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(Lewis et al., 2020)
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RAG or Long-Context LLMs? A Comprehensive Study

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks
(Li et al., Google DeepMind, 2024)
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The Divine —
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Generabon: "Purgatorie” @
Query "Paradiss® iy
\ Question Generation
A HIEHE AN
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bi-encoder: BERT & Ji £ query 2}t documentE Maximum Inner Product Search
2+ 2t dense vectorE HE - LHIECZ RALE A&t FAISSZ 21002t 2 A = top-KE sub-linear time (il 2 A4
Generator (BART) End-to-End &t&
400M It 2} 0| Ef seq2seq transformer Retriever + GeneratorE = Al fine-tuning
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RAG-Sequence Decoder 1 2

A2 DA DAH0 0L DO DA L
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RAG-Sequence vs. RAG-Token
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RAG-Token Decoder 1t £

Document 1: his works are considered classics of Amernican
literature ... His wartime expenences formed the basis for his novel
“A Farewell to Arms™ (1929) .

Document 2: ... artists of the 1920s "Lost Generation™ expatriate
community. His debut novel, “The Sun Also Rises™, was published
in 1926.

o 1 C

Doc 2 1 .

Doc 3 1

Doc 4 1

Doc 5 1
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Generation/Classification

Model Jeopardy MSMARCO FVR3 FVR2
B-1 QB-1 R-L B-l  Label Acc.

SotA - - 49.8% 499* 76.8 92.2*
BART 15.1 19.7 382 416 640 B8l.1
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RAG-Seq. 14.7 214 408 442 ===
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M2iCt 2] &=: Long-Context LLM2| S &
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GPT-3.5 Turbo I 16K

Gemini 1.5 Pro im



PART 04

RAG vs. Long-Context LLM (2024)
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SELF-ROUTE &= & 2l: 2

STEP 1 - RAG-and-Route H|=:~1,500 tokens

1. Query il CHoll Top-K & 3 & A (RAG)
2. LLMOfl & 3 + A 2l M3 (~1.5K tokens)
3.5 OHXl SAl =M

A

()

!
I

20TE.
00— —
"Write unanswerable if the query

can not be answered based on

the provided text"

A et E

STEP 2 - Long-Context (2! 2 Al2}H) Hi=: ~100K tokens

Step 10{l A "unanswerable" ZH& A| O Al &H

J

MM M HAEAEZE LM M2
—LCYANLZXEGH MY
S Ao 2 18~43%8 0| SHAH &l el

(2EY X0l UAS)

OlstAHII RE+=SHIE 23!
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o ANAME

— STEP1 i &(ZE2 L2l & 31) 2= 8tH — STEP22| 2 H & & S8 (grounding, =&, instruction
following) = & JHl JH 416l O F



SELF-ROUTE A =: LcOl

46.41

SELF-ROUTE
(Gemini-1.5-Pro)

LC: 49.70 (-2.2%p)

o2y ANl 23} (Contriever retriever J| &)

M
ol

48.89

SELF-ROUTE
(GPT-40)

LC: 48.67 (204 +0.2%p)

= 82 38%

HEL=

38.4%

EZANES
(Gemini 7| &)

LCHHl e1.6% HIE &2

24 LC ds RAG 45 SELF-ROUTE EZ2 MNE %
Gemini-1.5-Pro 49.70 37.33 46.41 38.4%
GPT-40 48.67 32.60 48.89 61.4%
GPT-3.5-Turbo 32.07 30.33 35.32 (+1.7%p!) 38.9%
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HITHE D& (1): IOIEAS XA S
Distribution Mismatch - Synthetic Dataset Artifact -

LongBench B # 7k & 0, «Bench 100k — &! M| enterprise &3& Passkey EH A 0IA 2l 28 Bt & RAG B & Tt 80%
(B E = HOIKI, ZEHI0IA S)2| worst-caseS CHESHAI —4.6% % =t 0l= WX 032D} retrieval s 2L S8 llH =
%2s. =22 Z20| 24Xl productiontilA e HZE X &2 HAESHD JUAS = USES AAL Z2H A0l =
S=tal. e.

Data Leakage 0|6l 2 - Query-only RAG J}3 -

"based only on the provided passage" ZTEZEZ A X Ol =22 RAGE &Y H2| - dM - MHO| the
AN EHXICF X SH A 2| 2. GPT-40, GeminiJt Wikipedia IOl Z 2} Q! . Iterative RAG, Chain-of-Thought + RAG, 7 2| H &4
JIBHOIOIHE OI0l (& efsls Itsd. 1eel 21012 (Query Rewriting) & 2 & & RAG 242 Hl W CHAH

HEAE Olof'@ X "It 2tOIE J1H'2IXl 22loh)| HdS. ESEX @3
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O UHE HEiEh? — JAHZEE J0| =212l
If Context > Model WindowE 3 H &= 1t — RAG
If Zl&l 28 22 +H|ZE 2KHE —LC
If U8 ML+ 45 SR — SELF-ROUTE
If Multi-hop reasoning S4& Ei A3 — Iterative RAG H 72 2 R
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Lewis et al. (2020). Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks. NeurlPS.

Li et al. (2024). Retrieval Augmented Generation or Long-Context LLMs? A Comprehensive Study. arXiv:2407.16833.




APPENDIX

Table 1: Open-Domain QA Test Scores. For TQA, Table 2: Generation and classification Test Scores.
left column uses the standard test set for Open- MS-MARCO SotA is [4], FEVER-3 is [68] and
Domain QA, right column uses the TQA-Wiki FEVER-2 is [57] *Uses gold context/evidence.

test set. See Appendix D for further details.

Best model without gold access underlined.

s S B Model dy MSMARCO FVR3 FVR2
Closed TS-11B[52] 345 - /501 374 - = R EL I R
Book  TS-11B+SSM[52] 36.6 - /605 447 - = RS o

tA - - . *

Open REALM[20] 404 - / - 407 468
Book DPR(26] 415 57.9/ - 411 506 BART 151 197 382 416 640 81
RAGToken 441 55.2/66.1 455 500 RAG-Tok 173 222 401 415 ., oo
RAG-Seq. 445 568/680 452 522  RAG-Seq. 147 214 408 442 '~ 5=

Table 3: Examples from generation tasks. RAG models generate more specific and factually accurate
responses. ‘7" indicates factually incorrect responses, * indicates partially correct responses.

Task Input Model Generation
define middle BART "The middle car is the part of the car between the middle car and the nose.
R RAG-T The middle ear is the portion of the ear internal to the eardrum.
MS- RAG-S The middle car includes the tympanic cavity and the three ossicles.
MARCQ what currency BART  The currency needed in Scotland is Pound sterling.
needed in RAG-T Pound is the currency needed in Scotland.
scotland RAG-S The currency needed in Scotland is the pound sterling.
BART  This state has the largest number of counties in the U.S.
Jeopardy Washington  RAG-T It's the only U.S. state named for a U.S. president
Question RAG-S It's the state where you'll find Mount Rainier National Park
Cemex .2 BART "This epic poem by Dante is divided into 3 parts: the Inferno, the Purgatorio & the Purgatorio
-ation The Divine e w? - g e
Comcdy RAG-T Dante's "Inferno"” is the first part of this epic poem

RAG-S

This 14th century work is divided into 3 sections: “Inferno”, "Purgatorio” & "Paradiso”




avg_score

== 0.0
e= 10.0
= 20.0
D 30,0
= 40.0
= 50.0
= 60.0
3 70.0
== 80.0
== %0.0
== 100.0

. -100.0 -15.0 500 250 0.0 BO S0 5.0 1!&50
Spac — Sic

| Avg | Narr Qasp Mult Hotp 2Wiki Musi Sum EnQA EnMC

1-1 LC 49.70 | 32.76 47.83 5233 61.85 6296 4022 2073 4308  85.57

12 RAG 37.33 | 2254 4468 4953 4836 5424 2656 1951 1946  51.09

1-3 SELF-ROUTE | 46.41 | 2832 4523 5147 55.18 6268 40.66 1977 3751  76.86

Gemini-1.5-Pro  1-4 answerable % | 76.78 | 73.00 85.00 96.67 8450 81.00 5850 9350 5641 6245
1-5  token % 38.39 | 23.07 4993 3688 3297 5349 56.14 1796 4225  32.84

2-1 LC 48.67 | 3278 4454 5528 6242 70.69 4165 2192 3236 7642

22 RAG 3260 | 1805 46.02 5074 36.86 5021 1609 1997 1443 4105

GPT-40 2-3 SELF-ROUTE | 48.89 | 31.36 4799 53.17 62.14 70.14 41.69 2131 3495  77.29
2-4 answerable % | 57.36 | 44.00 67.50 9400 5250 62.00 30.00 9200 2707 47.16

2-5 token % 61.40 | 6640 7225 39.65 6579 77.05 8500 2026 7301 5321

31 LC 3207 | 2334 4296 49.19 4533 41.04 1792 1961 1473 3450

3-2 RAG 3033 | 1822 3815 4921 37.84 3516 1641 1894 1539  43.67

GPT-3.5-Turbo 3-3 SELF-ROUTE | 3532 | 24.06 3865 5207 4728 44.62 3444 1988 2203 4454
34 answerable % | 74.10 | 71.50 80.00 9133 6850 69.00 47.00 9350 5043  95.63

3-5 token % 38.85 | 20.56 55.08 3529 4870 6591 6508 1640 38.17 4.50
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Figure 3:

top-k

Trade-off curves between (a) model perfor-

mance and (b) token percentage as a function of k.



