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Discriminative Retriever + Discriminative Reranker + Generated/Synthetic
Training Data - LLM Enhanced IR

Discriminative Retriever + Generative Reranker 2> LLM Enhanced IR

Discriminative Retriever + Discriminative/Generative Reranker+ Generative
Reader - Retrieval Augmented Generation (RAG)

Generative Retriever (+ Generative Reranker+ Generative Reader) -2
Model-based IR (Generative Retrieval)

Reranker Reader [
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[Submitted on 14 Aug 2023 (v1), last revised 19 Jan 2024 (this version, v3)]
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Large Language Models for Information Retrieval: @ﬁ !,.-_:'!IL[B
= g ghigh RN N
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=gl et e
Yutao Zhu, Huaying Yuan, Shuting Wang, Jiongnan Liu, Wenhan Liu, Chenlong : -I]':!Eu 1.'.I'I|—_it-:'lii.lu:
Deng, Haonan Chen, Zhicheng Dou, Ji-Rong Wen E] ;II-IIIJi-II:IE"I_

LLMZE %] % IR & 4 09 3 A~ 404
@ &4 5% (Query Rewriter)
@ #% %% (Retriever)

BEFRAENE ERRT X EE

:r Traditional IR Components

u . Candidate Selected
@ 'jif«ﬁ]i/%é (Rerar?ker) Q New Query Documents Documents
@ Wik ARG er)

Q) Query, (1) ! : '
: Rewriter Retriever

Q. Query, AN SO SO

Response;

Response;,
Z Large Language Models © Response
Q query, L ChatePT  OQLLaMA  (GFlan-T5 (9 6LM () BLOOM
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Few-shot prompt ~

Example 1:

Document: ...If you are pregnant, limit caffeine to 200
milligrams each day. This is about the amount in 1% 8-
ounce cups of coffee or one 12-ounce cup of coffee.
Relevant Query: Is a little caffeine ok during pregnancy?

Input (context) Prompts &

Document text

Pseudo Question Retriever Retrieved
Queries Passages

[ Write a passage to answer the given query:

Query: what state is this zip code 85282 ] LLM-based
NX | Passage: Welcome to TEMPE, AZ 85282. 85282 is a rural zip code in Tempe, Example N: » Filter Relevance
Arizona. The population is primarily white... Document: Passiflora herbertiana. A rare passion fruit Estimator
native to Australia...
Query: when was pok 1 green rel d? Relevant Query: What fruit is native to Australia? Q u e ry
fes r c Filtered Soft Relevance
v Example N + 1: i )ag(‘ Relev?nt Labels
Document: {#Document} Queries
[ Large Language Models ] RAEEE @I
v L )

Pokemon Green was released in Japan on February 27th, 1996. It was the
first in the Pokemon series of games and served as the basis for Pokemon
Red and Blue, which were released in the US in 1998. The original Pokemon
Green remains a beloved classic among fans of the series

———(Geroshotpoms }———— & mx th & 14)15)

Write a query answered by the given document. ‘

Augmented
Training Corpus

Augmented
Training Corpus

& R E

Generated
passage

Document: {#Document}

< Query: .
v L ) Framework of pseudo query generation

[ IR systems ] */\ ',%?
ki O

Framework of relevance label generation

S0 2k B3R A& AR

Prompt
The following are documents related to query #{query}.
[1] #{document_1}

Document: #{document}
Query: #{query}
Does the document answer the

query? Rank these documents based on their relevance to the query.
!
Output Output
Yes / No ] [ [2]1>[3]>[1]>.. ]

(Relevance Generation) (b) Listwise method

oo ) Cromer )

Please write a query based on
this document.

Document: #{document}
Query:

Given a query #{query}, which of the following two documents is
more relevant to the query?

Document 1: #{document_1}; Document 2: #{document_2}
Output Document 1 or Document 2:

)

Output
#{query}

utput
Document 1/ Document 2 ]

(Query Generation)

(a) Pointwise method

(c) Pairwise method

R KRB EH
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" Doctliment Query
A . . ranking: suggestion:
‘ﬁi INTERS: Unlocking the Power of Large Language Models in Search & B%: oo || Quens sus
. . . re-traini Zero/Few—shot
with Instruction Tuning ﬁm [ 133: -+ | search tasks -
sually contains Performance «
Yutao Zhu', Peitian Zhang!, Chenghao Zhang'?*, Yifei Chen'*, Binyu Xie' O)F I'-'-" i- (o) e glege / L
Zheng Liu®, Ji-Rong Wen', and Zhicheng Dou'! "l, | vy 1l ot o, (ST " 19 o
1Ga(}ling School of Artificial Intelligence, Renmin University of China I l A .'.-|l|'_|'|.| tasks) SFT with INTERS can get better result
2School of Computer Science, Beijing University of Posts and Telecommunications - |ll |I : |!"'I|il'
3School of Artificial Intelligence, Nankai University, “Beijing Academy of Artificial Intelligence @ ety h
yutaozhu94@gmail.com, dou@ruc.edu.cn

Figure 1: Compared with existing datasets, INTERS is
designed specifically for search tasks.

Yutao Zhu, Peitian Zhang, Chenghao Zhang, Yifei Chen, Binyu Xie, Zhicheng Dou, Zheng Liu, Ji-Rong Wen:
INTERS: Unlocking the Power of Large Language Models in Search with Instruction Tuning. ACL 2024
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\ )2 Query description Query expansion Query reformulation Query intent Query clarification

o IR/EE— %éj ;:( (4 datasets) (7 datasets) (5 datasets) classification (4 datasets)
( eov2 )||( eovz2 )|[( cooec ) bl
— 3/]\/{.}_-X % _g (" tRec-Robust )| | TREC-Rabust )| [ arecc ) —_""RCAS‘| ——lecs-nuu
7 Eé ( meccovo )| |[(_ TReccovio )| [(  canarp )
S Ed e )| e | e==»

= = :

~ 1)L 7 a 5 ( Query2Doc ) ( GECOR ) Subtopic generation = =

. KA il b = g
e AOL

L

TREC-Web comprehension

[
]

Climate-FEVER

Document
Understanding

e
[
it

SciFact

|

iy

) L #% 3 Z MSRP
* H - RA) J
H90)- AL X R I -— e | ——— L=
_ 20 /]\ /T% % ~ B )| Summarization m (2 datasets) —9(3 datasets)
CoQA
CNN/DM CWT) FEVER
WikiSum (__Msmarco ) B Climate-FEVER
3 X |} /\ 20 ; }k’ 3 ( - ( BoolQ ) reranking 2 :
¢ }]i% i , * LJ }%;} ~ ,i }1] )IE%% % Argument reranking XSum (2 datasets) Supporting
% a -? /"}} ‘L A B (2 datasets) evidence reranking
(3 datasets)
> 4= 2 A \
« HITRERR SN
J\/fT 2 N L — 77

A

Bio-medical IR
(2 datasets) Article reranking CQADupStack

TREC-COVID (1 dataset)

1 dataset
HotpotQA

Touche-2020

(4 datasets)
FEVER
— 43 HER
£ e .
Ml News Dupkcate auesion SaFac
N

I

-
AN

ArguAna

Passage reranking NFCorpus
(1 datasets)

Query-Document
Relationship
Understanding

I I 3

DEPedia =

MS MARCO

rI

K

Yutao Zhu, Peitian Zhang, Chenghao Zhang, Yifei Chen, Binyu Xie, Zhicheng Dou, Zheng Liu, Ji-Rong Wen:
INTERS: Unlocking the Power of Large Language Models in Search with Instruction Tuning. ACL 2024
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Raw data Templates (e.g., for CANARD) n-shot examples (e.g., n=0) Task description
Context ntext: {context} The guery reformulation  task -
Q: when did april and Jue {query} enhances user-input queries to be
jackson move in... Pleast eformul Jue more explicit and comprehensible
A: In the aftermath of the based on t for search engines... o
shooting, April... ETFREREr Bet: 2 Context: Q: when did april and

- E ; Template 1 jackson move in... A: In the

Query I reational lestion aftermath of the shooting, April... INTERS
what season ansmering sy  thi estion Juery: what season

- rL|LIl:'"'-,-'-_:~' . The 5 B F i
Reformulation 4 P Bttt
what season did april and
jackson move in...

Template 2 ~
(1) Data collecting & preprocessing (2} Manusl writing & GFPT-4 refinement (3) Template filing & length filtering (4} Exarnnleg.

proportional mixing

. BRIk E

— ABNMESFF—AMESF B = F I LA ST R AR U

— AEANBREEFBI2NERFFJERERR = 3 i 4 % A
. HBIER

— ARG Hh R AR AR BB AR

- #3£{0, 1, 2, 3, 4, 5}-shot#y #4& ->Demonstrations

—  JL Pfew-shotit K& A 50%EE 40 ), S50% MW F ALK AE = 38 uig 4 % 450
T = 11 DA

—  RRAZIEPIRES % = b BIES KRS 250 %
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1) INTERST AR ST A B A& £ RS Logieit = INTERSH kg bt /) 2 B &5 1+
2) RT 2 XMRAUGES KT R0 EE RS> KABRABF R a2 T 5
3) #MiAB, HHoits LIBEA THRARTBEA G = Jo R RM4F 2245, &R DR AT

14 > . N
R — ARGy E
60.00 +—
e 46 46.29
42 83 43.78 43.56 44.05 4351 44.85 6.11
40.00 +
2000 +
0.00

Query Understanding Document Understanding Query-document Relationship Understanding

B Falcon W INTERS-Falcon Minima B INTERS-Minima B Mistral B INTERS-Mistral B LLaMA-Base B INTERS-LLaMA-Base LLaMA-Chat B INTERS-LLaMA-Chat

1 A A+ B R~ e A kAR AINTERS E# 4748 Falcon-RW-1B, Minima-2-3B, Mistral-7B, LLaMA-2-7B (Base & Chat)
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XA B A oy iz AL

1)

R —ANEA L SE, B AKEAN ERR TR (e
WA, AZRTNNED AR RS = REAEF RAALD T HI)F

3] &9 4E F

A 5 BA By 2 A

BiR—AMESE, ZEFBERTHR (e fBEEHA) 248

3T T A0 &

5#AS AL 540 KA F- sk T 1§ = R A &35 52 Ui,

HARREFZ 82 7 £ Z A% v

HAEF BA| 02 A

BRETFRIEESE, BULTREEEMETHE GRAREE
R, A2 ALAF TR %

e BEERILTDNNEATHET

EBRASRBEZRAEFOBREZE TG > B AL LT BEL
ZACKE, AR HFEREETR, ZAKA R, BLAREHHEE

CQusery Intent CQluary Fact Verfication Summarization  Passage

(a) Performance of removing different task groups. We use

“Q”, “D”, and “R” to denote query understanding, document

understanding, and query-document relationship understand-
ing, respectively.

B NoFT | INTERS (Full) wioQIC M wioFv [l wioFR

OOOOOO
Qusary Intent Cluary Fact Verfication Summarization  Passage

(b) Performance of removing different tasks.

| | ]
1.00
0.75
0.50
0.25
0.00
OReCC (RM)  CANARD

(c) Performance of removing different tasks. “RM” indicates
the dataset is removed from the training set and becomes
unseen during test.

TE| f] wio several datasets
ews

XSum (RM}  MultiN Quora (RM)  MS MARCO
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) xERRREE (RAG)

« KBRUHFAIRL £, RAGRRE;F RBEREREWAH LR

BT FReATEwFR g’

BENE—TEEATEEER

c _ . HET 9 BRNENSE: v
BEiRATEFZEE (Gaoling School of Artificial Intelligence) EdtFEAZETES—2E, AT

2019548, EFRBIIFAFSRAEFEAEREE, SEEMATERABNESERSNAS
B, ERATEREASHESESFNEERS.

SEATEEZREEVFEARAETEN_AZR, HEABFMIEARCEO. BERZRE. FE
ABAERERRAERBEXIFRIRE, 2RMIF20195F1819H, EERBEATEEERNONUS
iz, ARAERAEXZTRERGENA, M. WATEFIRERRIE,

L = T;r‘,q e . =N

shesi R PR FRENESEITE—MEBENNEERFEATESERNM R —HER, HERBEHAEHEE
MARE FFE, EATEFEMBEEF—MMNATEREREER. 1TEN. BEMHAEHRNATE
BEEIE AR ASCH B A TEEFES.

1. ES: EEATERRFaRESE, PERNEEENATEEREIImA, b5
FEEATERENESFFz—, SSFNYSENR—SENER.

2. &1 FirEltFEAFIEEETEFEE L, SRETEHE —FBRAENREEEER
8], WATEREREEENITRiEE.

3. WisedlE: FROARTEERFEET ATESENS M AE, aFVESES, tEME, BHES
IHE, EREAE.

4. AA S FRrILTESFESUFEEIERON A TERARAS, SiteEFaRERE

SEATEREFRES SRR, BKE. HiRE. IS REAH, BATRRER—RHAT
B, BAFRNERSNONESN. FREATEEEMEIRNEBRTRA DRI HEN
ML, 2022F¥RMEAEBEEG M AR (SRAFTARE) CCF AXKIRN9R, HEHEKIE
SRESENAAEMITT EEH. FRANRRERR.

FRETERESE, SEN. PEKE. RFERVEZTHADESEDN, FERSUMRSE

AAZE.

5 PRl s: FiREESHEUFRHSE, EaRERROELEER, BFFEFH—REER.
6. Blr&iE: FRBETEERZERSSE, SHRSHASAFIR=IMEEL 7 &iE=E, #

RIE= A T ERERARERE.
AR FREEIIIEE, MTHESREREERNATERRSIINFEEEEEY, &
BTEANEERIEHNERES.

FEATERFRERCEFEEATERTEARN— EEEEE, T hEm=—fksEitE
AR OMRD,. BEFRNERTER, JLURRGEEA TSI STNESEER
SoERIEHE.

afe. k4 FRARRBEER, SNEARFIRAZTENAFERUL2{UKENE, H#x
R RIENASRER, REME, MFFREERESEAR. ZEFCETAZEEI—RER.

EATIERAH, PHEEAZARREFNRL, R THFME—FLIERAE, ATFSFRFHE
RANASHREAERE., FRETERAANEENRLVERAT, BMELREAXMEEEH
EitiRiE, #FEINGRERHAR,

SEATEEZREMNEVER VRS —R, 2023@FEWAFHIWIFEIR100%, HPR50%04 FFFHE3S5
B, BlERAR2UuFEER—REH, STHEEERTUAKRBERT, 21%EFLTRELR
8l, 10%RIRZEEENS R,

FREALIREBFEHTHSNZXEMAMTN, RIAIEFEARAZEATHEMEN—R
EEHRR, ¥THDEEATER2ENMRREEEENL,
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How do you evaluate the fact
that OpenAl's CEO, Sam Altman,
went through a sudden dismissal
by the board in just three days,
and then was rehired by the
company, resembling a real-life
version of "Game of Thrones" in
terms of power dynamics?

User >

Output

e -

-

...l am unable to provide comments on
future events, Currently, | do not have
any information regarding the dismissal
and rehiring of OpenAl's CEO ...

~
~
-

Question :
How do you evaluate the fact that the
OpenAls CEQ, ... ... dynamics?

Chunk 1: "Sam Altman Returns to
OpenAl as CEQ, Silicen Valley Drama

. L T : Resembles the "Zhen Huan' Comedy"
...This suggests significant internal

disagreements within OpenAl regarding
the company's future direction and

Please answer the above questions

based on the following information : Chunk 2: "The Drama Concludes? Sam

: el ; hunk 1:
strategic decisions. All of these twists ghE:k 5 A“""?ﬂ to Return as CEO of OpenAl,
and turns reflect power struggles and Chunk 3 : Board to Undergo Restructuring

corporate governance issues within
OpenAl...

Chunk 3: "The Personnel Turmoil at
1 OpenAl Comes to an End: Who Won
\ and Who Lost?"

Combine Context
and Prompts

Retrieval-Augmented Generation for Large Language Models: A Survey, Gao et al., 2024

e N L HE

Gaoling School of Artificial Intelligence

b
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SlimPLM
ACL 2024
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Response;

{ Prompt,

Conversational Context

r

LLM-Embedder
ACL 2024

_LgrﬁTﬂdJ! Response, Response,
Iy =1l
docbaian e
. RAG-
p)
Search required: LLM ]7*[ T
( 3 3 3 3 \ No
Query Decomposition & Rewriting [«
. J
[ Knowledge J
Query, ] [ Query, ] [ Querys; *
Intent Understanding
Engine
A\ 4 A\ 4 A\ 4 A\ 4

Yes
Results helpful? Rea

Retrieval Engine

4

A
RAG Engine
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BIDER,

CFIC,
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One Token Can Help! Learning Scalable and
Pluggable Virtual Tokens for Retrieval-Augmented
Large Language Models

B —Atoken:i#% FLLM A RAG A

Gaoling School of Artificial Intelligence, Renmin University of China
Yutao Zhu, Zhaoheng Huang, Zhicheng Dou*, and Ji-Rong Wen

Paper: https://arxiv.org/abs/2405.19670 5%
Github: https://github.com/DaoD/SPRING
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o RAGAMRE KRB FEM, BFHME, HUCEFPAGHERXTFHI—
LA MRAG for LLM# 7 &R 7 #F
= KX TFTRTIA42 (prompt-engineering) #9775 ik
O v YA fl TAEATLLM
O 3 R Mk BARM TR 709 = AR LLM 2 fif $2 77 69 Ak
o A TN Tk (I or #408)
OB PAT, BE R REH AR (T4 APEFTZ &M &)
& £ 5 TRAGH %) 7T fe %5 v JR A5 LLM &9 A
o AL EIIEEBLLMAIRAGHR A8 R85 LR k558 1 ?
sStFOLHENLLMAL A £ 2!
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Retrieved results Input A
(6 %‘é (6 %& Prompt |
RAG: Q- — [ Q - LMBE B Added Q- ~>[=] : [ HAE
LLM tokens LLM Tuning !f
General: Q— —»E q LM - B Q - »a SPRING i,
(1) Prompt-based (2) Tuning-based (3) SPRING Performance comparison

o AKREREZERHRE PIANZNEIENT F I E token
- BAMBENT A
— THAME (RER)
— BB ER
_ BB

«  SPRING: Scalable and Pluggable ViRtual Tokens for Retrleval-augmeNted Generation ( “7%
&)
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Scalable
| Sequence = [R; ty, tg; Q]
remmmmmmmmmmnm e

Retrieved Results ty ts unused ] Question

< <M g Sequence = [R; ty, tg, to; Q]

R .-

Retrieved Results | ty ts to, unused J Question

< WMWW> =| Sequence = [R; ty, -+, t ; Q]
Retrieved Results | tx  tg ty, tg b Question

unused
R Added n Trainable Tokens for RAG Q

*  psprinG = [ Pos(ailR; [t1, - ta]; Q)

o AN F I ERitokens, 5 AFAIFAES € R, dAHLLM#embedding kv (7b#44,096)
« V4504 tokens A ], FIL A AH50 X 4,096 = 0.2M

¢ BALEMRE (1) TiHRAELER (2) QY 4K A4
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Rt & BliEBIH

Scalable
<—CM5—>| Sequence = [R; ty, tg; Q]
remmmmm e

Retrieved Results ty ts unused J Question

<> g Sequence = [R; ty, tg, to; Q]
R —

Retrieved Results | ity tg o, unused ] Question
WW> >| Sequence = [R; ty, -+, t; Q]

Retrieved Results ty tg ty, ta t Question

unused
R Added n Trainable Tokens for RAG Q

o REAE R ATk(k < n)/Mtokensi#t /79 %%, HAtokensA~
o EAREA A A AIEF kM tokenstYFH B T T AR RAGHE 4
o« ERAGHY =T Vi€ Pltokens#2 1R, LR A RAEAER
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[ ]
def add_special_tokens(model, tokenizer, new_embeddings):
# get original LLMs’ embeddings
Original vocab Added tokens Question e T
embedding_weights = embedding_layer.weight
) <s> 32000 [rl] Retr.iever. <« q original_vocab_size, embedding_dim = embedding_weights.shape
1
vL | # initialize special tokens and add them into the vocabulary
1 </S> 32001 [I"Z] : added_tokens = [f"[ref{i}]" for i in range(l, 51)]
Passages R 1 LLM (1) tokenizer.add_tokens(added_tokens)
] 1
1
R ’_// 1 # add trained embeddings into the original embeddings
31998 t 32048 [I"49] g i new_vocab_size = len(tokenizer)
4 new_embedding_weights = torch.zeros(new_vocab_size, embedding_dim)
31999 % 32049 [r50] [ R [r1] .-- [rk] Q ] new_embedding_weights[:original_vocab_size, :] = embedding_weights
X | new_embedding_weights[original_vocab_size:, :] = new_embeddings
\i/___________________________A embedding_layer.weight.data = new_embedding_weights
return model, tokenizer
(1) Add special tokens and (2) Retrieve, append tokens, new_embeddings = ...
. model, tokenizer = add_special_tokens(model, tokenizer, new_embeddings)
merge embeddings then generate (2) added_tokens = [f"[ref{i}]" for i in range(1, 51)]
added_tokens = "".join(added_tokens)
retrieved_results =
question = ...
input_text = retrieved_results + added_tokens + question
# using the input text for generation...
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o S PRIN G A ;g— ;}%«ﬁ- RAG 5’&; % with Retrieval without Retrieval

Dataset Metric Concat Prompt Prefix LoRA SPRING Concat Prompt Prefix LoRA SPRING

° L ORA /(_ﬂ"—RAG ./;i % l ﬁé\ ﬁ% ’ {,E—'- ,L)]] Tuning Parameters 0 0 02M  4M 0.2M 0 0 02M  4M 0.2M
Tk EM 000 5779 1174 6276 6571 001 3990 000 003 46.56

. . Fl 65.60 8033 5997 8544 8526 6396 6972 2830 3491 74.48

é’ﬁi F’Q ]EJ /i'; 3% ]f_}_ n()n-RAG é’ﬁ i}‘) ',% NO EM 0.00 2899 13.04 4795 4235 000 1336 000 000 18.80

Fl 4177 5872 3822 7415 7073 4374 4863 1774 29.10 55.75

. N . EM 000 2636 579 3995 3526 000 1707 000 003  20.15

(fj’ ,ﬁ/L 2 ) Fl 4491 5615 4259 68.93 6544 4754 4950 1745 2757 54.79

SQUAD EM 000 2392 7.9 3571 3367 000 861 000 000 1271

Fl 4305 5766 3975 68.05 6699 4332 4681 2188 2751 53.58

= P g > s EM 000 1753 444 4365 3184 000 1479 000 000 2495

° ’f‘ 5 Promptﬁﬁj K f(jﬁ f&; éﬁ 73 = WebQ Fl 3746 5210 3155 7199 6478 4434 5060 20.14 3236 59.83
— EM 0.00 2264 438 3593 3180 000 2345 000 001 24.62

P Rl N Iy ); . 5 i Fl 4777 5558 4182 6385 6203 5283 5355 2114 3709 56.83

° S G n] % ;}FE«H— }T ;ﬁ ;l: 6, EM 000 820 156 1289 1328 000 859 000 000 9.96
’< X = r Coa Fl 2798 3672 2002 41.19 4241 3297 3658 13.15 1899  39.96

EM 000 573 060 813 657 000 256 000 001 209

ﬁ]"é é 2 ft'{ R "j‘ ) MSMARCO o 5644 5381 5056 5481 5348 4950 4775 4744 5244 5141

> PopQA EM 000 3979 10.02 47.15 4871 000 1605 000 000 2025

Fl 56.49 6826 4454 7312 7390 5361 5485 2039 2509 58.32

° - / ~/

° \ 5’&; % E‘ EM 000 2566 653 3713 3435 000 1604 1431 001  20.01
PI'GﬁX tunlng A ZE‘:- ’ Avetage Fl 46.83 5770 41.00 66.84 6500 4798 50.89 23.07 3167 56.11

SPRING#9tokends Nz & £ Jma~
b3
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o  MALLMAEIE . ¥, Rien

o  SPRINGT WA L. 34K R 3542
A, FRIBER G ) OH KRG
e LoRA % it 1A 54,

JSRE: AR

ki

Dataset n-shot LoRA SPRING  Diff
BoolQ 0 79.30  82.97 3.67
CommonsenseQA 0 55.45 63.80 8.35
CommonsenseQA 4 59.87 67.07 7.20
GSMSK 8 17.33 31.89 1456
MMLU 0 51.30  53.62 2.32
MMLU 5 48.76  54.96 6.20

o X7 kAR 6 & AR b

« LORARRBEE 5 RT3 B AL 694~ B4R 4F RATFAE

71, kA E H AR

Prompt 1:

According to the previous relevant passages, please an-
swer the following question. Only return the answer
without any other words.\n

Prompt 2:
According to the previous relevant passages, please an-
swer the following question.\n

Prompt 3:
Answer the following question based on the provided
passages.\n

Prompt 4:
(None)

80.00

T0.00

60.00

50.00

40.00

30.00

20.00

10.00

0.00

uLoRA-EM w=LoRA-F1 GLSPRING-EM L SPRING-F1

C \\. ‘ .'\.- ]

\ N \ \

N N N N

N N N

AN AN N

N NN N

3719 :S 8 \\\ 1 NN :::

o RN N RN 3438

7 N %\\ 226790 4N B N

N N gl I

-/;_\: ﬁr;: AN . 41 N

ZIN ZIN AR N

| | ﬁ_\j:\ ] ,4\\_; BAN W AN

%‘:‘\_\' g':?: é RS % N

| 71N | 177N AR | 4
Prompt 1 Prompt 2 Prompt 3 Prompt 4
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o MEHET VAR A B ltoken2t 2 3E m 3K AF AR S
e Z U1/ tokenBp T3 HLLM#RAGH /!
o & H B & 504 token®y | % > iU EE 50

M ERS0AS, B2 T 2 | 4 75 i

token B AT & 4F = R

50 +

40 +

30 +

20 +

10 +

—o—SPRING-EM —#

SPRING-F1 =—#&—Fix 50-EM

# Virtual Tokens

—a#—Fix 50-F1 = = Prompt-EM = = Prompt-F1
48,26 4648 47.10 48,11 48.82
29,97 ' - &
17.86
1539 ..o 4397 15.13 16.04
0 1 3 4 5 10 20 30 40

50
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RERESHENTN

Prompt SPRING
¢ SPR'NG gfi/f‘a '—‘fi éﬁ;}%ﬂ- ) 75\‘%‘ ‘E @#&I% ég éﬁ }‘i’f)C'Ti Retriever EM Fl EM Fl

" BM25 2123 5494 3094 62.73

s s v e 2

+ AL FPromptirik, SPRINGH % BMMELE Mo 20 on o o
" ES-large  25.66 57.70 3435 65.00
7}%‘ Average 2358 5640 3261 63.92

Variance 2.69 1.02 1.75 0.78
o KAk Me5-larged| %, SPRINGA: 25T YA 2 BM25#:
TR LA BIFHRR, RALEIT B S S S
o BENKETBVE KL, LFEEZH V| 4SPRING ! e L

® ﬁ?éﬁ%%%#ﬁ%; 4-?‘{ % éﬁ ( % %4/]\) ﬁ?éﬁ% 3 34.35 34.71 34.ho
—EJ‘ ﬁE g] }\U%’%}EE 20/o3 Y, vipeie it “mor | mb

# Retrieved Results
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« KBRZRR, FHMQ, FeEATE)=A4F

T,R,Q]  SPRING  [R,Q,T)

12 8 X & EM Fl EM Fl EM Fl

— [T, R, Q] — Prefix-tuning TQA 11.74 59.97 65.71 85.26 64.90 84.65

~ [RT,Q]-SPRING HOA 570 4250 3525 6544 1400 6427

- [RQT]- KA Wb 444 3153 31.84 6478 3135 6484

*  Prefix-tuningX KM £, 5FR&LIH, ;2:331 156 2002 1328 4241 1230 4118

MS MARCO 0.60 5056 6.57 5348 6.94 4940

ARAGHE %5 2145 3] B 697 PopQA 10.02 4454 48.71 73.90 46.55 72.33
o /&*}%}}$ }\)&_«7?]_ E'L.),l(} &{i% ,Lg_ WZ‘J}'\]"T’ Average 6.53 41.00 34.35 65.00 33.77 63.97

SPRING , 9T 7 ﬂ—:SPRINGﬂ'%% 7 =R

5 & A FZ 0%




{ FlashRAG: A Python Toolkit for
Efficient RAG Research

& arxiv.org/abs/2405.13576

benchmark datasets
large-language-models

retrieval-augmented-generation

Readme

MIT license

Cite this repository
Activity

Custom properties
798 stars

7 watching

SO T G P~ i =

59 forks

FlashRAG:

FlashRAG: A Modular Toolkit for Efficient
Retrieval-Augmented Generation Research

SN LRHE

Gaoling School of Artificial Intelligence

Jiajie Jin, Yutao Zhu, Xinyu Yang, Chenghao Zhang, Zhicheng Dou*
Gaoling School of Artificial Intelligence
Renmin University of China
{jinjiajie, doul}@ruc.edu.cn, yutaozhu94@gmail.com
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FlashRAG: HESIIRAGHZHNTES

« B
— RAGARA%AH X%, FAXARMEAEERRLTARSHEALE LA TAZEAL
— IARAGIAf# ) —ay L IAELR, TR E IIE AN JF L L A-F ik
— @A #9LangChain, Llamalndex5 T B &3 % 5 22, EVAH L ZHFH T E K

. A4k
— BEBRMRAGIEE, e2hEH. £ARE. HEEF A, IFaEX
RAG/}IUﬁi

— BATSEII2ARAGIAE, Y BMNAREXE TR LR
— B 32/NMRAGIAEF 7 A *i#}%% FIAE % —4& X

— s MmIir A, 042 WikipediafA&E 5 53k, %3 HE. L ERXM A
%‘—?
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. . [—33 '}‘;’ : )Y e 4
o T A AL 44 Z Pipeline 52 AL % FIRAGIHAZ
\‘\’ X 'ﬂ’ﬂ ¥ :
« B E324F W R HAER
Z ¥k + 3 lﬁ > N N
R EBAETEEGHENFRR
Environment Config File J [ Parameter Dict ] [ Evaluation Module
o P
4 N DatasetZoo CorpusZoo i
Question Multiple Dialog [ Wikipedia p
Data Answering Choice Generation s
< = processing
[ Entity [ Fact ‘ MS MARCO J Seripts
Linking Verification Datasets
.9 Z NS : o
's Y £ Fios e
—— Sequential Conditional Branching Iterative | .
L Pipelines ) Pipeline ] Pipeline } Pipeline Pipeline Lodp Eipeline
e \ a Generator Refiner \\
Decoder-Only Encoder-Decoder Extractive ( Abstractive RECOMP
Generator Generator Refiner Refiner Refiner
Basic [ vllm Generator J [FastChat Generator [ LLMLingua Refiner ][ Seleu;\weComext J
efiner
Components 4 %4
( Retriever h Reranker Judger
BM25 Embedding T5-Based Cross- Embedding
[ Retriever ][ Models ][ Encoders ] [ Encoder J [ Models ] [ SKR Judger }
/@ =4 &

Task Dataset Name Knowledge Source # Train #Dev  # Test
NQ [38] Wiki 79,168 8757 3,610
TriviaQA [39] Wiki & Web 78,785 8.837 11313
PopQA [40] Wiki / / 14,267
SQuAD [41] Wiki 87.599 10,570 /
MSMARCO-QA [42] Web 808,731 101,093 /
NarrativeQA [43] Books, movie scripts 32,747 3461 10,557
0A WikiQA [44] Wiki 20,360 2,733 6,165
WebQuestions [45] Google Freebase 3,778 / 2,032
AmbigQA [46, 38] Wiki 10,036 2,002 /
SIQA [47] - 33410 1,954 /
CommenseQA [48] - 9.741 1,221 /
BoolQ [49] Wiki 9,427 3,270 /
PIQA [50] 2 16,113 1,838 /
Fermi [51] Wiki 8,000 1,000 1,000
HotpotQA [52] Wiki 00,447 7,405 /
. 2WikiMultiHopQA [53] Wiki 15000 12,576 /
Multi-Hop QA Musique [54] Wiki 19938 2417 /
Bamboogle [32] Wiki / / 125
ASQA [55] Wiki 4,353 948 /
Lot megs ELIS [56] Reddit 272,634 1507 /
MMLU (35, 36] - 99,842 1,531 14,042
Truthful QA [57] Wiki / 817 /
Multiple-Choice HellaSwag [58] ActivityNet 39,905 10,042 /
ARC [59] - 3370 869 3,548
OpenBookQA [37] - 4,957 500 500
Entity-linking AIDA CoNLL-YAGO [60, 61] Wiki & Freebase 18,395 4,784 /
WNED [62, 61] Wiki / 8,995 /
Slot filling T-REx [63, 61] DBPedia 2,284,168 5,000 /
Zero-shot RE [64, 61] Wiki 147,909 3,724 /
Fact Verification FEVER [65, 61] Wiki 104,966 10,444 /
Dialog Generation WOW [66, 61] Wiki 63,734 3,054 /
Open-domain Summarization®  WikiAsp [67] Wiki 300,636 37,046 37,368
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User query

Query Classification
X Retrieval
(Rewe | <> T | [ Retrioval }—
i | | :
i o o I g T e inin oo gt : [ Doc 1 J [ Doc 2 } [ Boc N I I Generation-
Retrieval : Custom|Pipeline ¢ Pipeline : : BB : e j p———
| § 4 :] E : ! l l i Parallel enerate retrieval
! ! : Generate ! i | Generate ] | Generate ] | Generate ] : Claristibion
Refine i - | i [ E
: i E E R S ' Judge
Generate E i i E
e |
Sequential Pipeline Conditional Pipeline Branching Pipeline Loop Pipeline
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Method Optimize Pipeline NQ TriviaQA HotpotQA 2Wiki PopQA WebQA
component type (EM) (EM) (F1) (F1) (F1) (EM)
Naive Generation - Sequential  22.6 35.7 28.4 33.9 21.7 18.8
Standard RAG - Sequential ~ 35.1 58.8 353 21.0 36.7 157
AAR [72] Retriever  Sequential  30.1 56.8 334 19.8 36.1 16.1
LongLLMLingua [20] Refiner Sequential  32.2 39.2 31.5 25.0 38.7 17.5
RECOMP-abstractive [18] Refiner Sequential ~ 33.1 56.4 37.5 324 39.9 20.2
Selective-Context [21] Refiner Sequential ~ 30.5 55.6 34.4 18.5 335 L3
Ret-Robust™ [73] Generator  Sequential  42.9 68.2 35.8 43.4 NE.2 337
SuRe [29] Flow Branching  37.1 532 33.4 20.6 48.1 242
REPLUG [28] Generator  Branching  28.9 57.17 312 21.1 27.8 20.2
SKR [10] Judger Conditional 25.5 55.9 29.8 28.5 24.5 18.6
Self-RAG™ [33] Flow Loop 36.4 38.2 29.6 200 327 21.9
FLARE [34] Flow Loop 22.5 55.8 28.0 33.9 20.7 20.2
Iter-RetGen [30], ITRG [31] Flow Loop 36.8 60.1 38.3 21.6 37.9 18.2

39



) A TRRE B

y

e B

FENERS i
OA\

2

iy

c FEARLINBETEREERT R
« BRI EAK, BM25FMH F/ & ke £ AR

40.0

—s— ES5-base 60 E Top |
3751 —a— SMEE; : Top 3
—rr— gE— ase Sﬂ_ ¥4 i m Tﬁ
% po
35.0 C N Top 10
© 395 —— 40 / § NN Top 15
2325 Z 2 7 ¥N
] ] - i
@ 3 A AR\ ol
230.0 —— 2301 B NN LB . %
s = B3 FENFEN X
201 # 4 \ 3] § 4 & \
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Rethinking search: making domain experts out of dilettantes. SIGIR Forum 55(1): 13:1-13:27 (2021)
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Yujia Zhou, Jing Yao, Ledell Wu, Zhicheng Dou* and Ji-Rong Wen. 2023. WebUltron: An Ultimate Retriever on Webpages Under
the Model-Centric Paradigm. IEEE Transactions on Knowledge and Data Engineering, doi: 10.1109/TKDE.2023.3332858.
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From Matching to Generation: A Survey on Generative Information Retrieval

Xiaoxi Li, Jiajie Jin, Yujia Zhou, Yuyao Zhang, Peitian Zhang, Yutao Zhu, Zhicheng Dou

Information Retrieval (IR) systems are crucial tools for users to access information, widely applied in scenarios like search engines, question
answering, and recommendation systems. Traditional IR methods, based on similarity matching to return ranked lists of documents, have
been reliable means of information acquisition, dominating the IR field for years. With the advancement of pre-trained language models,
generative information retrieval (GenlR) has emerged as a novel paradigm, gaining increasing attention in recent years. Currently, research in
GenlR can be categorized into two aspects: generative document retrieval (GR) and reliable response generation. GR leverages the
generative model's parameters for memorizing documents, enabling retrieval by directly generating relevant document identifiers without
explicit indexing. Reliable response generation, on the other hand, employs language models to directly generate the information users seek,
breaking the limitations of traditional IR in terms of document granularity and relevance matching, offering more flexibility, efficiency, and
creativity, thus better meeting practical needs. This paper aims to systematically review the latest research progress in GenlR. We will
summarize the advancements in GR regarding model training, document identifier, incremental learning, downstream tasks adaptation, multi-
modal GR and generative recommendation, as well as progress in reliable response generation in aspects of internal knowledge
memorization, external knowledge augmentation, generating response with citations and personal information assistant. We also review the
evaluation, challenges and future prospects in GenlR systems. This review aims to offer a comprehensive reference for researchers in the
GenlR field, encouraging further development in this area.
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— Web search: billion level documents, quick update
— SOTA: still underperforms traditional matching-based retrieval models
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