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Introduction

What is LLM?

% Large Language Models(LLM)

. HICHS poto| BEIAEZ APM a5 =l 0] 2 &
- OEZC 0 RES SOl CrAfot taskE T = US
Input X 4
Question: The Dodecanese Campaig Pre-Trained
n of WWII that was an attempt by the Al GPT-3
lied forces to capture islands in the Aeg
ean Sea was the inspiration forwhich a
cclaimed 1961 commando flm? \
Answer :
QA Task
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Introduction

What is LLM?

% Large Language Models(LLM)
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Introduction

What is LLM?

% Instruction-tuning
« Instruction(X|A|Z) / input text / output text HIO|HA S Sl K| = b5 HAC 2 Sk
- ARBXO| o= I taskOfl A LLME B 283} 2IHAM & instruction-tuning0| E=H

@ 4 @® £

Prompt: Write a very short summary . Output 1:Conjugated oligoelectrovtes (COEs)
Input: Conjugated oligoelectrovtes (COEs) bc}ost increase outer membrane permeabilitvin .
the electrical performance .. Qutput 2: - “oligoslectralytes”. 1- “CIEs™

® ®

Prompt: Answer mv question absolutelyin ... o o , ?
Input: Metal assisted chemical etching{MACE), as | | |———» LLM { QIQEIAUII'EG nglm g]a:s;] Oﬁ; (GCY,
an emerging wet chemical efching .. , prin

Prompt: The following are multiple choice ...
Question: 52| 749 A 0.01 poise & T9] 2
A3k of “‘* ! kg/ms7} 5| =710

Output 1:0.001
Output 2: 0: 1 poise = 0.1kg/ms ¢

[ Instruction-tuning ]
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Related Seminar

J/

What is LLM and ChatGPT?
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s gz & sl Soadlylics Lo,

What is LLM and ChatGPT?

YA} a Hoe

B 2023478 282
{9 25124 ~
B =2telH|Cc|2 AH (YouTube)

MojLt 32 27| —
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Introduction

Development of LLM

«»  What is Retrieval?
. 7|F LMo oHA: E7 S|l HIAE O CHSM = 28 Hot B =5
. 2| 22 (Retrieven)O| 221t 2HE HEE H|O|E{H||O|A0f| Al EFAISIY 2 EIO| A

MTH

- B

Input

Answer
Engineer

\ Large Language Model /

a ‘ Retrieve
—_—
Question - u J Information
Technical —_— Database
Documentations -
CHHo| #0F +=A=EE
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Introduction

Development of LLM

«*  What is Retrieval?
- YHITHIE 2t RALE 7|Blo = FE|o AT E FHE ==

Query
Embedding

—> [T 1]

How do | fix the following errors?
TypeError: 'int' object is not subscriptable.

Similarity

Embedding
o | —> 11—
External Knowledge Doc —> I:I:I:I:I -
Ql5 XA
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Introduction

Development of LLM

«*  What is Retrieval?

= = =| AKX O HLAE] L o
. HEIHUE HES T OSYEE R Y2 ol YHESE XSHOR ATE 1 9
«  ALBERT:BERTE &3t A7l &
Step 1: Source Corpus Step 2: Source QA Step 3: Target QA .
Fine-Tuning Fine-Tuning Fine-Tuning Stap 4: Deployment
) Source Corous dala Source QA dala Targel QA data i _
Data: iuT ;E.U:m 1 (AskUbunty, sic.) (TechQA, sic.) Deployment dala

| Tech @ [—| TechA | AE Ha C-:_mﬂudatel
ALBERT 0 ' . :
& e Question ‘%’" Tech Question @ Tech Question
% == ‘ ALBERT 8** | ALBERT E*** | ALBERT 8+**
Tech Answer Answer Cand.
% ALBERT 8°** @@l ALBERT 8+**

Model: { aieert 6* % il
agg.u g EHQQ-JL 41

Answer

agg. 5
. Maskad ] 24 Answer Qaﬂ
ada

ALBERT 87

Yu, W., Wu, L., Deng, Y., Mahindru, R., Zeng, Q., Guven, S., & Jiang, M. (2020, October). A technical question answering system with transfer learning. In Proceedings of the 2020 conference on empirical methods in
natural language processing: system demonstrations (pp. 92-99).
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Introduction

Development of LLM

«*  What is Retrieval?

. AR ERNE YEE T IiolEE BY

m[o
1ok

S0l QHESE ASH2E AL UAS

C-Pack: Packed Resources For General Chinese Embeddings

Shitao Xiao® Zheng Liu'" Peitian ZXhang
stxiao{@baai.ac.cn zhenglin1026@gmail com namespace. pti@gmail com
Beijing Academy of Al Beijing Academy of Al Eenmin University of China
Beijing. China Beijing. China Beijing, China
Miklas Muennighoft Defu Lian Jian-Yun Nie
n.muennighoff@gmail.com liandefu@ustc.edu.cn niemiro.wmontreal.ca
HuggingFace UsTC University of Montreal
Beiljing, China Hefei, China Montreal, Canada
ABSTRACT @
We introduce C-Pack, a package of resources that significantly . P

advances the field of general text embeddings for Chinese. C-Pack

includes three critical resources. 1) C=-MTP is a massive fraining
dataset for text embedding, which 1s based on the curation of vast
unlabeled corpora and the integration of high-guality labeled cor-

T
pora 2) C-MTEBR is a comprehensive benchmark for Chinese text @ %
embeddings covering 6 tasks and 35 datasets. 3) BGE is a family of D—\j r—’—o

embedding models covering multiple sizes. Our models outperform |

all prior Chinese text embeddings on C-MTEB by more than + 105 General Chinese |

Text Embedding

upon the time of the release. Wr:gralr: and optimize the C-Dack

entire suite of training methods fo; long with our resources U

on general Chinese embedding, we telcase our data and models for ~ ~777777777777=7====-=="LF-==-=-===============-
English text embeddings. The English models also achieve state- E“ - % {/)
of-the-art performance on the MTEEB benchmark: meanwhile, our ) E

released Enghsh data is 2 times larger than the Chinese data. Both
Chinese and English datasets are the largest public release of train- | C-MTEE l | C-MTE | | BGE | | Recipe |
ing data for text embeddings. All these resources are made publicly
available at https://github com/Flag Open/Flag Embedding

Figure 1: C-Pack presents 4 critical resources to support gen-
l Chinese embedding: C-MTEB {(comprehensive evalua-

CCS CONCEPTS era & P

tion benchmark), C-MTP (massive training data), BGE {pow-

- Information systems — Retrieval models and ranking. erful pre-trained models), the entire-suite of training recipe.

Xiao, S., Liu, Z., Zhang, P., & Muennighof, N. (2023). C-pack: Packaged resources to advance general chinese embedding. arXiv preprint arXiv:2309.07597.
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Development of LLM

«*  What is Retrieval?

. General purpose Task-specific
Pre-training . . . .
Fine-tuning Fine-tuning
MLM Contrastive learning Multi-task learning
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Retrieval with Language Models

Inference
2024 Pre-training

Fine-tuning

GenRead

‘ CREA-ICL

FABULA ITRG

Self-RAG
DT

’ RECITE
Filter-Reranker < ’

Selfmem

REPLUG
AN SANTA
AAR UPRISE KAR
ICRALN KnowledGPT
2023 o
D
NatGH |l
GraphTool
Toolformer
2022
Altlas
_GPT-3_
SR REALM ;
2020 SETe e & aa e e

KNN-LLM Augmentation Stage

Retrieval—Augmented Generation

Gao, Y., Xiong, Y., Gao, X, Jia, K., Pan, J., Bi, Y., ... & Wang, H. (2023). Retrieval-augmented generation for large language models: A survey. arXiv preprint arXiv:2312.10997.
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Retrieval with Language Models

Paper

% Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks (2020, NeurlPS)

«  RAG IfO|ZEtRIS M2 =2 MAleH A+

Retrieval-Augmented Generation for
Knowledge-Intensive NWL.P Tasks

Patrick Lewis' T, Ethan Perez*~,

Aleksandra Piktus', Fabio Petroni’, Viadimir Karpukhirl'r, Naman Goyal', Heinrich Kiittler’

Mike Lewis', Wen-tau Yih', Tim Rocktiischel’?, Sebastian Riedel +, Douwe Kiela'

TFacebook Al Research; FUniversity College London: *New York University;
pPlewis@fb.com

Abstract

Large pre-trained language models have been shown to store factual knowledge
in their parameters, and achieve state-of-the-art results when fine-tuned on down-
stream IWNLFP tasks. However., their ability to access and precisely manipulate
knowledge is still limited. and hence on knowledge-intensive tasks, their perfor-
mance lags behind task-specific architectures. Additionally, providing provenance
for their decisions and updating their world knowledge remain open research prob-
lems. Pre-trained models with a differentiable access mechanism to explicit non-
parametric memory can overcome this issue, but have so far been only investigated
for extractive downsiream tasks. We explore a general-purpose fine-tuning recipe
for retrieval-augmented generation (RAG) — models which combine pre-trained
parametric and non-parametric memory for language generation. We introduce
RAG models where the parametric memory is a pre-trained seq2seq model and
the non-parameitric memory is a dense vector index of Wikipedia. accessed with
a pre-trained neural retriever. We compare two RAG formulations, one which
conditions on the same retrieved passages across the whole generated sequence,
and another which can use different passages per token. We fine-tune and evaluate
our models on a wide range of knowledge-intensive NLP tasks and set the state of
the art on three open domain QA tasks, outperforming parameltric seq2seq models
and task-specific retrieve-and-extract architectures. For language generation tasks,
we find that RAG models generate more specific, diverse and factual language than
a state-of-the-art parametric-only seq2seq baseline.

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N, ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nip tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.

Copyright © 2024, All rights reserved.
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Retrieval with Language Models

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

<« AT HiE

o 7|FE M & E LLM2 knowledge-intensive tasksOl| A task-specific architecture 2CH #2 452 2

OutputY

Input X Pre-Trained W {gradient decent: algorithm,
> ‘local minimum’: miscellaneous,
Question : \Whatis the entity names of LLM J ‘accuracy’: miscellaneous}
the words in the following sentence

“The gradient decent can take many int
eractions to compute a local minimum
with a required accuracy.” ? Answer the
questions by matching the dictionary for
mat below.

{TToken’: your answer}

Answer: {'gradient decent’: algorithm,

GPT-NER » ‘local minimum’: metrics,
‘accuracy’: miscellaneous}

Copyright © 2024, All rights reserved. -17 - .{.. D M Q /\



Retrieval with Language Models

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

s+ @7
- 7|1E A g E LLME knowledge-intensive tasksOi| A task-specific architecture 2Lt 22 He2 E Y
« 2= outputO| OffH HE@E[0|H)E EI5H=X| &7| 0=

OutputY
Input X Pre-Trained W {gradient decent: algorithm,
> ‘local minimum’: miscellaneous,
Question : \Whatis the entity names of LLM J ‘accuracy’: miscellaneous}
the words in the following sentence
“The gradient decent can take many int 1 T

eractions to compute a local minimum
with a required accuracy.” ? Answer the
questions by matching the dictionary for
mat below.

{TToken’: your answer}

Answer: {'gradient decent’: algorithm,

GPT-NER » ‘local minimum’: metrics,
‘accuracy’: miscellaneous}

T
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Retrieval with Language Models

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

s RAG Framework

«  Retriever Generator &+ ZE 2 714

M - = e e e e e e e e e m e emmem——————— == = . .
Define "middle saem(x) The middle ear ifncludes

End-to-End Backprop through q and pe the tympanic cavity and
Quieslion Answaring: the thres pazicles. (y)
Queston Query * /" Query Retriever p Document Generator |::n.E||q'“~1I Question Angwering:
Encoder PR Index R Answer Generalion
[Mon-Parametric) (Parametric)
Barack Obama was d{z] au arts { ]
born in Hawali. (x) q{x} - & - ¥
P — T Fact Varilication:
Fact Verification: Fact Query . :'.- = B Label Ganaration
The Divine .EEL —
Mlps.:‘ u....,g L. This ldth century work
Comedy (x} I is divided inte 3
Jaopardy Question — sectisnsg: "Infeena™,
Generation: "Purgatoria™ &
Answer Query — "Paradisa" (¥
\ A Question Genaration

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,
9459-9474.
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Define "middle ear"(x)

Question Answering:

End-to-End Backprop through g and pg

The middle ear includes

the tympanic savity and

the three oasiclea. (y)
Queslion Answering:
Angwer Genaration

supports (y)

Fact Verilication
Label Generation

b This 1dth century work

is divided inte 3
aections: "Inferno®,
"Purgatoria” &

"Paradise” 17

Question Genaration

Sl ‘—O,Lf‘.[" Retriever p, DC|E_L_|IW2 Generator pg
S P e~ I )
Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks FatVrtuston O s - Margn
ey (e P Wpset ST~
° Jeopardy Queslion —_—
% Retriever: DPR = —
4
e N j
« Aot El DPREZ ALE
Embedding
MIPS
— CT T 1] T
Query [yl x expd@Tq) |
A 4
x q(x)
Similarity
Doc — LT T H
Doc I_|_|_,
Doc > BeRT — [ [ [ []
Doc I:I:I:I:I
Doc — _I:I:I:D_
VA

d(z)

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N
9459-9474.

..... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

+* Retriever: DPR

o AW St5 = DPR 2E AR

Embedding

Define "middle ear"(x)

Question Answering:
Question Quary

End-to-End Backprop through g and pg

The middle ear includes
the tympanic cavity and
the three oasiclea. (y)

Query Retriever p Document Generator pg | Queston Answeding:
Encoder e b __r| Index o Answer Genaration
N—— (Non-Parametric) arametric)
bers in Kawa"" (%) q(x) d(z) ) suppotts. (3)
o B : Fact Veriication
Fact Verification: Fact Query . Margin Uikl Genoraton
vle z alize
The Divine "D .
— MIPS+< 4 } This 1dth century work
Camedy (x) " A is divided fnto 3
Jeapardy Cuestion ~ aections: "Inferno®,
Generation 1 “Purgatocie” §
Ansier Query e paradise" v
A Question Generation
< J

Query CT T 1]

Similarity

x q(x)
Doc — — —
Doc
Doc —> BERT ]
Doc I:I:I:I:I
Doc — _I:I:I:D_
VA

d(z)

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N
9459-9474.

| py(al) < exp(@@)7q(x)) |

& Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

7
0.0

Generator: BART

SA| SOTA 210] 22 O| R BART 22 ArE

Po(Yilx, 2, ¥1.i-1)

Pre-Trained

BART

Define "middle ear"(x)

The middle ear includes
End-to-End Backprop through q and p the tynpanic cavity and
Question Answaring: e three ossicles. (y)
Question Query Query Retriever p Documert \ Queslion Answering:
Encoder ] ndex Answer Genaration
N—— s (Non-Parametric) o
I3 1
born in Hawaii. (x) q(x) d(z) ) suppotts. (3)
o B 3 Fact Verifcation
Fael Verffication: Fact Guary "‘. : Label Generatian
A —
The Divine 2= .
— MIPS+< 1 This 14th century work
Comedviliz} " A ~ i divided into 3
Jaopardy Question ~— sections: "Inferns®,
Generation: "purgatorio” &
Ansier Query e paradise" v
\ A ) Question Generation
-~
Answer

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N
9459-9474.
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Define "middle ear"(x)

Question Answering:

End-to-End Backprop through q and p

Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

7
0.0

Generator: BART
«  EA|SOTA 10 22 O|¥E BART 22 A

The middle ear includes
the tympanic cavity and
e three oasicles. (y)

Po(Yilx, 2, ¥1.i-1)

Queston Queey Query Retriever Py Document \ Generator pg &AleshunGAnsw:ing:
Encoder (Non-Parametrc) Index - never Cenereton
Barack Obama Wes I ;
born in Hawaii. (x) q(x) v d(z) I :;ppvu:s W
ion: ’ 5 ac! Verfication
Fact Verification: Fact Query L. - Label Ganeration
s550 e
The Divine gE= .
—>» M|P5( 4 This I14th century work
ot o ~—¢ is divided into 3
Jaopardy Question ~— sections: "Inferns®,
Generation: > "Purgatorio” &
L
Angwer Query — "paradise" (y)
\ * ) Question Generation
-~
Answer

won

_> .
Pre-Trained
BART
—>
A

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N, ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nip tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

7
0.0

Generator: BART

SA| SOTA 210] 22 O| R BART 22 ArE

Po(Yilx, 2, ¥1.i-1)

Pre-Trained

BART

Define "middle ear"(x)

The middle ear includes
End-to-End Backprop through q and p the tynpanic cavity and
Question Answering: e three ossicles. (y)
Question Query Query Retriever p Documert \ Queslion Answering:
Encoder ] ndex Answer Genaration
N—— s (Non-Parametric) o
I3 1
born in Hawaii. (x) q(x) d(z) ) suppotts. (3)
o B 3 Fact Verifcation
Fael Verffication: Fact Guary "‘. : Label Generatian
A —
The Divine 2= )
— MIPS+< 1 This 14th century work
Comedviliz} " A ~ i divided into 3
Jaopardy Question ~— sections: "Inferns®,
Generation: "purgatorio” &
Ansier Query e paradise" v
\ A ) Question Generation
-~
Answer

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N
9459-9474.
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

7
0.0

Generator: BART

SA| SOTA 210] 22 O| R BART 22 ArE

Po(Yilx, 2, ¥1.i-1)

Pre-Trained

BART

Define "middle ear"(x)

The middle ear includes
End-to-End Backprop through q and p the tynpanic cavity and
Question Answering: e three ossicles. (y)
Question Query Query Retriever p Documert \ Queslion Answering:
Encoder ] ndex Answer Genaration
N—— s (Non-Parametric) o
I3 1
born in Hawaii. (x) q(x) d(z) ) suppotts. (3)
o B 3 Fact Verifcation
Fael Verffication: Fact Guary "‘. : Label Generatian
A —
The Divine 2= )
— MIPS+< 1 This 14th century work
Comedviliz} " A ~ i divided into 3
Jaopardy Question ~— sections: "Inferns®,
Generation: "purgatorio” &
Ansier Query e paradise" v
\ A ) Question Generation
-~
Answer
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Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N
9459-9474.
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* ----------------------------- The middle ear includes
I i R End-to-End Backprop through q and p
Retrieval with Language Models ==

B thre oesctes,
Quastion Query Query : Document Question Angwering:
‘_I'lc:-‘ZIL-\ Tftrlle‘ilerll?n |‘L-%:| ;: \ Angwer Genamwgg
o et ) a0 de) B ppecs (1
Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks P Fc Oy s > o
o"a‘ L, —
a0 WS ] e
Jaopardy Question ~— sections: "Inferno®,
% Generator: BART o — e
| \ * ) Question Generation
« Al SOTA 210{ 2F O|ZE BART Z& ALE
Po(Yilx, Z, ¥1.i-1) Answer
_> .
Pre-Trained
BART Son won the EPL’s top scorer award.
—>

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,
9459-9474.
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

% RAG-Sequence Model vs RAG-Token Model

«  RAG-Sequence Model : Z} output token OFCH 252 retrieved document AHE:

«  RAG-Token Model : Zt output token Ot} CHE: retrieved document AR

Define "middle sar"(x) €---mmmemmmsmmsesmsssmmn- T"i mild_dl‘-‘.t‘;df :rlwllud*ﬁ:
End-to-End Backprop through q and ps the tympanis cavity and
Question Answiring: the thees pasicles. (y)

Question Query ﬂ]uel‘}-‘ Retrieverpn Document \[ Generator PG\ mastiunémswefling:
Encoder Index S Angwer Genaralion

(Non-Parametric) arametric)
Barack Obama was

born in Hawail. (%) Q(X’
Fac! Veriication: Fact Query

supports (y)

Marain- Fael Variication:
alige Label Generalion

The Divine _ |

b Thiz 14th century work
Comedy (x)

is divided into 3
gections: "Inferna”,
"Purgatorie® &
"Paradisg" iy

Jaopardy Question
Generalion:
Angwer Query

j Cuestion Genaralion

Py (z[x) Po(Yilx, 2z, y1.i-1)
zetop—k(p(:|x)) TiT

[ RAG-Sequence Model ]

p,,(zlx)pg(yilx, Ziy Y1:i-1)
i z€top—k(p(:|x))
[ RAG-Token Model ]

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.
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Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks

% Training

> ~log p(yjlx)

J
Define "middle ear™ {x) € --- === The middle ear includes
End-to-End Backprop through q and pe tij t;m::nﬁ::zv; ;}- and

Question Answearing: (¥}

Co Query Retriever p, Document Generator |::J~.E|.q'“~1I R
Encoder [Mon-Parametric) Index (Parametric)
Barack Obama was d{z] au OFEE { ]
born in Hawali. (x) q{x} - _—Ea o y
P — T Fact Varilication:
Fact Variication: Fact Cuery - - Labal Ganeratian
I=.--_:_ - . ,-—-33
The Biuine MIPS < « & =P 1 Thiz 14th century Work
Camedy  (x} T h— ~— is divided inte 3
Jaopardy Question — sectisnsg: "Infeena™,
Generation: "Purgatoria™ &
Answer Query — "Paradisa" (¥
\ A Question Genaration

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.
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% Experiments — Main results

Model NQ TQA WQ CCT
Model Jeopardy MSMARCO FVR3 FVR2
Closed T5-11B[52] 345 - /501 374 - B-1 QB-1 R-L B-1 Label Acc.

Book  Ts-11B+SSM[52] 36.6 - /605 447 -
SotA - - 49.8% 499* 76.8 92.2*

Open REALM [20] 404 -/ -  40.7 46.8
Book DPR [26] 415 579/ - 41.1 506 BART 15.1 19.7 382 416 640 81.1
RAG-Token  44.1 55.2/66.1 45.5 50.0 RAG-Tok. 17.3 22.2 40.1 415 725 895
RAG-Seq. 445 56.8/68.0 452 52.2 RAG-Seq. 147 214 408 44.2 T

[ Open-Domain QA ] [ Abstractive QA ]

Table 4: Human assessments for the Jeopardy
Question Generation Task.

Factuality  Specificity

BART better 7.1% 16.8%
RAG better 42.7 % 37.4%
Both good 11.7% 11.8%
Both poor 17.7% 6.9%
No majority 20.8% 20.1%

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,
9459-9474.
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< Experiments - S48 ©7}

Task Input Model Generation

BART 'The middle ear is the part of the ear between the middle ear and the nose.

defing muddle RAG-T The middle ear is the portion of the ear internal to the eardrum.

MS- car RAG-S5 The middle ear includes the tympanic cavity and the three ossicles.
MARCO 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
G S . o . . .
, ener L BART  This epic poem by Dante is divided into 3 parts: the Inferno, the Purgatorio & the Purgatorio
-ation The Divine . o Wi - P
Comedy 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”

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.
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% Experiments — Ablation study

Table 6: Ablations on the dev set. As FEVER is a classification task, both RAG models are equivalent.

Model NQ TOQA WQ CT Jeopardy-QGen MSMarco FVR-3 FVR-2
Exact Match B-1 QB-1 R-L B-1 Label Accuracy
RAG-Token-BM25 29.7 41.5 32.1 33.1 17.5 22.3 55.5 48.4 75.1 91.6
RAG-Sequence-BM25 31.8 441 36.6 33.8 11.1 19.5 56.5 46.9 : "
RAG-Token-Frozen 37.8 50.1 37.1 51.1 16.7 21.7 55.9 49 4 79 9 29 4
RAG-Sequence-Frozen 41.2 52.1 41.8 52.6 11.8 19.6 56.7 47.3 ) ’
RAG-Token 43.5 54.8 46.5 51.9 17.9 22.6 56.2 49.4 245 90.6
RAG-Sequence 44.0 55.8 44.9 53.4 15.3 21.5 57.2 47.5 ’ ’
bl o= ud B § e pmmmmmmmmm e m e mm——
5 43 = Ve
E 3 g 7 = gy —— RAGTokR-L
; azd Ir %’ ol / ) gc —-- RAG-Tok B-1
2 a1 z ! R — ragTk | 2 7] - E'“E'E:”L' :'L
o I .5 sa1 o === RAG-Seq LT Bl o = AG-Seq B-1
s I| — RAG-Tok I:;, ! g i —-= Fixed DFR a e e
304! ——- RAGSeq | £ 40 i Bh25 R
'I.IIII '_"::Z' .?II.I Ill.l 50 ]II.I 2I|.| 3-;ZI -I::Z‘ 50 1.li| Z::Z' .?II.I Ill.l 50

K Retrieved Docs K Retrieved Docs E Retrieved Docs
Figure 3: Left: NQ performance as more documents are retrieved. Center: Retrieval recall perfor-
mance 1in NQ. Right: MS-MARCO Bleu-1 and Rouge-L as more documents are retrieved.

Lewis, P., Perez, E., Piktus, A., Petroni, F., Karpukhin, V., Goyal, N., ... & Kiela, D. (2020). Retrieval-augmented generation for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33,

9459-9474.
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< Improving Language Models by Retrieving from Trillions of Tokens (2022, PMLR)

« 2 trillion token databaseE &4l ‘ds= 24 A|Z] RETRO(Retrieval-Enhanced Transformer) A| F

Improving Language Models by Retrieving from Trillions of Tokens

Sebastian Borgeaud ~ Arthur Mensch®~ Jordan Hoffmann~ Trevor Cai Eliza Rutherford Katie Millican
George van den Driessche Jean-Baptiste Lespiau Bogdan Damoc Aidan Clark Diego de Las Casas
Aurelia Guy Jacob Menick Roman Ring Tom Hennigan Saffron Huang Loren Maggiore Chris Jones

Albin Cassirer Andy Brock Michela Paganini
Karen Simonyan Jack W. Rae !

Abstract

‘We enhance auto-regressive language models by
conditioning on document chunks retrieved from
a large corpus, based on local similarity with pre-
ceding tokens. With a 2 trillion token database,
our Retrieval-Enhanced Transformer (RETRO)
obtains comparable performance to GPT-3 and
Jurassic-1 on the Pile, despite using 25 < fewer pa-
rameters. After fine-tuning, RETRO performance
translates to downstream knowledge-intensive
tasks such as question answering. RETRO com-
bines a frozen BERT retriever, a differentiable en-
coder and a chunked cross-attention mechanism
to predict tokens based on an order of magni-
tude more data than what is typically consumed
during training. We typically train RETRO from
scratch, yet can also rapidly RETROfit pre-trained
transformers with retrieval and still achieve good
performance. Our work opens up new avenues
for improving language models through explicit
memory at unprecedented scale.

Geoffrey Irving Oriol Vinyals Simon Osindero
Erich Elsen ! Laurent Sifre "

rameters. Transformers have been scaled from millions of
parameter models in seminal work to over hundred billion
parameters (Brown et al.. 2020). which has led to models
that do well on a wide array of tasks in a zero or few-shot
formulation. Increasing model size predictably improves
performance on downstream tasks (Kaplan et al., 2020). In-
creasing the number of parameters is beneficial in two ways:
additional computations at training and inference time, and
increased memorization of the training data.

We endeavor to decouple these improvements, by efficiently
augmenting language models with a massive-scale memory
without significantly increasing computations. Specifically.
we suggest retrieval from a large text database as a com-
plementary path to scaling language models. Instead of in-
creasing the model size and training on more data, we equip
models with the ability to directly access a large database
to perform predictions—a semi-parametric approach. At a
high level. our Retrieval Transformer (RETRO) model splits
the input sequence into chunks and retrieves text similar to
the previous chunk to improve the predictions in the current
chunk. Existing retrieval for language modelling work only

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning

(Pp. 2206-2240). PMLR.
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% RETRO Framework
e Chunk: &7 7H2| tokenS =0 L= 2422 AR
«  Continuation: Retrieval datasetOf| A| £78 passage HFZ CHE0f| LE2= H=5-E passage

Chunked Cross-Attention: Chunk £H2|2| inputOi| CHSHA] retrieval®t S 2.2} cross-attention =24

Encoded neighbowrs

- ==1
E E r Chunked cross-attention (CCA)

Retrieval
dlataset 1

— I

i E, Eﬂ Encoded neighbours
I ; \ 1
\_ . Frozen kNN Retriever A strend ]l & | &
) Ciodition %IEHJ' [N
Ingut FE=T== R I 1 -
tokens | L K v I
(e 1 I N ~ | L H
I |
1K [ I o
' ! : . CAH!LE)
[ | ﬁ{ H,
) SN -
_JL::? —e| AT L8 cca e mm —
I i : - CA[H,* E )
I I H,
. | e e P rrererrrafite B I
E I | Artending chunks
AN Jo\ J \ J H CCA(H, E)
X ! RETRO block (x L) ! -3 =1
\ J e e AR NDERIXD

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
(pp. 2206-2240). PMLR.

Copyright © 2024, All rights reserved. -35- .... D M Q /\




(Chunked cross-attention (CCA)

Encoded nighbours

Retrieval with Language Models

Improving Language Models by Retrieving from Trillions of Tokens

% Chunk
-  Ed /52| token2 O YA AU E ALE

»  Ex Samsung released a new phone this year with an interpreter function.

. G EES ZAAZ
n
Cl {xl,...,xm},m = 7
n
C, L(X|0,D) = Z lg(xi|(xj)j<i, (RETp(Cy)). _
i=1
O|™ chunk& 0|
C3 retrieval Sf= ™A H

X ={xq1, ..., Xn}

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
(pp. 2206-2240). PMLR.
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FFW

% Continuation :
*  Retrieval datasetOf| | £78 passage HFE CHE0f| L2&= AH=5-E passage AHE
*  Key: frozen BERT Embeddings

e Value: Raw chunks of text tokens KeyOll 8 =FSH= original text

/

Key Value
(BERT embedding) (Text / Neighbor and continuation chunks)
Dune is a 2021 American epic science fiction film directed Neighbor

by Denis Villeneuve

)
CT T 1]

It is the first of a planned two-part adaptation of the 1965 Continuation
novel by Frank Herbert (F)
Dune is a 1965 science fiction novel by American author Neighbor
Retrieval Dataset Frank Herbert (N)

Originally published as two separate serials in Analog

) Continuation
magazine

(F)

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
(pp. 2206-2240). PMLR.

Copyright © 2024, All rights reserved. - 37 - ..% D M Q /\



Retrieval with Language Models

Improving Language Models by Retrieving from Trillions of Tokens

FFW

% Continuation :
*  Retrieval datasetOf| | £78 passage HFE CHE0f| L2&= AH=5-E passage AHE
*  Key: frozen BERT Embeddings

«  Value: Raw chunks of text tokens Original text EHS text

/

Key Value
(BERT embedding) (Text / Neighbor and continuatiorn/chunks)
Dune is a 2021 American epic sciencg fiction film directed Neighbor

by Denis Villenedve

)
CT T 1]

It is the first of a planned two-part adaptation of the 1965 Continuation
novel by Frank Herbert (F)
Dune is a 1965 science fiction novel by American author Neighbor
Retrieval Dataset Frank Herbert (N)

Originally published as two separate serials in Analog

) Continuation
magazine

(F)

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
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% Continuation y

*  Retrieval datasetOf| | £78 passage HFE CHE0f| L2&= AH=5-E passage AHE
*  Key: frozen BERT Embeddings

e Value: Raw chunks of text tokens

Retrieval Dataset

d(C,N) = ||BERT(C) — BERT(N)IIE

Input query chunk

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
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¢ Chunked Cross-Attention(CCA) :
e Chunk TH{2] inputOf| CHBHA] retrieval?t S £ 2F cross-attention =24
o HC} Y2 ALMH|[EOZ retrieval®t d 2 2f attention =
«  Self-attention= Sl OHX|2} token2 0|7 token(chunk =2 MEE 7HX| 1 S
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Chunked cross-attention (CCA)
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% Experiments

*  Retrieval dataset= 7|=0] 2} @0t 5 E=

e FD: AMM gH&E T5 20| encoder outputOfl ECt B40] O|E
Table 2. Perplexities on Wikitext103. When using the Wikpedia

dataset for retrieval, RETRO performs similarly to our implemen-
tation of KNN-LM. As we scale the retrieval dataset, RETRO

performs better, in part due to exploiting chunk-level leakage. Table 3. Question answering results on Natural Questions.
Model / Database ~ #tokens  #keys  Valid  Test Model Test Accuracy
Adapt. inputs / - - - 1796 18.65 REALM (Guu et al., 2020) 404
SpaLm / Wiki iB 3B 1720 17.60 DPR (Karpukhin et al., 2020) 41.5
ENN-LM / Wiki iB 3B 1606 1612 RAG (Lewis et al., 2020) 44 .5
Megatron / - - - - 1081 EMDR? (Sachan et al., 2021) 525
Bascline / - S 215 2% FID (Izacard & Grave, 2021) L4
RETRO / Wiki 4B  0.06B 1846 1897 Baseline 7B (closed book) 304
RETRO / C4 174B 29B 1287 10.23 RETRO 7.5B (DPR retrieval) 455
RETRO / MT 1% 18B 08B 1892 2033

RETRO / MT 10% 179B 4B 1354 1495
RETRO / MT 100% 18T 2B 321 392

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
(pp. 2206-2240). PMLR.
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% Experiments
«  RETROfit APH SF&El GPT-20{|A{ decoder block IH2H|E{= 1 / retro block Z2H0|E{ 2 YIH|0| E

8- 172M —®— 425M @ 15B @ 75B —&— Baseline % RETRO[OFF] [#®- RETRO[ON] —#— RETROfit

a) LAMBADA Accuracy 0.70- b} Curation Corpus bpb c) Wikitext103 Perplexity d) Wikipedia Sept 21 bpb
20 0.851
0.70 ;::f"’
0.65- ] _
0.651 10 0.80
0.75-
0.601 0.60- 54
0.55- . 0.70
31 :H‘ T~
0.50- 0.55 T, 0ss
.
0.451 T8
0.601
oS0t » 2y i ,
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Figure 3. Scaling with respect to model size. (a) LAMBADA top-1 accuracy. (b) Evaluation loss on curation corpus. (c) Perplexity on
Wikitext103 valid. (d) Bits-per-byte on selected Wikipedia articles from September 2021.

Borgeaud, S., Mensch, A., Hoffmann, J., Cai, T., Rutherford, E., Millican, K., ... & Sifre, L. (2022, June). Improving language models by retrieving from trillions of tokens. In International conference on machine learning
(pp. 2206-2240). PMLR.
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% Shall We Pretrain Autoregressive Language Models with Retrieval? (2023, EMNLP)
+  7|ZRETROE 2E7FS/HEO AKX B0 NVIDIA & Clist A TS0 7+ & F=7t
RETRO++: RETROO|| =7+ QI fine-tuning=

HEoH 7

Shall We Pretrain Autoregressive Language Models with Retrieval?
A Comprehensive Study

Boxin Wang* 1 Wei Ping=2

Zihan Liu”
Bo Li'

A bstract

Large decoder-only language models (LMs)
can be largely improved in terms of perplex-
ity by retrieval (e g.. RETRO). but its impact
on text generation quality and downstream task
accuracy is unclear. Thus, it is still an open
question: sfrall we prerrain large auroregres-
sive LA s with retrieval 7 To answer it. we per-
form a comprehensive study on a scalable pre-
rrained retrieval-augmented LM (i.e.. RETRO)
compared with standard GPT and retriewval-
augmented GPT incorporated at fine-tuning or
inference stages. We first provide the recipe
o reproduce RETRO up to 9.5B parameters
while retrieving a text corpus with 330B wokens.
Based on that. we have the following nowvel find-
ings: /) RETRO outperforms GPT on text gen-
eration with much less degeneration (i.e.. repe-
tition), moderately higher factual accuracy, and
slightly lower toxicity with a nontoxic retriewval
database. i) On the LM Ewvaluation Harness
benchmark, RETRO largely outperforms GPT
on knowledge-intensive tasks. but is on par with
GPT on other tasks. Furthermore., we intro-
duce a simple variant of the model, RETRO S+
which largely improves open-domain QA re-
sults of original RETRO (e.g.. EM score +5.6
on Natural Question) and significantly outper-
forms rerieval-augmented GPT in both fine-
uning and zero-shot evaluation settings. Our
findings highlight the promising direction of
pretraining autoregressive LMs with retrieval
as furure foundation models. We release our
code and model at: https: /S github. com/N
VIDIAA/AMegatron— LM blobs/main/toolssre
tro/s/README . md.

Mohammad Shoeybi”

Chaowei XiaoZ-?

Peng Xu*> Lawrence MicA fee®

Yi Dong? Oleksii Kuchaiev?

Anima Anandkumar? Bryvan Catanzaro”

2020). BART (Lewis et al.. 2020a)). have ob-
tained state-of-the-art results for various NLP tasks.
Aaamong them. the autoregressive LMWs like GPT-
3 (Brown et al.. 2020) and GPT-4 (OpenAl, 2023)
demonstrate noticeable in-context learming abil-
ity and excellent long-form text generation results.
Due to its importance, the community has spent
considerable efforts to scale up such autoregres-
sive generative LMs with more data and param-
eters and observed significant breakthroughs in
a variety of real-world applications (e.g.. Brown
et al.. 2020), including open-ended text gencra-
tion and wvarious downstream tasks (e.g.. ques-
tion answering). The successful public exam-
ples include GPT-3 (w/ 1 70B parameters) ( Brown
et al.. 2020). Gopher (280B) (Rae et al.. 2021).
Megatron-Turing (530B) (Smith et al.. 2022), and
PalLM (540B) (Chowdhery et al., 2022)_
Although large-scale autoregressive [LMs have
achieved huge successes. they also suffer from sewv-
eral weaknesses. First., it requires a huge mumber
of model parameters to memorize the world knowl-
edge. which makes it costly for deployment. Sec-
ond. it is difficult to safeguard factual accuracy.
which may provide users with incorrect informa-
tion (Lee et al., 2022). Third, it is expensive to
update the model Knowledge learned during pre-
training with up-to-date facts (Meng et al., 2022),
wvielding outdated answers (Lewis et al., 2020b).

To mitigate the problems abowve, one line of
rescarch proposes to improve language models
with retrieval. The retrieval process can be inte-

AlS
=3

| SH
o

Wang, B., Ping, W., Xu, P., McAfee, L., Liu, Z., Shoeybi, M., ... & Catanzaro, B. (2023). Shall we pretrain autoregressive language models with retrieval? a comprehensive study. arXiv preprint arXiv:2304.06762.
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% Experiments

- HAMHe= 7I0|Eete adsE T

Small Medium XL XXL

Metrics GPT RETRO GPT

RETRO GPT RETRO GPT RETRO

Repetition % 2.86%  2.26% | 1.70%

Self-BLEU 0.29 0.3 0.29

1.50% | 1.44%  0.96% | 1.40%  1.12%
0.3 0.29 0.29 0.31 0.31
0.98 0.97 0.98 0.96 0.96

Zipf Coefficient | .98 0.98 0.96

Table 3: Automatic evaluation on text generation quality for RETRO and GPT across different sizes.

Models Retrieval Exp. Max. Toxicity (/) Toxicity Prob. ()
Database Full Toxic Nontoxic | Full Toxic Nontoxic
GPT | - | 0.44 0.64 0.39 | 37% 4% 27%

RETRO (top-N = 2, top-K = 2) Pretraining | 0.46 (.66 0.40 40%  T6% 30%
RETRO (top-N = 5, top-K = 2) Pretraining | 0.46  0.66 0.40 9%  T1% 29%
RETRO (top-N = 10, top-K = 2) | Pretraining | 0.46  0.66 0.40 9%  T6% 20%

RETRO (top-N = 2, top-K = 2) Wiki 043 0.64 0.38 35% 3% 25%
RETRO (top-N = 5, top-K = 2) Wiki 0.43 0.64 0.38 35% 1% 26%
RETRO (top-N = 10, top-K = 2) Wiki 043 0.64 0.38 35% 1% 26%

Table 5: Evaluation of LM toxicity for GPT (XL) and RETRO (XL). Model toxicity is evaluated on REALTOXICITYPROMPTS.
Full refers to the full set of prompts, Toxic and Nontoxic refer to the toxic and nontoxic subsets of prompts. | means the lower,
the better. RETRO can filter from top-N nearest neighbors and select the top- K nontoxic neighbors for retrieval.
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NgItsg el ¢ 49
g 46
Method | NQ | TriviaQA Y aa -
S 42 _—
GPT (close book) N 36.1 45.1 w| _—
REALM (Guu et al., 2020)~ 40.4 - a8
DPR (Karpukhin et al., 2020) ", 41.5 56.8 Medium Mmf;L Sive XX
RAGaier (Lewiset al 2020b) > | 445 56.1
R PI.G(; PT 50.9 60.9 Comparisons over TriviaQA
FiD.... (Izacard and Grave, 2021) | 314 | 67.6 o -
RETRO (Ours) 40.9 59.9
RETRO (Borgeaud et al.. 2022) 45.5 - o 60 P
RETRO++ (Ours) 54.1 66.7 2 -
E 55 f____,-";-f
Table 7: Comparisons of our RETRO and existing QA models. e
We report the best results with the largest model configuration 50|
respectively.
Medium XL XL
Model Size
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«  371=l Instruction-tuning dataset

RAGq;prr RETRO4++

w/o Instruction tuning 24.43 25.93 . N
w/ Instruction tuning ~ 29.75 31.16 RAG fine-tuning 'S %

Z 718 QI Instruction-tuning = 75

Table 8: Exact Match (EM) scores for the zero-shot

evaluation of RAGgpr and RETRO++ on the NQ dataset
before and after instruction tuning.
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