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Retrieval-Augmented Generation (RAG)
Prompt How did US states get their names?

Stap 1: Retrieve K documents

o Of the Aftyretates, alowen are namaed
aftar an individual parson

o Fopular names bor states, In Texas,
Ermsma is & popular baby name.

Ccalifornid was named after 4 Actional

Retriever
o island in a Spanich book.

Step 2: Prompt LM with K docs and generate
Prompt How did US states get their names? + ) E)E)
~L US states got their names from a vanety of
% sources, EBleven states are named after an
™ individuadl person (g Calformnia was named
LM after Chngtophar Columbysl. Some  states

inchy Yng Texas med Utah, are named after
Contragictory fTencan Ifln-é-| Mo information in passages |

Prompt: Write an essay of your best summer vacation

q ° 9 9 » % * My best

Qurs: Self-reflective Retrieval-Augmented Generation [(Self-RAG)

Prompt How did US states get their namas? Step 1: Retrieve on demand

Stap 2: Genarate segment in parallel

Prompt + o Prompt + 9

.ﬁ""

@ | ﬁ:J»
| Relevant | - ifrrmia's name nas it

come from persons,

Releant| 4 1 ¢ 50 zrate names
Texas 15 named
onging in a 16th-century novel

- after a Natve Amencan tibe
o Las Sergas de Esplandian I Partially

Step 3: Critique outputs and select best segment /T

> 0 m

LS states got ther names from a varety of sources. 11 of &0

4 -
3 S
- B El"n.'l:h.'.-i. — - -F
% " | Repeat.... slates Names ang come from persons e 26 states are named

T N :

after Native Americans, including Utah

Prompt: Write an essay of your best summaer vacation
b

% — I No Aetnaval r’r DBl SUMIMer VaGaton 15 Winah My .:-.I"'Ilr and | embarksd on a road tnp along
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Reflection Token

“Self-RAG7t (HIAE

#Z4MO| IO M HAM B o] ated M AHAM Ao

o, 1™ - - O, O

+ reflection token) AH-M”

Retrieve  ° &*0l EReV(7 ISREL UM EMV AR 2 =T
e yes / no / continue relevant / irrelevant
o “FE0| 8T 22 =S| SHEK ) R )
ISSUP ST e ISUSE MH™MoZ 20| L8317

e fully / partially / no support

1~5 THO| O 2R ™A
O—I1 TTO O O T
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Type Input Output Definitions

rlz,y {yes, no, continue } Decides when to retrieve with R

x,d {relevant, irrelevant } d provides useful information to solve x.

x,d,y {fully supported, partially  All of the verification-worthy statement in y
supported, no support } is supported by d.

T,y {5,4,3,2,1} 1y is a useful response to z.

Algorithm 1 SELF-RAG Inference

Require: Generator LM M, Retriever R, Large-scale passage collections {d;,...,dy}
1: Input: input prompt x and preceding generation y.;, Output: next output segment y,

2
3

FeERISDE

. M predicts [feier] given (z, y.)
: if [Retrieve] == Yes then

Retrieve relevant text passages D using R given (z, ;1)

M predicts and given z,y,,d foreachd € D

Rank 17, based on [1srer], [1sSve], [1sUsE]

- else if == No then
M ger, predicts y; given

M ger, predicts given ., y,

> Retrieve

M predicts given r,d and y,; given =, d, y., foreachd € D > Generate

> Critique
> Detailed in Section 3.3

> Generate
> Critique

1. GPT-4Z 0|28} reflection token2| HEFX| O|O|E{All (critic &+ H|O|E]) &
2. 0| H|O|E{E 0|28} Llama 2-7B 7|&t Critic ModelS &4

3. BFAE| Critic Model2 22 Ql2i-2d4 Mho|| CH3|
reflection token(Retrieve, ISREL, ISSUP, ISUSE)S 0f|&

4. Critic ModelO| 0f|=5t reflection token= 7| & hg O|O|E{0f] AFRISH
Generator eH5& H|O[E{ Al 2H-d

5. Generator Model2 it Bt yEat OtL|2} reflection token re B HESI=S ek

6. X[ MO 2 Generator= inference A0 A
24 249 THEH Z0M Z} B2 EDL 201 B Q84 BEE

A—I—
AAR Ao
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SHAl AL Self-RAG2| =2 ™

p(Retrieve = YES)

> 4.
p(Retrieve = YES) + p(Retrieve = NO)

f(ys, d, Critique) = p(y¢|z, d, y¢) + S(Critique), where

S(Critique) = » " w®s{ for G = {ISREL,ISSUP,ISUSE}
Geg

Z4AH IO A X|C}
O01 =244+-0 -1

2 20| U2t SECH 3T A 43
K| QO A 10| A FieH

=

=

Yt - oI et =3 segment

<t): Hg =&

S(Critique) : reflection token 7|2 BI} Ha

Reflection Token Scoring

s&: 2t reflection token2| H4

wC : 2t reflection token0]| F£0{6}= 7I=X|
ISREL: A4 217 154 2 =7t

ISSUP: =30| 20| 2[sH X[X|=l=7t
ISUSE: 230| RE27}
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