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Introduction

Problem?

(A) Single-Step Approach

Simpl_e Queq: @

When is the birthday m Documents
of Michael F. Phelps? e >

Simple Query:
When is the birthday
of Michael F. Phelps?

(B) Multi-Step Approach

g kK times

@a‘ Documents
Retriev

—————-C (Intermediate)

Straightforward Query:
Paris is the capital of what?

(C) Our Adaptive Approach

Answer

o:
Answer Answers £ Simple Query: OOO A o Documents
Inefficient {8 When is the birthday Re\ne"a >
‘ VComplex Query: @ of Michael F. Phelps? Answer
i k times S e
What currency is in ’—* Documents - LB Classifier @ (™ k times
. Billy Giles’ birthplace? | Ratrioval ' Complex Query: SoL% Documents : w/
‘ i What currency is in | Complex Query: : Documents
Answer y Retrieva What currency is in Retrieval
_ Billy Giles’ birthplace? | (Intermediate) Moot I i
= - Billy Giles' birthplace? (Intermediate)
Inaccurate Answers ~ Answers

o ZICESE queryOf] £t retrieve HAIE M= A2 R H|ESH0|C

« QA taskOlX queryQ| ST 0| [L}E EF7F HRSHC}

Query”Z} 0§ ZHE -> Retrieve 22 X
« QueryZ HES| ZHEE -> SHLC| E ATt retrieve

Query?Zt S& -> 2] 7H2e] A retrieve
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Introduction

Contribution

« High Performance & Efficiency

Performance vs Time with GPT-3.5

w
—

] Adaptive-RAG (Oum)* Multi-step Approa«_:hx

wm
o

=
(=]

% No Retrieval »
% Adaptive Retrieval

% Single-step Approach

res
~J

Performance (F1)
=S
0

0.5 1.0 1.5 2.0 2.5 3.0 i
Time per Query
Figure 1: QA performance (F1) and efficiency (Time/Query)
for different retrieval-augmented generation approaches. We
use the GPT-3.5-Turbo-Instruct as the base LLM.

18] |
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Introduction

Key points of Adaptive-RAG

Query classifier
e Queryl| 2L E EtsH= classifiers A train =X
Accuracy & Efficiency

« ClassifierE 0|2&2ZM open-domain QA taskH|A RAGS| MM SEAMS HitLt ==X

(C) Our Adaptive Approach

Straightforward Query: Answer
Paris is the capital of what?
=)
-
-
Simple Query: ©00 A —~  Documents
When is the birthday — ~—Retriev@ >
of Michael F. Phelps? Answer

Classifier g k times

" Complex Query: | = Documents
What currency is in Retrieval .
. Billy Giles' birthplace? Y, (Intermediate)

Answers 6/ 42
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Methods

1. Training classifier — Overall

1. OI[O|E{ & Of2liet Z0| 2faE
 Straightforward Query: Non-retrieval QA method -> A
« Simple Query: Single-step approach for QA -> B

« Complex Query: Multi-step approach for QA -> C
2. Labeled dataE 0|&%3l0] classifierE &

3. Output: classifierZt queryS 211 A, B, C & 20| si{Est=X| Tt

7/ 42
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1. Training classifier - Data Labeling
SQUAD V1.1
. Dataset: A& H|0|E{ M0 A 4007H2| query sampling (A& C|0|E{2} overlap X) Single-hop QA NQQ
TriviaQA
- Automated labeling strategy MuSiQue
Multi-hop QA HotpotQA
1. Generating silver data from predicted outcomes of models 2WikiMultiHopQA

HX| MM modeld|AH| queryE F11 B2 MMHSHEES o

ModelO| OFF 2 A= HZ=okA] g5l et B0l JHel B 2XIoHH A

A= BEEE[X| 252 HIO|H F, ofLfe| =M T A Wdet 207} &ior ZX[oHH B

A BE 2fHZIE[X| &2 H|0|E &, 2| A= oA MMdot Zatot ot LX[SHH C
2. Inductive Biases in dataset
. Q| ™S HA| DT label=|X| &2 H|0|E{0f| CH3H A=, B|0|E{2| inductive biasE 0|2

« =X} Single-hop QA HIO|E{H B, Multi-hop QA HIO|E{H C= 2t
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Methods

2. Inference

e X|E XE )| (C) Our Adaptive Approach
. Straightforward Query: —— Answer
(@] IorcC ;
1. Query"l CompleX|ty Ll-'—l- Paris is the capital of what? "
2. 2 complexityd] Sz =2 HH M | G
= p y | = T oHd 1o Simple Query: . @OO __4\_,» Documents
When is the birthday ~Retriev@
of Michael F. Phelps? Answer

i
ey 2 K times
Classifier Q) (>

" Complex Query: : Documents
What currency is in Retrieval .
_Billy Giles' birthplace? | (Intermediate)

Answers
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Experiment Data

Datasets

1. Eval dataset
« Single-hop QA
 SQuAD v1.1 - Questions created by annotators based on documents they read
» Natural Questions — Constructed by user queries on Google Search
« TriviaQA - Trivia questions sourced from various quiz sites
«  Multi-hop QA
* MuSiQue - queries needing 2~4 hops
* HotpotQA - Questions created by annotators that link multiple Wikipedia articles
« 2WikiMultiHopQA - derived from Wikipedia, needing 2-hops
2. Eval metric
« Effectiveness: F1, EM, Acc

- Efficiency: # of retrieval-and-generate steps, average time for answering each query 10/ 42
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Experiment Data

Implementation Details

* Retriever: BM25
« External Corpus (RAG Database)
« Single-hop: Pre-processed Wikipedia corpus for single-step questions (DPR)
* Multi-hop: Pre-processed Wikipedia corpus for multi-step questions (IRCoT)
« LLMs
« FLAN-T5 series (XL-3B, XXL-11B)
e gpt-3.5-turbo-instruct
» Classifier
« Tb5-Large model train

« 100 epoch?| at& S¢Qt validation datasetdl| CHsH 7H& =2 M52 22l epoch? model

11/ 42
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Experiment Data

Baselines

1.
2.

No Retrieval
Single-step Approach

« & queryOl| CHdH FZ=7 1 retrieve
Adaptive Retrieval

« Query0]| 2} retrieve 2X| ZX|, binary= TH:t

Self-RAG (SOTA)

5. Adaptive-RAG

Multi-step Approach
« 2= queryd] CHoH £ 424t retrieve

Adaptive-RAG w/ Oracle (complexity classification accuracy 100%)

12 / 42
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Experiments

Overall Results

FLAN-T5-XL (3B) FLAN-T5-XXL (11B) GPT-3.5 (Turbo)

Types Methods EM F1 Acc  Step Time EM Fl Acc Step Time EM F1 Acc  Step Time
Simple No Retrieval 1487 21.12 1597 000 0.11 17.83 25.14 1933 0.00 0.08 3577 48,56 4427 0.00 0.71
P Single-step Approach 3483 4431 3887 100 100 3787 47.63 4190 100 1.00 3473 4699 4527 1.00 1.00
Adaptive Retrieval 2387 3224 2673 050 056 2693 3567 2973 050 054 3590 4820 4530 050 0.86

Adaptive Self-RAG™ 990 2079 3157 072 043 10.87 2298 3413 074 023 1087 2298 34.13 0.74 150
Adaptive-RAG (Ours) 3717 4694 42.10 217 3.60 3890 4862 43.77 135 200 3797 5091 4897 1.03 146

Complex Multi-step Approach 39.00 4885 4370 4.69 881 40.13 5009 4520 2.13 380 38.13 5087 4970 281 333

Oracle Adaptive-RAG w/ Oracle 45.00 56.28 4990 128 211 47.17 5860 5220 084 1.10 4770 6280 5857 050 1.03

* Self-RAGO] 2HlilM = M ZHES finetuned LLaMA2-7B, LLaMA2-13BE HZ
- At EN
1. Simple &4]0] Complex 240 H[3{f 50| EOHX|X|2H 2EX Y (TH)
2. Adaptive-RAG > Adaptive Retrieval: tta3| retrieve 2X| ZX| THotsh=
3. Adaptive-RAG > Self-RAG

Y
|U
X
kot
i-|
zQ
0lo

13 /42
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Experiments

Overall Results - Single hop QA

Table 2: Results on each of a collection of datasets with FLAN-T5-XL (3B) as the LLM. We emphasize our results in bold.

SQuAD Natural Questions TriviaQA

Data Types Methods EM Fl Acc Step Time EM Fl1 Acc Step Time EM Fl1 Acc  Step Time
simple Vo Retrieval 3.60 1050 500 000 0.1 1420 19.00 1560 0.00 0.3 2500 31.80 27.00 0.00 0.13

_ZT0T _ _singlestep Approach 27803930 3400 100 100 3780 4730 4460 100 100 5360 6240 6020 100 100
Sinel Adaptive Retrieval 1340 23.10 17.60 050 0.55 2820 36.00 33.00 0.50 056 3840 4690 4260 050 0.56
ingle-step A gaptive  Self-RAG* 220 1120 1840 063 0.50 3140 39.00 3360 063 017 1280 2930 57.00 068 0.45
Adaptive-RAG (Ours) 26.80 3830 33.00 137 202 3780 47.30 4460 1.00 100 5220 60.70 5820 123 1.54
Complex Multi-step Approach 2440 3560 29.60 452 9.03 3860 47.80 4420 504 10.18 5380 6240 6020 528 9.22

Oracle Adaptive-RAG w/ Oracle 32.00 45.60 3820 124 160 4740 57.10 5360 1.10 155 61.60 7020 6640 0.79 1.10

1. Effectiveness: Complex Strategy <= Adaptive-RAG <= Simple Strategy
2. Efficiency: Complex Strategy < Adaptive-RAG < Simple Strategy

3. Adaptive-RAG w/ Oracle classifier -> Best Performance: Query Complexity Classify2| &S24

14 / 42
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Experiments

Overall Results — Multi hop QA

MuSiQue HotpotQA 2WikiMultiHopQA

Data Types Methods EM Fl1 Acc  Step Time EM Fl1 Acc Step Time EM Fl Acc  Step Time

Simple No Retrieval 240 1070 320 000 oO.11 16.60 2271 1720 000 0.11 2740 32.04 27.80 0.00 0.10

P Single-step Approach 13.80 22.80 1520 1.00 1.00 3440 46.15 3640 100 100 41.60 4790 4280 1.00 1.00

Multi-st Adaptive Retrieval 640 1580 8.00 050 055 2360 3222 2500 050 055 3320 3944 3420 050 0.55

witl-slep  Adaptive  Self-RAG” 1.60 810 12.00 073 051 680 1753 2960 073 045 460 1959 38.80 093 0.49
_______ AdaptiveRAG (Ows) = 23.60 3180 26.00 ENNEENEE 4200 5382 4440 SN 4060 4975 4640 ENEEESEN

Complex Multi-step Approach 23.00 3190 2580 3.60 7.58 4460 5654 4700 553 938 4960 5885 5540 4.17 7.37

Oracle Adaptive-RAG w/ Oracle 2480 38.50 27.00 198 399 5120 64.00 5480 159 277 53.00 6230 5940 1.01 1.69

1. Effectiveness: Simple Strategy < Adaptive-RAG <= Complex Strategy
2. Efficiency: Complex Strategy < Adaptive-RAG < Simple Strategy

3. Adaptive-RAG w/ Oracle classifier -> Best Performance: Query Complexity Classify2| S22
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Experiments

Classifier Performance

FLAN -T5-XL FLAN -T5 -XXL Confusion Matrix

60 JAdaptive Retrieval 60 I JAdaptive Retrieval
[ 1Self-RAG [ 1Self-RAG o 0.6
50 Adaptive-RAG (Ours) 5(0 4&JAdaptive-RAG (Ours) Z 0.31
50 A 50 A
40 A 40 - © 0.4
45 4 45 4 = - 0.1
30 - 30 - O
I 40 1 40 4 = -0.2
20 A 20 1 § - 0.03 0.31
10 T 35 T 10 T 35 T | i
F1 Classifier Acc. F1 Classifier Acc. No One Multi

Gold label2 2FA{ labeling gt 24X & 2= C|O[E{ Aol CHSH silver labeling + inductive bias 7%

1. Adaptive Retrieval, Self-RAG =CI X =0l queryE E11 retrieve &X| HX| 2H
2. Adaptive-RAGS| Classifier?} 712 E2lCt -> QAL| F1 score E=HE7HX| 0|07
3. Confusion Matrix

o "Multi"Z HZFE|0{O0} & query=0]| 7t& “Single”Z O|EE[7| = St11 (31%)

« "Single"2Z K{ZFE|0{0} & queryS0| "Multi"Z HIEZE|7|= & (23%)

«  “No"7} 7}& misclassified E! 20| =2 16 / 42
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Experiments

Analyses on Training Data for Classifier

QA Classifier (Accuracy)
Training Strategies F1 Step All No One Multi

Adaptive-RAG (Ours) 46.94 1084 54.52 30.52 66.28 65.45

w/o Binary 4343 640 60.30 62.19 65.70 39.55
w/o Silver 48.79 1464 40.00 0.00 53.98 75.91

Silver — model= A-E3dliA] H|O|E 2teiE o 2

Binary - GIO|E{2| £X (single-hop or multi-hop) = 2RIt HitH

Binary’l Si= B, classifier?| overall 452 £O0IX|X[2 F1 score?} SOHE

Silver7} $l= A2, Classifier®| “No” (Retrieve 2l &|= A<)0]| Lt Met40| 0
Classifiere| M=t 0| tEO0X| 12, QA task = A| efficiency &2

ECtAIR6HE 2HHO| Mol 288 B M 4= Ql= viHo|CH 17742
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Experiments

Analyses on Classifier Size

QA Classifier (Accuracy)
Sizes F1 Step All No One Multi

Small (60M) 45.83 964 53.48 26.65 70.62 53.18
Base (223M) 4597 983 53.41 26.42 69.46 56.82
Large (770M) 46.94 1084 54.52 30.52 66.28 65.45

A7|7F HME I3 A HeHMof|l XHo|= €12 -> classifierS resource-efficient setting®IAM = & AF2E 4= QUCH!

o/ O

18 / 42
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Conclusion

Conclusion

« Al ABHS JPASI0] Efficient RAG pipelineS 2HSRUCH= oA £& contribution

o XX} real-world scenarioS 7}Ae Z10|AH9 ™ train&l classifierE CHE H|O|E{AlIY| = M2 HH E/US 71 2T}

« Self-RAGS2} CIE retrieverE AL (T2F?) -> Self-RAGO|A] £2 Contriever-MS-MarcoE 4O ™ ZtJt o{HS7t
TriviaQA Short-form

Data Types Methods EM F1 Acc  Step Time POpQA TQA
Simol No Retrieval 2500 31.80 27.00 0.00 0.13 LM (acc)  (acc)

OMPE singlestep Approach 5360 6240 6020 1.00 100

. Adaptive Retrieval 3840 4690 4260 050 0.56

Single-step 5 gaptive  Self-RAG” 1280 2930 57.00 0.68 045 Toolformer*es - 488
_______ Adaptive-RAG (Ours) 5220 60.70 5820 123 154 Llama2s, 382 425
_ Complex _Multi-step Approach  53.80 6240 6020 528 922 Alpacas 46.7  64.1
Oracle  Adaptive-RAG w/ Oracle 61.60 7020 6640 0.79 1.10 Llama2-FT7; 487 57.3
SAIL*7, - —
Llama23, 45.7 47.0
_Alpacaizs 46.1  66.9
Our SELF-RAG 73 54.9 66.4

Our SELF-RAG 55.8 69.3
" 3 19 / 42
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Introduction

ARAGOG

1. 77X Ctst RAG Techniques 274

2. Zt RAG TechniquesS& 7t £ 24

RAG Technique Type

Sentence-window retrieval
Document summary index

Decoupling of Retrieval and Generation

HyDE .
Multi-query Query Expansion
Maximal Marginal Relevance (MMR) Enhancement Mechanism

Cohere Re-ranker

LLM-based Re-ranker Re-rankers

21 /42
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RAG Techniques

1. Sentence-window retrieval

Sentence Window Re‘trierl

sentence embedding B ; give whole

window to LLM

winclow (e.g 2 sentences before & ofter)

“Retrieve CtA|= ZICHSHA| Generation Bl 2E6HA|”
1. TextE 7HE sentence HHRIZ2 LIS0] retrieve] =&
2. HAME=lI (MEHE]) sentence FHO| window size BHE2| F71HQl 2EES 7HM2t generationd| AFER

o WO &2 HEHZ =5 retrieve 610, LLMO[A| O B2 2 =& 7}

or

22 /42
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RAG Techniques

2. Document Summary Index

Document 1

Retrieval modes:
e LLM retrieval
o Embedding retrieval

“Document summaryE &85%! retrieve”
1. LLMZ AHEd8A 2t document?| summaryS &30 DBOf| XM
2. DocumentZ chunkingstt{ StLt2| node EHE K&
3. query2t document summary2| FALE ALBHA, 71 APt summaryE 14Xt retrieve

4. Query2t node (text chunk)2| SAtE AlASHA 71 fAFet node £[Z retrieve 23 / 42
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RAG Techniques

3. HyDE (Hypothetical Document Embedding) (2023 ACL)

write a passage to answer the question i
How wisdom teeth are removed...

how long does it take to remove H y D E Some ... a few minutes, whereas

wisdom tooth It usually takes between 30 others can take 20 minutes or
minutes and two hours to longer....
remove a wisdom tooth...
:..depression and apxiety had . ... two studies investigating
increased by 20% since the Contriever COVID-19 patients ... significantly
start of the pandemic... ) J higher level of depressive ...
QiZto] B2 A8 7|22 &

...

write a scientific paper passage to answer

the question

How has the COVID-19 pandemic impacted
mental health?

write a passage in Korean to answer the 22 NS AIRSHA|7|= 31

question in detail - S8
P o S O 2| 271 2AHE 1420t Fo
QZt2 H| B A EBHETN? 2= Azazich.

instruction query generated document real document

“Document-Query?} Ot-l Document-{4dEZ&2| W+ HE{}2| FAlT H|u1"

1. query®t query0i| CHt instruction2 LLMOI[AH| 3201 sHE queryOl| CHeE N7He| 2A/EHHES MMSIES

oo

2. MEEINIHS ZM 2fZe] ATt queryQ| AHIE S Seoi s At =v

ve} documents| FAIEE 7|BICE retrieve
24 / 42
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RAG Techniques

4. Multi-Query
B a2 2l S

Generate N additional

similar queries

_’l

Use all the new queries +
l— the original query to —Ol

retrieve relevant documents

"Original queryE 0{2{ 7i2| new queriesZ LH=L}"

1. Original query -> LLMZ AF25t0 2] 79| queries 44
ex. Who won a championship more recently, the Red Sox or the Patriots?
* "When was the last time the Red Sox won a championship?"

« "When was the last time the Patriots won a championship?"

2. 29| querySE retrieve t0, retrieve® A4S & 25 / 42
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RAG Techniques

5. Maximum Marginal Relevance (MMR)

MMR = X - Sim(d,Q) — (1 — ) - max Sim(d, d")
’C /

“"Retrievek|= documents?| =& dtX|”
1. Query0]| CHet SALE M2t 0|0 MEHEI documents AO|2] RALE M-8 126t X[ M4 AlA
2. QAIE BT 5 documentsE retrieve

JRUPEL:

« Sim(d,Q)= document?}t Query2te| QA
« max Sim(d,d’)2 o|0| MEHEl docs@t MEfSHE = docl| FAH

* Query®t documenti= RFAFSHHEA, 00| retrievest documentseh= FASH BES (BSEX RES) ¢,



;i;;"): Natural Language Processing
< & Artificial Intelligence

RAG Techniques

6. Cohere Rerank

l Retrieve k documents I
I Send k documents
for reranking
l Return n best documents

“Retrieve Again”
1. QueryE 7|&2 2 fAFet k72| documents (chunks) retrieve

2. (Cohere) Reranker?t CHA| k7H2| documentsd| CHEH query2te| fAHE S THERSHY top n7He] documentsh &

27 /42
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RAG Techniques

/. LLM Rerank

A list of documents is shown below. Each document has a number next to it along with a su
Respond with the numbers of the documents you should consult to answer the question, in
as the relevance score. The relevance score is a number from 1-10 based on how relevant
Do not include any documents that are not relevant to the question.

Example format:
Document 1:

<summary of document 1>
Document 2:

<summary of document 2>

Document 10:

<summary of document 10>
Question: <question>
Answer:

Doc: 9, Relevance: 7
Doc: 3, Relevance: 4
Doc: 7, Relevance: 3
Let's try this now:
{context_str}
Question: {query_str}
Answer:

“More cost, more accurate rerank”

« X rerankingiTE A2 LLME A9 ZIAo

28 / 42
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RAG Techniques

g
RAG Technique Type
Sentence-window retl.‘leval Decoupling of Retrieval and Generation
Document summary index
HyDE :
Multi-query Query Expansion
Maximal Marginal Relevance (MMR) Enhancement Mechanism
Cohere Re-ranker R K
LLM-based Re-ranker C-TANKeLs

29 / 42
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Experiment

Data

1. Data: 42372| Al / LLM 20f =&
2. RAG DB Construction
« Query= 2% 13719| key ==0]| CHEHMEF SHE = queryd
« LIHX| 41071= noise (real-world2t H|=:8HA| 87| 2[E)
3. Chunking
» Classic VDB: TokenTextSplitter (chunk size of 512 tokens & overlap of 50 tokens)
* Sentence-window Retrieval: SentenceWindowNodeParser (window_size=3 sentences)
« Document-summary-index: TokenTextSplitter(chunk size of 3072 tokens & overlap of 100 tokens)

« Summarize SiofstE2 =2 [ 71 ZOo| R

30/ 42
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Experiment

423 papers about LLMs and Al
Full Dataset —<
Available through Hugging Face
Based on a subset of 13 papers from the original dataset

/—— Question-Answer Pairs Generated with GPT-4
Al ArXiv Dataset Preparation

Reviewed by humans for relevance and accuracy

TokenTextSplitter for vector database

Chunking Approach SentenceWindowNodeParser for sentence windows
TokenTextSplitter with larger chunks for Document
summary index creation

» Evaluation Data Preparation
« 137H29| key papersOi| CHall GPT-42 TH=S0{Zl 1077H2] QA pairs

- O|Z human reviewZ relevance, accuracy A&
31/ 42
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Experiment

Metrics — Retrieval Precision

—— Chunk 1: Score O or 1

Send evaluation
question to system

System returns 3
chunks

Each chunk

evaluated
for

relevancy

Chunk 2: Score O or 1

Calculate retrieval
precision: Relevant
chunks / Total
chunks

Repeat for all
questions in dataset

Calculate mean of
retrieval precision
scores for all
questions

— Chunk 3: Score O or 1

1. Retrieval Precision: Directly measuring efficacy of the retrieval system
« LLMO{[#| Retrieved chunksZt questiondi| OtLt relevant®tX| 0~1 AO| B2 7| =5 28
(A7t =24F context 2t0i| relevant portion0| HCH= 55Ql)

* Retrievett 371 E=A0] Ciet Bt s 2E = ALt
32/ 42
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Experiment

Metrics - Answer Similarity (Secondary)

2. Answer Similarity
« Z} RAG system@ = MM El answer?} reference answer?t L0t} align £[&=X| 0~5 ALO| 42 I}
- 2 =F9 SN2 o™ BA0| & retrieve oh= AQIK| THEtSH= 240|122,
(+ LLM MM Al ot @F3 7} 2HMSHX| B=202) answer similarity= secondary metricRQ 2 F Gt 4=

« Experiment Details
« ZI RAG techniques2 10 runs S¢F A5t 10812 outputo]| CHS 25 7t

o MM OH M7 DE DS GPT-3.5-turbo

33/ 42
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(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query

Results — Retrieval Precision

Experiment

Boxplot of Retrieval Precision by Experiment

Classic VDB + Naive RAGH

Classic VDB + Cohere Rerank -

Classic VDB + LLM Rerank -

Classic VDB + HyDE -

Classic VDB + HyDE + Cohere Rerank -

Classic VDB + HyDE + LLM Rerank -

Classic VDB + Maximal Marginal Relevance (MMR) -
Classic VDB + Multi Query + Reciprocal -

Classic VDB + Multi Query + Cohere rerank -
Sentence window retrieval -

Sentence window retrieval + Cohere rerank -
Sentence window retrieval + LLM Rerank -
Sentence window retrieval + HyDE -

Sentence window retrieval + HyDE + Cohere Rerank -
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(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query
(Answer) LLM Rerank >= Cohere Rerank >= MMR >= Naive RAG > HyDE > Multi-query > Doc-sum-index > Sentence-window

Results - Answer Similarity

Boxplot of Answer Similarity by Experiment

Classic VDB + Naive RAGH f 1 . .
J « Sentence window retrievalO| 7%
Classic VDB + Cohere Rerank - _— j—{
Classic VDB + LLM Rerank — H IECI-% A—?,—O-I % EOI:!
Classic VDB + HyDE - — — L
. [ . -
Classic VDB + HyDE + Cohere Rerank - ‘,—D]»{ (o) HyDE — Nalve RAGJ—l-
Classic VDB + HyDE + LLM Rerank } | H %6"7" L_l' LD—CI-S ]I'IEDI_'Iﬁ
Classic VDB + Maximal Marginal Relevance (MMR) - | } |
E Classic VDB + Multi Query + Reciprocal 1 I : { 1 ° LLM rerank, MMR, COhere RerankE
% Classic VDB + Multi Query + Cohere rerank ]»«D]— 0 Na'l've RAGQ'_ H %'5'_7_' L_l_ L___I %.1;8 ]I-IEIF_-Iﬁ
Sentence window retrieval — —
Sentence window retrieval + Cohere rerank - } o MUIti-queryE Na.l.ve RAGQ" H | Il_'('5|-03|
Sentence window retrieval + LLM Rerank { |—— — O =
2N EOX|= HEHA
Sentence window retrieval + HyDE — —
Sentence window retrieval + HyDE + Cohere Rerank %,7 O O . Document-summary indeXE Na.l.ve
Document summary index + Cohere Rerank - t ! N L
RAG 2L} g BOX|= H{EHA
Document summary index + HyDE + Cohere Rerank - ) [D 1
2.'8 2.v9 3.'0 3.'1 3.I2 35 / 42

answer_similarity



257>, Natural Language Processing
& Artificial Intelligence

(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query

Results - Tukey’'s HSD Test for Retrieval Precision - Overall

Technique Comparison Mean Diff. P-adj Reject Null
Cohere Rerank Naive RAG -0.0150 0.4515 False
HyDE Naive RAG -0.0648 0.0000 True
HyDE + Cohere Rerank Naive RAG -0.0371 0.0000 True
HyDE + LLM Rerank Naive RAG -0.0749 0.0000 True
LLM Rerank Naive RAG -0.0514 0.0000 True
Maximal Marginal Relevance (MMR) Naive RAG -0.0156 0.3787 False
Multi Query + Cohere Rerank Naive RAG 0.0012 1.0000 False
Multi Query + Reciprocal Naive RAG 0.0542 0.0000 True
Mean Diff7t 24=H Technique > Comparison / Reject NullO| TrueO|H "F=gt 0tst X10| 7t Q=" Z4
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(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query

Results — Tukey’'s HSD Test for Retrieval Precision - HyDE

Technique Comparison Mean Diff. P-adj Reject Null
HyDE HyDE + Cohere Rerank -0.0277 0.0002 True
HyDE HyDE + LLM Rerank 0.0101 0.3255 False
HyDE LLM Rerank -0.0134 0.1175 False
HyDE + Cohere Rerank HyDE + LLM Rerank 0.0378 0.0000 True
HyDE + Cohere Rerank LLM Rerank 0.0143 0.0842 False
HyDE + LLM Rerank LLM Rerank -0.0235 0.0015 True

Mean Diff7} 24=H Technique < Comparison / Reject NullO| TrueO|H "ZF=gt 0tst X10| 7t Q=" Z4
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(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query

Results - Tukey’s HSD Test for Retrieval Precision - Sentence window

Base Technique Compared Technique Mean Diff. P-adj Reject Null
Sentence Window  Sentence Window + Cohere Rerank 0.0090 0.9768 False
Sentence Window  Sentence Window + HyDE -0.0025 1.0000 False
Sentence Window  Sentence Window + HyDE + Cohere Rerank -0.0078 0.9945 False
Sentence Window  Sentence Window + LLM Rerank 0.0332 0.0000 True

Mean Diff7} 24=H Technique < Comparison / Reject NullO| TrueO|H “ZF 2%t atst k0|7t =" A

« Sentence Window 2Al0|| LLM RerankZ 20|= 20| Sentence WindowE tH=O 2 M E I HLC}
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(Retrieval) Sentence-window > HyDE >= LLM Rerank > Doc-sum-index > Cohere Rerank >= MMR >= Naive RAG > Multi-query

Results — Tukey’'s HSD Test for Retrieval Precision - Doc Sum

Technique Comparison Mean Diff. P-adj Reject Null

Doc Summ Index + Cohere Rerank Classic VDB + Naive RAG 0.0545 0.0000 True

Doc Summ Index 4+ Cohere Rerank Sentence Window Retrieval 0.1679 0.0000 True

Classic VDB + Naive RAG Sentence Window Retrieval 0.1134 0.0000 True
Mean Diff7| 24H Technique < Comparison / Reject NullO| TrueO|H "F5gt otot X10|7F Q=" 24

« Doc Summdj| & 7|HZ L= ZH0l|, Sentence Window RetrievalO| 7t ZQULCH
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Results

Boxplot of Retrieval Precision by Experiment
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Conclusion
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Thank you

Q&A
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