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RAG 7l Hot

1. Data Preprocessing (Data-Level)

PDF parsing ... OCR, vision LLM

chunking ... fixed length, semantic embedding
indexing ... FAISS, PINECONE

2. Retrieval (Retriever-Level)
Advanced RAG : HyDE, Query Expansion, Reranking

3. Inference (LLM-Level)

Agent

Prompt Engineering

Supervised Fine-Tuning (SFT)
Domain Specific Finetuning (DSF)




Research Question

Thought Process
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RAG 7l Hot

Domain-specific LLM

- Data governance, security 5 &E0A HE, BH, 2l 5 =0¢ Szt 2E3 iE
St1X} St +=R7t S7t

- Pretraining, Instruction Tuning & 7|=2| &
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RAG 74
SFT vs RAG?

| B

The optimization flow

Context
optimization

What the model
needs to know

I.

All of the above

—> [ AddRAG content to
training examples

Add HyDE retrieval +
fact-checking step

[l Fine-tune model
Add simple retrieval [l

Try something else

Prompt engineering Fine-tuning

B Add few shot

/ Evaluate

B Prompt

Try something
=
LLM optimization

How the model needs to act

A Survey of Techniques for Maximizing LLM Performance



https://www.youtube.com/watch?v=ahnGLM-RC1Y
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Overview

RAFT aims to not only enable models to learn domain-specific knowledge through
fine-tuning, but also to ensure robustness against distracting retrieved information.

sampled ne_qanve documents Tra in: R AI_"‘

(1am ] o e [ et
X] X [X] ﬁ+ ‘E

Test: RAG Top-k

_, Sliding
Window

Mistral 7B

Golden fi)nly :,b'l + E;l,




Parameterization

Q : question
D k : a set of documents

D* : ‘golden’ document

D i : 'distractor’ document
A* : CoT answer from ‘gold’ document (D*)
P: D* + D_k-12| H|& (hyperparameter)
1-P : D_kZ22F F-d = HO[EC| H|=

P%oftdata: Q+D* + Dy + D + ..
(1—P)%ofdata: Q+D;1+ D> +..

: +Dk—)A*

: +Dk—>A*



Prompt for CoT

Questionf The Oberoi family is part of a hotel company that has a head office
in what city?

[The Oberoi family is an Indian family that is famous for its

fivolvement in hotels, namely through The Oberoi Group]...[It is located in
city center of Jakarta, near Mega Kuningan, adjacent to the sister JW Marriott
Hotel. It is operated by The Ritz-Carlton Hotel Company. The complex has two
towers that comprises a hotel and the Airlangga Apartment respectively]...[The
Oberoi Group is a hotel company with its head office in Delhi.]

tnstructiogl: Given the question, context and answer above, provide a logical
reasoning for that answer. Please use the format of: ##Reason: {reason}
##Answer: {answer}.

CoT Answer“ ##Reasonl The documentl ##begin_ quote##l The Oberoi family is an
Indian fam11y 13 1s for its 1nvolvement 1n hotels, namely through The
Oberoi Group. establishes that the Oberoi family is involved in
the Oberoi group, and the document The Oberoi Group is a hotel
company with its head office in Delhi. establishes the head
office of The Oberoi Group. Therefore, tThe Uberol family is part of a hotel

company whose head office is in Delhi. I##Answer: Delhil
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Experiment

PubMed HotPot HuggingFace Torch Hub TensorFlow

GPT-3.5 + RAG 71.60 41.5 29.08 60.21 65.59
LLaMA2-7B 56.5 0.54 0.22 0 0
LLaMA2-7B + RAG 58.8 0.03 26.43 08.60 43.06
DSE 59.7 6.38 61.06 84.94 86.56
DSF + RAG 71.6 441 42.59 82.80 60.29
|[RAFT (LLaMA2-7B) 73.30 35.28 74.00 84.95 86.86 |
RAFT w.o CoT 68.30 25.62 59.07 86.56 83.21

PubMed : 2|2 =0l QAAl
HotPot : &8t = 0| 2| multi-hop QA (NQ, TriviaQA)
HuggingFace, Torch Hub, TensorFlow : 3 E 7|g8F EjA3
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Hyperparameter Setting : P

Test Domain: NQ Test Domain: TQA Test Domain: HoPo
0.451 ____.;---""‘_"""-‘____ — t —A ____---i‘"__‘_ q —1—A
A A r S A 0.601 '3
“1. 0.651
5040 | 2 Z
o A|l © € 0.551
5035 g 0.60 g
= = < 0.501
< 0.30+ = c
0537 0.451
0.251
A
A . : 0.50{ A ; : ; 0.40{ A : :
0 20 40 60 80 100 0 20 40 60 80 100 0 20 40 60 80 100
P % Golden Retrieved Context at ITraining % Golden Retrieved Context at Training P % Golden Retrieved Context'at maiiing

Training your LLM without the correct corresponding context at times can be
beneficial for the downstream task of answering questions related to the documents.
(k=5, training A|0f| 20%+ distractor context22t 4=l X2 st&T F, p=0.8)
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Hyperparameter Setting : K

Natural Questions Hotpot QA

—&— Train D* 0.250- Train D*
Train D* + 1D I

0.32

0.301 Train D* + 1D

- ' s, 0,225 —e— Train D* + 2D
[ L) — o .

g 0.28 g __J,--*’" —+ - Train D* + 3D
g g

< =T

= 0.26 =

= c

L L

2 4 6 8 10 2 4 6 8 10
# Test Documents (Top-k) # Test Documents (Top-k)

st Al distractorg = 0|77 FA271? (Better Robustness)
Aol A1} distractor contextE & & 422 £F 40| 4 £CH

The inclusion of distractor documents during training indeed makes the model more
resilient to fluctuations in the number of documents encountered during testing.
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EMNLP 2024 Findings

RAG-Studio: Towards In-Domain Adaptation of Retrieval Augmented
Generation Through Self-Alignment

Kelong Mao!, Zheng Liu?*, Hongjin Qian?, Fengran Mo°,
Chenlong Deng', Zhicheng Dou'*
!Gaoling School of Artificial Intelligence, Renmin University of China
2Beijing Academy of Artificial Intelligence
3Université de Montréal, Québec, Canada
{mkl,dou}@ruc.edu.cn, zhengliu1026@gmail.com



Overview

RAG-Studio accepts a specialized domain corpus, where it identifies useful domain
knowledge and synthesizes training data on top of it.

Specific-domain
Corpus

Generally

pre-trained models

-

Generator (LLM)

1.1

Retriever

RAG-Studio

In-domain fine-tuning with self-produced data

[

(Generator Retriever

Domain-Adapted ] 0 [ Domain-Adapted ]
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Overview

1. E0Q IHAZEEH QA= 4/, 4d8=E QueryE 23H HEE
2. LLMZO| self-curation= &9l M=l contextl| HEHZ LICHS!
3. MME MHEZ HIEIO Z LMD} retrieverS S A|0f| H&8t

RAFT®}O| XjHA
- RAFTE= LO|=F FA|ot EH
- RAGStudio= LLMI} retriever

17



Method

1. Raw Data Generation

From D = {p1,....pn}
q,a = G(Prompt,.,(p)).

p -> gold passage
pis--Px = R(q, D).

Each sample s= (g, a,p, {pS, . P%})
(= &g oA k=3)



Method

2. Data Curation for Generator

Using CoT prompting, each context p is labeled as
helptul, irrelevant, misleading

e',a" = G(Prompt,,.(q,C)), > C1 = {p} UADL, - P )
Co = {p{, ... P%}

Ap410| dor B0 CHSLHY g, p, a& =0 EHE
ANSE2E = ME2 K2, ERICHH B2 10 rationale 44
=> (e’ a')E ”XEI-%El_l M'E:”"% ¢E6|'7| ‘?‘ _%I' € = G(Promptralionalc(Qr C G))
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Method

2. Data Curation for Generator

e For C' = (', if the ground-truth passage p
1s not labeled as helpful in e, the sample 1s
discarded.

Rationale e is filtered :

e For C' = (', if more than two passages are
labeled as helpful in e, the sample 1s discarded.

=

X|Z& H|O|E = Ch2 ot 22 triplet : (g + Clle + al’ + &)
gae | 55 | e

20




Method

3. Data Curation for Retriever

a’ls correct: helpful -> positive
misleading -> hard negative

a’ls incorrect: helpful -> hard negative

Original passage p is always a positive sample

21




Method

4. Finetuning
Generator : ORPO Py(y*|z)(1 — Py(y'|))
Lo =—AXl |
. (a0 o = ~Mogo(log 5 (1 = Po(y¥la))
Y'\w : (e+a) L
YAl (e'+a) —— ) log Po(y’ | y2,),
t=1

Retriever : Contrastive Ranking

A+ 1 positive samples
TP P ¢(z,p™)

p”- : negative samples Lc = —log 7
¢($,p+) £y ZP—EP— Qb(.flf,p_)
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Experiment

Dataset
Statistic Biomedical Finance Law Computing TriviaQA (wiki)
#Questions (train) 26,877 8,245 3,770 3,668 61,888
#Questions (test) 4,743 1,455 666 648 7,993
#Passages 287K 89K 42K 41K 2M

Ol 471 H|O|E{ A2 MS MARCOOf| A B3|t HiX|O3 | O] E
0| AFESF RAGStudio O|O|H gf“d0{|= Llama-3-8B-Instruct?} BGEZ Z}
3

Zr 3000704 2t dot samples AFEE. (Retrieval top-K& 3)

23



Experiment

Metric
ROUGE-L : domain-specific QA
EM : TriviaQA
GPT-4 : answer accuracy 58

Baselines
(1) GPT-3.5 : GPT + |
(2) Prompt : llama + ==&
(3) DSF : MS MARCO, TrigiaQA2| 2HE0{Tl st&
(4) RAFT : P=0.622 X|| s
(5) RAGStudio : LoRA &5

I=

=11
a —

(£t{12, DSF (human-labeled data)2 Lt 2717

24




Experiment

Result
Miaitin T Sylr;t;(;tic Biomedical Finance Law Computing  TriviaQA (wiki)
R-L Acc R-L Acc R-L Acc R-L Acc EM Acc
without Retrieval
GPT-3.5 X X 195 43.1 169 342 205 514 196 429 629 60.0
Prompt X X 222 454 184 357 19.7 50.1 21.6 463 64.8 60.5
| DSF v X 233 337 232 318 231 359 221 344 59.7 56.7 |
with Retrieval
GPT-3.5 X X 3.2 550 365 520 350 575 31.8 36 695 69.5
Prompt X X 319 547 377 522 341 562 349 569 693 69.2
DSF v X 348 575 400 554 374 604 442 579 70.2 69.9
RAFT v v 343 559 365 517 367 598 454 59.2 694 69.6
| RAG-Studio ¢ v 375 59.2 418 57.6 400 635 471 60.3 70.0 69.9 |

25



Experiment

Result
(1) TriviaQAE X 2|5l RAGStudio?| Hs0| 7% =L},

(2) =0|Ql E3} G|O|E 02| RAGStudio &5=0| AL},

(3) A Q10| FTEH oF B% (DSF) 80| 29| "HO{ZIC}, (2Etzt 55 ZA)

—

26



Experiment

Ablation =T
Method A Bio. Fin. Law Comp. TQA
Prompt 43 547 522 56.2 569 69.2
DSF -19 575 554 604 579 699
SFT -1.2 585 567 622 519 693
w/o G-FT -39 549 534 574 565 68.8
w/o R-FT  -0.8 58.7 57.2 624 588 69.6
RAG-Studio 0 359.2 576 635 603 699
SFT : (x+0Q) (e+y) ot&5ol AL



Experiment
Effects of CoT

Biomedical Finance Law Computin
80 80 80 80 P g
63.5
60 561 202 60 3, 576 60 57.0 60 575 603
o o s © . 47.1
. 41.4
2a0{ ,, 35 2 404 380 240] 356 2 40/
> : > > >
201 without CoT 201 without CoT 20 without CoT 201 without CoT
with CoT with CoT with CoT with CoT
0 - v 0 - v 0 T - 0 - !
R-L Acc R-L Acc R-L Acc R-L Acc

Figure 3: Comparison of RAG-Studio performance with and without our tailored chain-of-thought for fine-tuning.

Generator : (e+a)0| M (a)Zt &
Retriever : hard negative I:IAO| in-batch negative 22t at&
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Experiment

In-domain Retrieval

Biomedical Finance Law Computing TriviaQA (wiki)
R@5 NDCG@5 R@5 NDCG@5 R@5 NDCG@5 R@5 NDCG@5 R@5 NDCG@5

Before FT  50.8 36.1 66.6 494 77.3 58.6 77.5 56.5 23.1 34.1
After FT 514 379 66.2 51.9 77.1 59.5 78.3 59.0 225 344

Retriever

Table 4: Comparison of retrieval performance before and after in-domain fine-tuning.

Retriever 9A| FT & FEIE Ol MS0| ShAt=

29



Experiment

Data Quantity -> C}CFAM put saturate

60

58

56 1

Acc

54

52

50

Biomedical Finance Law
58 64
56 62 1
L. U60<
X 541 :
' 581 ‘
DSF(RAG) 52 DSF(RAG) DSF(RAG)
RAFT RAFT 56 RAFT
RAG-Studio RAG-Studio RAG-Studio
. . v v . . 50— . . . . . 541 . . v . .
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%
Computin ivi iki
62 P g 72 TriviaQA (wiki)
60 4
70
u58' o)
(&) L
< <L
561 DSF(RAG) 68 - DSF(RAG)
54 RAFT RAFT
RAG-Studio RAG-Studio
521 . . ' r . 66— . . . v .
0% 20% 40% 60% 80% 100% 0% 20% 40% 60% 80% 100%

Figure 4: Performance of different methods using different percentages of training data.
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Experiment

Data Quality

Method Biomedical Finance Law Computing TriviaQA (wiki)
R-.. Acc R-L Acc R-LL Acc R-LL Acc EM Acc
RAG-Studio 375 592 418 57.6 400 635 47.1 60.3 70.0 69.9
Using Raw Data 35.0 56.5 37.6 53.1 380 60.8 449 588 692 69.5

Table 5: Performance comparisons of fine-tuning on data with and without filtering.

Filtering2 2 2F 5% {22 85

SEAF

o
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Experiment

Different Model Setups

80
69.9 69.5 69.8 69.3
63.562.662.862.5 63.9
601 59.2 58.9 58.5 58.1 57.6 57.8 57.0 57.1 51  °0-359.959.559.2
50.6 495
45.2
)
U 40 -
<L Llama3-8B-Instruct + BGE
Llama3-8B-Instruct + Contriever
201 Mistrial-7TB-v0.2 + BGE
Mistrial-7B-v0.2 + Contriever
Llama2-7B-Chat + BGE
0 - - - - -
Biomedical Finance Law Computing TriviaQA (wiki)

Figure 5: Performance of RAG-Studio variations based on different initial generator and retriever combinations.
Weaker LLM -> lower data quality
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In-Domain RAG 22! 7§t 7= M

Q. E™ 20I0|AM GPT-40E S7I6t= Llama 3 8B RIS 7i&Ee = ASWP?

RAG-Studio
o[bjet 4=

=
—

-

o

30007H2| RHA| X|ZtSH StA H|O|EHHE LORA &5 Zntoto 2 mf &
A}
(@]

ds E8.

o

RAG ILtO|Z2tQl 35 Al DB =& 0| 7H& SMA|Z| =0, O|ZA =TT EME HE
O £ In-domain adaptabilityS Z%tot= o= R EO| £ | "% S0 =%
2 7oz 7|0y,
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