKW OLIEHKW RAG
N2 N2

Recall@K Answer Relevancy
Precision@K Faithfulness / Groundedness
MRR (Mean Reciprocal Rank) Answer Correctness
NDCG@K / MAP Context Recall

Context Precision
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YMHDbI MOUCK MO AOKYMEHTAM
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Cnacunoo 3a BHuUmMmaHue!
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