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Part 1

ME#1 2 H Concept
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Part 1

Fine-Tuning LLaMA for Multi-Stage Text Retrieval

ZF |E. E—IIQ"'_Q_"".O:I -|AHA22"'A|-"'|. :I_'— nvS | __I.l.
LLAMA 2 Z0| 2 B2 = =850 AM Hds= SFetotdi= oy Od Z Retriever(RepLLaMA)
— = M "'l_ olS LC} "'l AM=O & | |- ot |-|:|
@} Rerank (RankLLaMA) = 7tX| & ¥t QU F. S| ds=2 24 Cr0 of CFEt
S AXE {H| 2 S0 =X 7F UM ArESH [ = 0 Y
S& RS HH AMHA SE0 EX[7F A0 AFRSH [ = 023 E¢
Retriever(RepLLaMA)
Model Source DEV DL19 DL20
N size prev. top-k | MRR@10 R@1k | nDCG@10 | nDCG@10
e QueryS FH HAHE DocumentsS HMGH= Task Retrieval
o UBFEOI bi-encoder dense retriever DPR1M R AMSH Tf2{CH! =& BM25 (Lin etal., 2021) - . ICl | 184 83.3 S0.6 480
ANCE (Xiong et al., 2021) 125M - cl| 330 95.9 64.5 64.6
o BERT DPRUME= [cs] ET 2UHE =& CoCondenser (Gao and Callan, 2022b) | 110M - || 382 98.4 717 68.4
. C sios e - = GTR-base (Ni et al., 2022) 110M - cl| 366 98.3 - -
o LLaMAOIM= [cs] & 282 + SioL HI5HH [eos] E &8 GTR-XXL (Ni et al., 2022) 4.8B - c|| 388 99.0 ; -
o f2}A Query/Document ol </ss fEOS}ﬁ Ey) =1 Opan[Ad:ﬁ (Nee].ill?m’)[zr;:\t al., 2022) ”::’_]M - 1?! 344 98.6 70.4 67.6
% 2 UHEZ (</s> )9 last hidden layer (OFXI2} 2|00 EZ B S dish RepLLaMA C| | 412 99.4
e 1 = dot productE ZEM FAIEE AL _ eranking
monoBERT (Nogueira et al., 2019) 10M | BM25 1000 | 372 85.3 723 72.2
cross-SimLM (Wang et al., 2023) 110M | bi-SimLM 200 | 437 98.7 74.6 72.7
RankT5 (Zhuang et al., 2023) 220M GTR 1000 | 434 98.3 - -
Rerank(RankLLaMA) - : I8 L RenlluMA_ 00l Alo o0 d 56 2
RankLLaMA-13B 13B | RepLLaMA 200 | 452 99.4 76.0 71.9
B T R YT 4 S B ) B BV o0 = . 0.8 e
e Query?t B E Document?t F=O0{A|H CHA] DocumentS A& E5H= Task PRP (Qin et al., 2023) 208 | BM25 100 - - 727 70.5
- _ ol aim o ol oa RankGPT3 5 (Sun et al., 2023) ? BM25 100 - - 65.8 72.9
* Query2l Document?| Input2 2 FOX|H & 7§ AFO|2Q| FH Score?t LI + UEE =& RankGPT; (Sun et al., 2023) 2 | RankGPT;5 30 - - 75.6 70.6

@ input: query:{Q}, document: {D} </s>
o output: sim(Q,D) = Linear(Decoder(input)[-1])
¢ Training2 9|2| RepllaMA2} SUSHAH| T

https://arxiv.org/pdf/2310.08319
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Part 1

RE-AdaptIR: Improving Information Retrieval through Reverse Engineered Adaptation ‘ LH§o|§

C ES o oF Sk (== 7= :
Pretreain 2 2! 0| Domain E2}=l AMZS 2|5t st&ot E 21} 7| &2| Global Domain
© O SlLAZTL HHO & — o
Foo| ZMZ 2slA st5 ot 222 2K Re-Adapted Retriever O| 2= 212 A| 2tat
ReplL e5-Mistial—

Dataset Base] RA Base | RA
Labeled MS-MARCO 465 46.1 || 365 | 40.1
— Retreval  —— FEVER 84.0] 838 | 851 877
Pretrained LLM Tramning Retriever HotPotQA 6721 67.6 | 725 | 734
| NQ 61.8] 621 | 533 524
. . Quora 80.1] 828 | 856 | 88.0
Fine-Tuming -g=v Arguana 523 | 526 | 520 | 590
(New Domain) RE-Adapt Climate-FEVER | 30.8| 304 § 249 | 314
| ! DBPedia 434 435 J472| 471
FiQA 442 455 499 | 523
-— NFCorpus 38.0] 38.6 § 396 | 408
L o - — SCIDOCS 17.7] 183 | 186 | 187
RE- 1,“:1“'” IR SciFact 74.5 76.3 71.4 733
Fine-Tuned LLM o RE-Adapted TREC-COVID 84.0]| 85.6 § 839 | 81.0
Retriever Touche-2020 275 270 § 29.0 | 30.1
) ) Average 537 $43 | 535 554
Figure 1: In RE-ADAPTIR, RE-ADAPT is extended to Average Z-Shot | 543 | 549 | 46.3 | 482

an existing retrieval model to isolate what was learned
during labeled contrastive training. The pretrained
model is fine-tuned on unlabeled in-domain documents
and readapted tor text retrieval. The new retriever out-
performs the original on both in-domain and zero-shot
information retrieval tasks.

https://arxiv.org/pdf/2406.14764

Table 1: nDCG@ 10 across test splits for MS-MARCO
and BelR datasets. The results highlighted in orange
indicate the dataset’s train split was used for training
the corresponding model and are not zero-shot. Base 1s
the unmodified model and RA is the model RE-Adapted
after fine-tuning on the domain.
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Part 1

RankRAG: Unifying Context Ranking with Retrieval-Augmented Generation in LLMs

=
o
O] 7| M= Rerank 2} Generation = 7HX|E EE & feligt = Q=12

HE O E Rerank 7|52 7| E Bi-Encoder71| & 2|cross Encoder 7| Bt 7| = B4O| A-ESHA| B
C £
1T o 1T AL [ =]

Training : Inference

E QLICF}' CD]' (Zero-s) > iviaQA Y HotpotQA  2WikimQA FEVER Doc2Dial TopiOCQA  Inscit  Avg.
LLM A M EM / Acc EM / Acc. EM / F EM /F Acc. F1 Fl Fl -
it 'd Generation
RankRAG . mr T T mew Faw T T
Pal 212 6.9/ 1 / 1
Pal 08B (S shot, 3 1- -1~ / Z -

Stage-1: SFT

Conversation Chain-of-thought ~ Long-form QA  Synthetic Instructions =
SODA, D‘D]I}'- Self-Instruct, . . H Retriever Rerank Generate 827 201 285 22 \)35
OpenAssistant FLAN ELIS Unnatural Instruction RankRAG P les DP% Dragon) AnSwer ¥o  Be i s e
T i Top-N Docs Top-N Docs Tup-K Daocs T
steuction.Tuning LG LEon L [E ow @ =
Conversation Reading Comprehension Retrieval-angmented [ Context Ranking ‘ 2. T 2 . 046_" 2. . (e ﬁé 1‘33 53 :
Synthetic Conversation, | NarrativeQA. DROP, Quoref, QA & Ranking MS Marco » " . o 63 e MU I DS LR BN H 8 &
HumanAnnotatedConv() NewsQA, TAT-QA, ROPES 5QuAD, WebQuestion | \ Synthetic Conversation ) = L 2 7 27 : :
Newlv lntroduced Tasks N.[E . 2] 057 +— Retcvnce s  EEmmaamleosw ¥ & B
Figure 2: Two-stage instruction tuning framework for RankRAG.
[ - e e
L == o —_ E . = x
QIHIM Ol || s SEALS QB |FT 1EHA| 2| Conversation | O| H F =0 &l HE
o SH= i J = 0|5
L2 =AdotCt, 719t B MM 2|10 Rerank & 21 G| O] E

37HX & S H = FHTILY.

https://arxiv.org/pdf/2407.02485v1
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Part 1

SKR : Self-Knowledge Guided Retrieval Augmentation for Large Language Models ‘ Age”é@%“
ds g2 ol Ar8dSt=RrRAG 7 S0 HEE M-St 25|8 X E HEHES Fot=
Aot M7l 0|2 2517|9510 AAZ B Jps 8t AR OIX| O 22 THrs= SEHO)
HIHES A Qe (RN XA = 28 S 2 RAG 7|8 B S MEISHE 7|52 LLMO| =33 E & oY)

(X715t =X E)

;_] Question (Answer: Yes)

be welcome in an airport? |

) 4

Would a German Shepherd | N

Yes. German Shepherds are

" |often used as seeing-eye dogs.

*)_| Retrieved Passages |
Old German Shepherds Dog

is a controversial name for...

N
2

Mo. Airports have very strict

Figure 1: Comparison between two responses given
by InstructGPT. The retrieved passages are relevant but
not particularly helpful for solving the question, which
influences the model’s judgment and leads to incorrect

dnswers.

https://arxiv.org/pdf/2310.05002
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regulations regarding animals.
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Part 1

GAR-MEETS-RAG PARADIGM FOR ZERO-SHOT INFORMATION RETRIEVAL

LLM 7|8t 2 = Retrieval, Query Rewrite & BIE M O 2 =35l 1 Rerank 7t X| = LLME= AIESHE
YE= Mol US. (0 2F0M= =M ALESH| 02 ? 28

y - ] — e - \ Fs
T ( " ) 4 \ L §:Final set | §*: Re-ranked setl_
| R, :Retrievals | ( — - !

i 'y ¥ ar a
,r — -, The patential touicity of artificial Diietary sugar and body weight:
("2, Incressing whale grain intake aq REt”E ve Fllter by wwaatunery. Tha safuly of artificial - - Fiiwe wet raached a criss in the
- D — swesbaners... * apidemic of coasity._
part af praventian and traatmant of : - Ea— Relevan ~ 4 \
fatty liver diseass.. —A = q Querf '\.. tup N .-‘")I b& B
How diet soda could make | —g — ﬂgﬂr;flﬂ:‘mrd ﬂ|"5u::;:| — —_— E‘r-;mllr-;:wwmh:;wmwr
2, ¢ The potential toxicity of artificial us gain weight? R& , ang p,:u:._ ;tr.“mwmr!'.‘__ GI-DIHII‘:J umuﬂ wm SLGIE .
wmmrn Theer salety of artificial . Qesa — - Rae- k -
SWoEbEners. . ; i a-rank . :
' @ i \""\-\_ - 4
E [ g,:Rewrite ) i DR ] By N ( mnrﬁen:wwmmrmrﬂw
<, Calosic restriction, the ' I E i B o s s sab iyl S
mmm:ﬂﬁm;ﬁﬁg,mu Effects of artificial | | : Rewrite L DUESmETE TS ) a HBETENEIE.., |
fmitiny il sweeteners on weight gain \_ Query p. 4
LS A . A
Table 1: Retrieval performance (nDCG@ 10) on BEIR datasets. Dataset-wise best score is marked
Algorithm 1 RRR: Rewrite, Retrieve, Re-rank in bold and the second best is underlined.
1: Input: query ¢, corpus Z, rewriter g, retriever f, relevance model &, relevance threshold 7, re-ranker h,
#docs to retrieve N, #retrievals to augment in the rewriter prompt N, max #rewrites Ny, Method TREC-COVID NFCorpus Signal-1M (RT) TREC-NEWS Robust04 Touché-2020 DBPedia SciFact
2: Initialize: ¢; + g, output document set S < {}, rewrite prompt o (q) BM25 59.5 30.8 330 395 40.7 4.2 318 67.9
: DPR 332 18.9 155 16.1 252 13.1 263 318
3 fori1,..., Ny do ANCE 65.4 23.7 249 38.2 39.2 24.0 28.1 50.7
Retrieve and filter monaTs (35 507 ©0 By 5 567 Wi m4 s
4 Retrieve N documents from Z, R+ + f(qt), for query g: using the retrieval model f Promptagator ++few-shot) 76.2 37.0 - - - 38.1 434 731
5 Obtain relevance scores o(z, ¢), z € R+ from the relevance model o RRR (this work 864 399 08 536 5 298 510 112
6: Get filtered document set F; + {z € Ry | o(q,2) > 7} | | {6 work) = - - - - - | |
7: Addto S,ie.S+ SUF;
8: if |S| = N then .
9: break Table 2: Retrieval performance (Recall@100) on BEIR datasets. For TREC-CQOVID, capped Re-
10: end if call@100 is used. Dataset-wise best score is marked in bold and the second best is underlined.
Rewrite

11: Take top Nuyg documents R, w,,, from R+ (using retriever scores in Step 4) Method TREC-COVID NFCorpus Signal-1M (RT) TREC-NEWS Robust04 Touché-2020 DBPedia SciFact

12: Add g: and R, n,,, to the prompt, i.e., m: <= APPEND(Tt—1, qt, Rt Ny, ) %héaﬁ % ig.g ?zlzl % % gg;l' ﬁ.g %

ii en de;,:erate new rewrite ge1 = g(qe; ) ANGE 157 232 239 3938 74 158 319 816

: TAS-B 387 28.0 304 418 33.1 43.1 49.9 89.1

15: Order documents by relevance scores, i.e., S « Il (q, (S ) monoT5 (3B) 49.8 246 37.0 4.7 375 58.2 16.8 92.5

@ Re-rank using LLM-based h RRR (this work) s 4 ; ) 5.0 :

16: return 8 = h(S)

https://arxiv.org/pdf/2310.20158
(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 1

Prompt-Guided Retrieval Augmentation for Non-Knowledge-Intensive Tasks

Prompt Guided Reranker 2t= 7l = Sl A A Anto| Held= ChA| eHH HX| 310
HH|H Ol 52 2 A|Z]7] flet L= XAl (Reranker A= Prompt 71 EF LLv © =2 K 2)

o —

Template: Is this review positive or
negative? The answer is:

% — [Task-Agnostic RetrieverJ / Prompt-Guided Reranker \

g: This is the biggest insult to TMNT ever.

lTop-k :..'-l””"ﬁLM""“.' l

’/tl: Teenage Mutant Ninja Turtles 1is an American media\' t ti Template; -{ p-d

franchise. e : <k)

: PLM oyl E— —

t2: panger of the Ooze is still struggles to completely | | A "'g t Template§ [ Reader ]

find its footing. 19 Templatei‘:‘lé t3 Templateé /
t3: The TMNT Alphabet Insult Game! ey " 1
t4: TMNT: Danger of the Ooze does a few things right, task-specifc <t4 Template'é’/
L but it still feels incredibly generic. ) t’label similarity / answer: Negative

Figure 1: The framework of our proposed Prompt-Guided Retrieval Augmentation (PGRA) method. We first
retrieve candidates through a task-agnostic retriever (Section 2.1), then use a task-specific prompt and pre-trained
language model (PLM) to rerank the candidates (Section 2.2). We send the top results to the reader to make

predictions. (Section 2.3).

https://arxiv.org/pdf/2305.17653
(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 1

CHAIN-OF-KNOWLEDGE: GROUNDING LARGE LANGUAGE MODELS VIA DYNAMIC KNOWLEDGE ADAPTING
OVER HETEROGENEOUS SOURCES

CoT 9|— RAG 7| H} Knowledge 22 74A5HS| o EH O| HEH 2 S X—”Al Ol_ - OlS O|.EH ] 2l O-" H H
L ge=0oc = =20 oHl— odT== 4= A= = L
. e —t . O — b i
Rationale(O| 22X sl|AO|2tD o= EE20| EXOZ HQl (g2 0r=11 XAl 2 H=6110
— 1 - L— | L -1 O — . 1= L= ) 11— o
-, . —r —r
HAESM MEE S-S OF=10 CRA| 2t X|AIS 71X 0 @ 1 BHESHY X[ = B M= SkA
o (L 1= L= — L 1= [ | O dHdHL_ oo o o
__________________________ e s
. (c) Chain-of-Knowledge with Dynamic Knowledge Adapting : What year was the Argentine aclo;whn directed El ] E] 11 @ [ The answer is 1941 ] :
Question identified domains: factual (Wikidata, Wikipedia) i Tio D'SF"’;‘E bom? =L = T i
What the A ti i ho directed El Ti ! . ; !
Dis;a::tzrt:;?r?? e Argenting actor who directe ' } Rationale 1: First, thelArgentine actor who directed El Tio Disparate is Fernando Birri : KnRa:?:dngéngoGrﬁﬁr;?I;cﬁon : @ : Answer Consolidation :
. . ?answer . } -> Palito Ortega ity Il et ot e et e U il isiisistoetesutiosiisioslietstid -_:
(a) Chain of Thought & Self-Consistency Retrieve (Wikipedia) 1: Who directed El Tio Disparate? -> : |
Rationales: First, the Argentine actor who directed El Tio El Tio Disparat_e is directed by Pali?o Ortega. ) ) ) ) I @ Corrected Rationale 1 Corrected Rationale 2 == |
Disparate is Fernando Birri. Corrected rationale 1: the Argentine actor who directed El Tio Disparate is Palito I * + * + |
Second, Femando Birri was born in 1925. - Qrteca : Cation o et e e :
i ) ionale ext Rationale _, . onal ale
The answer s 1925, Rationale 2: Second, Palito Ortega was born in 1941. ] EEED Correction Generation R Correction Generation :
I
(b) Retrieval-Based Methods (Verify-and-Edit) @ ?answer . } -> 8 March 1941 = -
r\Rnett.:r;i::; (\:Vikipadia) 2: When was Palito Ortega born? -> Palito Ortega was born in 8 : K;x:ggle —> ﬁ:m;:;g K;:;'::EF —- E:moer:;g :
a 4 T EEE R e Ny TN R 1
Verifying questions: Who directed El Tio Disparate? Corrected rationale 2: Palito Ortega was born in 8 Match 1941. QT '-‘ ___________________ i ____________________ |
When was Fernando Birri born? | FTT T '; Rationale e — = 1
Retrieved & Edit once: Palito Ortega directed El Tio Corrected rationales: First, the Argentine actor who directed El Tio Disparate is Palito I : R I | * Wikidata (SPARQL) Wikipedia (n.s.)  Table (SQL) 1
Disparate. €ernando Birrwas born in 1925. Ortega. Second, Palito Ortega was born in 8 Match 1941. 'y 1 ‘"‘” - = !
The answer is 1925. 1| Uema-2LoRA [l Query —_— —_ :
propagation The answer is 1941. : I ‘— | 4 : GE“‘;"“""” Flashcard (n.s.) UpToDate (n.s_) ~ |
I e e \
|y o Supporting |
. . . ) A . . I : 1 \ Physics | ScienceQA Physics (n.s.)  PysicsClassroom (n.s.) -~ j’ Knowledge :
Figure 1: Comparison of different methods: (a) chain-of-thought with self-consistency (Wei et al., ' R ! | | \
. . . . o = - . , .
2022), (b) verify-and-edit (Zhao et al., 2023c), and (c) chain-of-knowledge or CoK (this work). D - menay ]| [Scemeonbiogy eyl [ ccizes |V |
CoK incorporates heterogeneous sources for knowledge retrieval and performs dynamic knowledge | Adaptive Query Generator T e — . !

adapting. For clarity and succinct presentation, only pivotal steps are shown in the figure. Refer to

Appendix A for the prompt design of each method. _ ) o )
Figure 2: Our proposed chain-of-knowledge (CoK) framework, consisting of (I) Reasoning prepa-

ration, (IT) Dynamic knowledge adapting, and (III) Answer consolidation. n.s.: natural sentence.

https://arxiv.org/pdf/2305.13269
(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 1

Promptriever: Instruction-Trained Retrievers Can Be Prompted Like Language Models

Hard Negative
MM BE

AA A S Al Instruction = 220 S E O| positive, Negative T|O|E{ & BIS A S AT C 2 M
Ao %Q% =5 = JAS0|| Ciet A, (2= X B =715 Ol Instruction Of Ciot HE B S &
Hard Negative ‘3 4 2| | O| E{ & Synthetic o} A| TrE= O}O|C| 0 = & &)

Query Capabilities

Standard

.
Query: What movies were
Retrieval

created by James Cameron?

S

Current Given a web search query, retrieve

Instructable relevant passages: What movies Dataset
Retrievers were created by James Cameron? Prefix
. Query
What movies were created by James specr'ﬁc
Promptable Cameron? Relevant docs are not co- relevance
Retrievers directed and created before 2022. Be definition

careful in your response and be sure to
be correct because | will tip you $1000 | Prompt

l'\_’;/—ﬂ

Figure 1: An illustration of the capabilities of retrieval
models. Standard retrieval models find semantic simi-
larity to the input query, typically matching using query
keywords and phrases. Current instructable retrievers
prepend a dataset prefix that generically describes the
task and is also used in training. We propose prompt-
able retrievers which can handle complex instructions
including detailed relevance definitions and zero-shot
prompting techniques that act as a form of zero-shot hy-
perparameter optimization, similar to prompting LMs.

https://arxiv.org/pdf/2409.11136

Que Instructi it
v Instruction Positive gic vocive
—[ Which type of volcano eruption has not been seen? — - -
| Subglacial Volcanoes: Unseen Eruptions

Subglacial volcanoes, which erupt beneath
ice sheets or glaciers, have not been
directly observed erupting. These volcanoes
are formed when ....

Original Positive

| What are the differences of maar and caldera?
Calderas form .. An explosive caldera-forming |
eruption has never been witnessed first hand .. b
\fon'natinn: maars form ...

Instruction negative
Query positive

o Instruction Negative
Instruction ™
o -~ Impact of Volcanic Eruptions on Climate |
| Volcanoes are classified into different types based on Volcanic eruptions can have significant

their shape and eruption style. A document is relevant impacts on the climate ... e.g. the eruption of

if it describes a specific type of volcano that has Mount Tambora ... there are some types of

not been directly observed erupting, and provides eruptions that have not been witnessed first

| information about its formation or characteristics. Y hand, which could provide further insights. |
p. vy ' hois

Figure 2: The data generation process to generate instruction-based retrieval data. We take the initial query and
relevant passage and prompt an LM to generate an instruction that would match that query. Note that the instruction
adds extra qualifications to the definition of relevance. We then ask an LM to generate an example relevant and
non-relevant passage for that query and instruction. We see that the generated positive passage fulfills the extra
requirement (in pink) but the generated instruction-negative does not. We generate multiple types of instructions
(both in length and style) for training set diversity.

(©Saebyeol Yu. Saebyeol’'s PowerPoint
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Part 2

MEMORAG: MOVING TOWARDS NEXT-GEN RAG VIA MEMORY-INSPIRED KNOWLEDGE DISCOVERY ‘ '\é‘ﬁigﬂg

0|2t P2 E F7}8H= 00| |02 A0 2 EHO| KBt

Long Context & H 11 lj At &~ Q

A2 S0 Answer Clue Qf Draft Answer = =11

=t 2, = 7HA| =7 S

o
=
Ol Retrieve 2F Generation = =21 3S}= OFO|C| O O| C}.

! Answer:
Answer . Harry Potter’s closest friends are Ron Weasley and

. Hermione Granger. Together, they form an inseparable |

: trio throughout their years at Hogwarts, facing ccml'ntle-;-t;I
: dangers and challenges. Their friendship is builton  »

« mutual trust, loyalty, and support, with Ron pmwdmg

contributing her intelligence and resourcefulness..

T . steadfast companionship and humor, and Hermione .

_________________________________________

;
' Clue #1: Harry shares a
‘strong bond with Ron and
»Hermione as his ...

: Clue #2: Who are Harry’s
' main enemies?

s Clue #3: Ginny evolves from :
»Harry’s admirer to his wife. |

: Clue #4: Dumbledore. ..

Draft Answer:

. Harry, Ron, and Hermione !
. are best friends. Harry and -
: Dumbledore have a mentor- .
+ student relationship with |
. some tension. Harry and |

Snape are initially
antagonistic, but ...

Answer Clues

Input Query

How are the mutual
relationships ...

Draft Answer

https://arxiv.org/pdf/2409.05591

HMZE A BE HME AN

|

HEE W gAazd =22 2E
—

The memory model @mem(:) is designed to establish a global
memory of the database D. In practice, any language model
capable of efficiently processing super-long contexts can serve as
the memory model. For example, a 7B language model
incorporating key-value compression techniques could be an
appropriate choice

(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 2

Context Embeddings for Efficient Answer Generation in RAG

7|2 RAG O| Al BAM Z1FE Text HE 2 Decoder (Reader)0f] €0{A EFHZ BISQULCHH,

A L0l Al = Compressor = S0l 271 =A|= Vector @2} A|Z7| 10 O| = Decoder(Reader)0|
2= o2 AESHO HE| HEE 270 2 oF A AZICHD SEE} (Embed & Decoder O A
olgfjet = Y= Sl= XAl & 'é"%% 23 0 =ol 2He)

When did Jung begin
craffing the record that

Context Emb. 1 Context Emb. 2
000 | @00 E-‘
A A

peaked on South
Korea's Gaon Album
chart?

Retrieval ¢

Collection

_____ |
——— { Madel Prompt ]
L Coio 1 1 — Llu -0 Jo(e0-0 (08 ll

Themin-glbum | |l ) Tt T ———
peaked &t numiber
threeonSouth ||| 17 2 meemssssssssssssssssssse——— \
- -
Top-5 contexts Gaon Album Chart. Question @ ocueryembesdings ] um
P Sectian-Backgroun i : @ contextEmbeddings Yy LofA tuned
Reranking d and recording. When did Jung begin e ngs H

Jung began crafting crafting the record that Input Tokena Conc
the record in March peaked on South i D put ﬂa

2017. In midst of a Korea's Gaon Album
break while ... n chart? COCOoM Compressor = Decoder

COCOM-light Compressor = BERT

Figure 2: Overview of our COCOM (-light) model pipeline.

https://arxiv.org/pdf/2407.09252
(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 2

LongRAG: Enhancing Retrieval-Augmented Generation with Long-context LLMs * Tor

=

2| 20|
=

mjr

ojo

x = Ire) = C 2 Sl & (@]

7| & RAG | M HAM =l A0S X[CHSE HXNSHY v Of EfHE2 @ H 6= HEfICHH, 02 71

sSE A — —= —'— = 1 =

Context & &S 4= QU= Long Reader = AHE0L0] IS .7_| EE :U:HE LLMOj| X| S5},

= O - SLOo - =< _ -

M S S9I0| AR5 E SNES AZSla B M0 Hek 5l AIZICHE AT,
Traditional RAG | LongrAG
NSSEREER EEE BB -~/

I "BER°EE W |EE =
i Retrieval Ranker Reader i i Long Retrieval Long Reader i

RETRO _

DPR % P”“'P'““““m
NQ : HotpotQA
REALM LN pse T
35 40 a5 50 55 60 65 45 50 55 60 65 0
Exact Match (%) Exact Match (%)

Num of Retrieval Units 2verage Num of Tokens o Recall (AR)

e T Gl B2 Topk & & 45 I 4 &l & Recall K| =
00 13K K 002 Long Reader 7| Retrieval 2| £ &= L0OtLt & A|ZAF =X 22l
200 24K 28K 91.30

https://arxiv.org/pdf/2406.15319
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Part 2

PlanRAG: A Plan-then-Retrieval Augmented Generation for Generative Large Language Models as Decision Makers

Step 1: Making a plan for which kind of analysis is needed for decision trievi & A . I
Re T 1 i
l\-\"here should I locate my merchan[@? My goal is maximizing BAH's profit on home node, Deccan.j> . rey lng nsw Enng - - - 1
Step 1: Identify the trading nodes that are source of {
<The database about the international trade> “Decean™. i
Country table NodeCountry table Step 2: Caleulate the potential profit increase for cach of | |
country | hamenode | development trade node | country | is home | TPipunery has merchant these nodes if a merchant is placed there. |
E::é-l D]S::.;n :jgi DI‘;T: gﬁ“ rT:; 11610 :::i Step 3: Identify the node with the highest potential profit I
BNG Ganges 1317 Ganges BAI False [0 Falsc A |
TradingNode table TradingFlow table {01 s, B> reasonine dbest | 00 P e J
trade node | is inland LV v ov TPrgat souree destination | flow = .
Devcan True 891 082 2171 1128 Doab Decean 0.78 _
Duab True 6.98 0.7 1564 1243 Ganges Doab 082 Retrieving
Ganges | False 831 107 1647 1172 ; :

, @ (Step 1) I need to identify the trading nodes that are
query result || data analysis gquery source of “Deccan’.

Step 1: Determine available decisions by finding source nodes. Step 2: Ascertain flow increments by
decisions. Step 3: Caleulate profit increments by decisions. | Doab - I

Step 2: Retrieving data and analyze it J
Decision 1 (d,): Locate a merchant to Doab. _ Decision 2 (d;): Locate a merchant to Ganges. ) (Step 2) The observation shows that "doab” is the onl)f
- trading node source of "deccan”. Now, | need to calculate
J the potential profit increase for "doab” if a merchant is

\ placed there.
anzel (a) previous RAG (Single-turn and Iterative RAG) Moo

Re-planning with <(),5, K> and (e previous plan and query results

merchant is placed there is approximately 8.29. Now, |
need to identify the node with the highest potential profit
Increase.

(Do o 58 )

. 4

Decean Dcan : L. _ i
Planning rieving & Amswering =
) (Step 3) The potential profit increase for "doab” if a

)

Step 3: Answering based on the result of data analysis

<(You should locate your merchant to the Doab node to steer value, so that maximize profit of BAH. }

[OAl] ORI R 2Rt E 2 B FH0f L2
Benefit 2 & 7tX| 11 £ M 2| 2 Y Root & T+H3t=
EHEFEX 2| Sl Z O Al

Answering

@ You should allocate the merchant to the
“Doab™

https://arxiv.org/pdf/2406.12430
(©Saebyeol Yu. Saebyeol's PowerPoint



Part 2

Buffer of Thoughts: Thought-Augmented Reasoning with Large Language Models

= — o
Buffer of Thoughts Q

' CD Thought Template Ty Thought Template Ty,

Slngle-Query [ Y I I @l process_eement(element)s ~~ """

MDUt query [:] LLM - » Reasonlng EE— E— Output ' To ’Dl"': any quadratic equation of the form ! #Define how to process each individual n_lcmn_nl
Manual Prompt for Spemflc Task i ax? 4 bx 4 ¢ = 0. wecan follow a general ! e.g.. applying a filter or transformation.
( C T E hot P ti } approach based on the “!"thod ?mnkd H“‘_‘ - ! def combine_elements{element], element2 ):
e.g, Lo EW-sho rompting ACCLII'BCY l : the structured template for olving such equations: | #Define how to combine clements, €.g., [
Meta Buffer

1 *Compute the discriminant D using the formula

StLtel query 2 B 88 > L= It Ol =

N hOp Iteration ! Step 2: Determine the Nature of the Roots
|

[
'

'

'

'

'

'

'

. S L

! Step 1: Calenlate the Discriminant t
[

'

'

'

[

'

'

'

H
H

'

H
summing numbers, concatenating strings, etc. H
def check_condition{accumulated_result): E
# Define the condition that the accumulated d
result must mect. d
'

/sr—‘\ Problem Distillation

Multi-Query Thought &
Input query 3 LLM £ & Reasoning —  Output Thought Retrieval
Pre-defined Query Xpansion

Structure EfﬁCiE“CYl To solve any quadratic equation of the form

(e.g., ToT, GoT) cg ax® + bx + ¢ = 0, we can follow a general

approach based on the method described. Here

HE X O IIOl |.X A |. |-A| is the s
|_|- = I_l = — 9 T % 9 [ EL-I 7 TI= ;;Ll;eﬁll::fﬂumd template for solving such
______________________________________________________________ Step 1: Calculate the Discriminant
' “Compute the discriminant D using the formula
.@'_ D=b? — 4ac.

Problem M Instantiated Step 2: Determine the Nature of the Roots

Input query ) LLM Ohlf stant Output *If D=0, the equation has two distinet real roots.

Distiller Reasoning +If D=0, the equation has exactly one real root
(also known as a repeated or double root). "
. R «If D<0, the equation has two complex roots.
ngh'IEVEI Tth.lght Distillation AI:CUTBCY Step 3: Compute the Roots
. Thoughts and Update *For D20, calculate the roots using the formula
Thought Retrieval 6 P ) & -biD
Efficiency xr=

.@. 'a For D<), calculate the l.eal and imaginary parts

'&‘ g) e Ij:l.l:l%!:mplcx roots using the formula x =
Meta Buffer by
Buffer of Thoughts (BoT)

[X| Ot SH= B Buffer of Thoughts

https://arxiv.org/pdf/2406.04271

Solution:

*p be the original profit per shirt (40 yuan).
«x be the amount by which the price of each shirt is
reduced.
«q be the original quantity of shirts sold daily (20 pieces).
1 be the rate at which the quantity of shirts sold increases.
The mall wants to maintain an average daily profit of
1200 yuan, so we have:
After simplification:
—30x +200=0
Now we can solve this quadratic equation using the
steps outlined in the template:
Step 1: Caleulate the Diseriminant
D=b* — 4ac
D = (—30)°—4+ 1+ 200 =100
Step 2: Determine the Nature of the Roots
Since D=0, the equation has two distinet real roots.
Step 3: Compute the Roots
—b#/D 3010
=z z
The two possible solutions are:
x=20 or x =10

Due to reducing inventory as soon as possible, x=20 is
/ taken v

(©Saebyeol Yu. Saebyeol's PowerPoint



Part 2

SEAKR: Self-aware Knowledge Retrieval for Adaptive Retrieval Augmented Generation

= S ke HE A HAHS & e} CC A [H K = X re)
RAG & TH-d oLt 2T OfHH A 0| 20f A= 505, OfFH #|0| £0f O HE S T 5| AM
CtS = S A o 0] 3o o B = C A A o =
== Tr=010F & X| A O|AZ} O CFYSHL, O 2 of 1—7| S LLMO| 25 ——E o= A1 X[OF
<120 110 NED B s HEO 29
=21 — -dH =
CEEE
J_él-l_QI:_CIIS_I'IX| O:It:_l?j{ ﬂ"ﬁwmgﬂgﬂlgual | Self-aware HE—I“ﬂI"IkII"Ig Self-aware Heasoning
olCH Ol cH2F™d g oooooomomm oo oo oo -
. EII- I:I;_I:It )ko|!|-| )g = i [ Question g ] iﬁaﬂonale - ] @. Lzl(nowledge Buffer K Rationale Buﬂaﬂ LKnowIedge Buffer
——————————————————————————— | —
| * Pseudo Rationale Tr : R Prompt f Prompt p‘ MM MEFo| Tt
Generation Generation Y . 4 Template Template . E CHE AH A
Invoke Retrieval * qry 4 : answer is Answer q 2) Knowledge Buffer =EgHISI
_?PEE?_!E_“ELa_‘L"P_‘!_ﬂ | O Iiie) | 3) 1)+2)= £ A )g
k F':I] |
i . . . P@@' Kg(l);.;l’er‘dge : The final answer is ... 4) ) ) E_II:_ A|- X| ?‘6!-%
Self-aware Unc:ertauntyr Extraclmn Legends
R e— e o NEa | 8o (g P i
@ L — | Transformer Decoder Layers A @ E% Step O'HA-I ﬂﬂml:"% o
= m.'. E‘:‘:‘:':" — ot |- * @ LLM(") gﬂ I):Ratig[male Buffer®i 2012 EHS
[‘ * I Transformer Decoder Layers o I(-\/\‘_ I- Xl xl? = o35t
, . y , : > @ ue) o ) 2t= 0 T Rat|onale EANESEX
LN ji Loun, i - | : - ot 23hx| af
To generate, it outputs o with m tokens ending with an (EOS) |
token: LLM(c) = (OUT) 1 - - - (OUT)m(EOS). We aim to extract
—— how certain LLMs are that o is a correct continuation for c. To . LI
this end, we follow INSIDE (Chen et al., 2023a) and measure —
the uncertainty in the hidden space of the (EOS) token e T [l..l]] —_—
Errrrrvrera i T

(©Saebyeol Yu. Saebyeol’'s PowerPoint



Reranker

MetRAG : Similarity is Not All You Need: Endowing Retrieval-Augmented Generation with Multi—-layered Thoughts

TFALE 7|Hto| AAMO| E=X| =2 Z0E = A 0|A 7 B Z. 0| 2ot Bt E = H2I5H7| 2|91
Utility Model = A|9tSHH | Retreival 1f Utility Model 2| B1E £t MO 2 AIE610 X|MO| AT E

=
=2 3 4 QICHE O

2 Reumon of Similarity— and Utility-oriented Thoughts a2 utility 222G 3
/ Y fumf,m ot ds= EESH A=A
1 sonaedimes use L
‘ ! (LM 2 S HE-EA pair 7HX| 1L F&H 2
/;..,-,M,HM ,‘ | mCHsl 2 811, O|2{3t ZtE S8 M 0|E 2
C' (Frozen) meare | Sieallarity Moda! B Of | (+il; e ofc = 7o ol
: \ . HEO| utility L EH 2 TtE= A2 E Y
Usar Quatry m ] Combine them! SMM‘H!‘ Modal
Call for Supervision 6 i ) )
(=) = | i""‘m.., _ Inspired by the great success of LLMs in a
Utility Model iizabion] | Ubility Mo . . . .
ity KD v optimiations (L1, || Ve veds T | variety of tasks, we aim to incorporate an
Il: Pursuit of Compactness-oriented Thoughts) (e Khm;f:dg:‘:tc::ﬁmented LLM for Supervision on document uti“ty (|n
o =) Tﬂjﬁ'“" @ o * o this paper, we define the utility of one
D =l el T document w.r.t. a question by its usefulness
Query € tnfo Mmr % Crusery @ - . . L. q g
» N , U= in assisting an LLM to answer this question,
SI-TM' Angidr
% . @ @ Allgnt */ 5;;:;;'};:; Gansration which is modelled by the normalization of
R — o odee the probability of generating correct answers
- 1 ' with a specific LLM.)

Figure 2: The proposed METRAG framework, where we endow retrieval-augmented generation with multi-layered
thoughts from Stage I and II. and utilize the derived knowledge in Stage IlI for answer generation.

https://arxiv.org/pdf/2405.19893
(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 2

SELF-RAG: LEARNING TO RETRIEVE, GENERATE, AND CRITIQUE THROUGH SELF-REFLECTION

the M A 0| OfEl A & A O F, 288 5= ot 0|5 7|H2 2 O|H & AS
JEe2 HHE WHEA O £2 HHO| Lt =X| Rank & EHEHSH D £|F HH S A E1SH= HE|
(O] S+ Bt M O] & Task Of| A 8 50| 20t H= O|&510] Rerank S 28 HEH)
Ours: Self-reflective Retrieval-Augmented Generation (Self-RAG) Type Input Output Definitions
Prompt How did US states get their names? Step 1: Retrieve on demand [Retrieve w/xz,y  {yes, no, continue} Decides when to retrieve with R
22— 0 st o v s oty s [15] Q n Ty {flly supported. parially Al of the verifaton-worty stement 1 5

Step 2: Generate segment in parallel * |\/|tj processing —_|-|-|7_|- u B B

Prompt + o Prompt + o

Retevant P
1 1 of 50 state names California's name has its

come from persons. | Supported | origins in a 16th-century novel

e |
tep 3: Critigue outputs an
- - . US states got their names from a variety of sources. 11 of 40
Retrisve
Repeat.... states names are come from persons. 26 states are nam
after Native Americans, including Utah.

Prompt: Write an essay of your best summer vacation

¥

% —= My best summer vacation is when my family and | embarked on a road trip along ...

https://arxiv.org/pdf/2310.11511

supported, no support}
T,y {5.4,3,2, 1}

is supported by d.
y is a useful response to x.

Algorithm 1 SELF-RAG Inference

Require: Generator LM M, Retrlever R, Large scale passage collectlons {d1,...,dn}

1:

2:

3:

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

5: M predicts m given z,d and yy given x, d, y-+ foreachd € D > Generate

6: predicts SUSE d for eachd € D > Critique

7: Section 3.:

8: :

9: M ger, predicts y; given x > Generate
10: M ger, predicts given &, y; > Critique

(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 2

General LM EC} &

S8 EH/0|R(HE)S B

—

Speculative RAG: Enhancing Retrieval Augmented Generation through Drafting

2 O Specialist RAG Drafter £ & -&0} 0] LYot HEC| HEE

2250 Lot
11 O|Z CiA| General LMO| H 7}St0{ Best Draft & 41 EiSf= B A

-’""""""‘tl
@ A Knowledge-intensive Query o 9 | Retrieved Documents - Evidence-supported Answers A Generalist LM % A Specialist LM

(a) Standard RAG
Prompt

@ Query Final

Answer
i aXyy
All docs into Generalist

e the prompt) | ™M

\

(b) Self-Reflective RAG

Special tags
learned during Vg~
instruction-tuning

to reflect over the
retrieved docs and the
generated answers

(c) Corrective RAG
%{};i
hoL ==

Use an NLI model to

inccrpom!e refevant docs and the

classify retrieval docs ! does from web search into prompt.

(d) Ours: Speculative Retrieval-Augmented Generation (Speculative RAG)

(a]

" No need to instruction-
| tune the Generalist LM |

=)

When Generalist LM
encounters knowledge-
intensive queries?

— t:ﬂ Understand documents
in parallel with the RAG Drafter

Efficiently generate drafts & and rationale /i
Understand multiple perspectives of the docs

(Docs of the same color are from the same topic cluster)

B=0=
D=0=
|@@. Evaluate each answer draft based
on the question and the rationale in
parallel using Generalist LM and Accept
the Best Draft.

} Evaluate & Accept Drafts into Generalist LM

[General LM]

X4 ZIOFE{Ql 2 OIX| Tt

-1 d

https://arxiv.org/pdf/2407.08223

[Special LM (311 252l 2 H)
EI-OI:ol- I*EE Xol-o|.0:| Draft AH A"

* Multi Processing T+t

[General LM]
Draft/Rationale & E 7St Z| % T MEH

-—.... g Evaluate drafis by Genera.‘rﬂ e -
LM & Aecepr tAE bést draft

MAO| £ QI E2{AHE
o|0]| & (google = A T0{| A
S XA OFS S25H
HMZESED 225 AFE)

(©Saebyeol Yu. Saebyeol's PowerPoint



Part 2

MCTX : Learning to Filter Context for Retrieval-Augmented Generation

AM 20| 2| == 2FA|7|7] ?{51H0]
dM 21 ZH S0t 0|27 EHE s Sdtet 44 210 um

Input query q The horse began to W
become domesticated J

» Generation Mgem

REFUTES | prediction

T Filteféd Content

around 2000 BC.

Output o |REFUTES |

Retrieved Passage P 10

ﬁ‘he clearest evidence of early use of the \\
horse as a means of transport is from
chariot burials dated c. 2000 BCE.
However, an increasing amou
evidence supports the h
horses were domestjgdted in the Eurasian Eurasian Steppes

\Steppes approximgfely 3500 BCE; recent / approximately 3500 BCE

/ N

STRINC: whether LEXICAL overlap: how
passages contain the much unigram overlap the
generation output content and output has

Context Filter Mctx

e hypothesis that horses
were domesticated in the

https://arxiv.org/pdf/2311.08377

= Af

Ooff AHE:

Conditional cross-mutual
information (CXMI): how
much more likely the
generator is to generate the
output when the content is
provided

Uncertainty over
translations given the source

Y| X)

QMT
D—L QMT Y|X C) |----|
——

Uncertainty over
translations given
the source AND context

CXMI(C — Y|X)

CXMI(C > Y |X) = HGQMTA (Y |X) - HGQMTC (Y |X, C)

H is the entropy

GMT 4
[exMIZHE 22X =&]

Measuring and Increasing Context
Usage in Context-Aware Machine

Translation
https://aclanthology.org/2021.acl-long.505.pdf

(©Saebyeol Yu. Saebyeol's PowerPoint



. PART#3 Knowledge Management

(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part 3

MHE{#3 L H Concept

HE O{EA 2|5t o the[ = 285t A0 A rRaG d52| 0| ==0] & =X|
HAEl A5 5 TAMSEE 29510 2 ¥ SEX; oLt
Retrieval :
Knowledge Preprocess ST Data Feed Generation

Rerank

(©Saebyeol Yu. Saebyeol's PowerPoint



Part 3

RAPTOR: RECURSIVE ABSTRACTIVE PROCESSING FOR TREE-ORGANIZED RETRIEVAL

Index Tt A|
PSS

[Tree HEO| M)

Tree construction process: RAPTOR recursively
clusters chunks of text based on their vector
embeddings and generates text summaries of those
clusters, constructing a tree from the bottom up.

Formation of one tree layer

-
by LLM

|
el

1. Clustering S
&
1 2 z & 5 ;

Text chunks

Contents of a node

Index #8

\ Child Nodes: 2, 3

6
2. Summarization °f

\ Text: summary of
nodes 2 and 3

https://arxiv.org/pdf/2401.18059

[N A 281

7| ZEO| HHS2 B chunk EHSIZ HE S ZAH01 RaG O RS 20| ZE| L X412
£815|7| 7} 0 F & LIC} RAPTOR O M= Tree HE 2 K 2 1A 3}8[0] 71 24| Hto| Mu =
Soiot0] 223 & YT E TopF L[,

A. Tree Traversal Retrieval

w—»a»m‘g@*

Tree Structure

Collapsed Tree Structure

Tree Search 24l

+ Query = —P Answer

—_— — e UM

Retrieved Context

Collapse Search ‘& =~

— = - ~ 000000000000~ __ + = = =

Retrieved Context

55

45

Top 5

TJop 3

£ ZO| K| =
Collapse 24| 0] 2 A|

Top 1

500 1000 1500 2000 2500

Context Length

“eeses | Model ROUGE
= SBERT with RAPTOR  30.87%
e SBERT without RAPTOR  29.26%
BM25 with RAPTOR ~ 27.93%
BM25 without RAPTOR  23.52%
DPR with RAPTOR 30.94%
DPR without RAPTOR ~ 29.56%

MO RAPTOR M £ A|
ML= SEAL
OO O o

(©Saebyeol Yu. Saebyeol’'s PowerPoint
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3 O
2o
|I:|

Graph 7|t Ak

Graph Augmented RAG 2 Survey =&
] , Graph & H o HHH

Graph Retrieval-Augmented Generation: A Survey

O = MM rRAGEE
X Graph X"E 28O Z Lty MG

2O A Garph™d E A,

il

Pre-Generation
Enhancements

Mid-Generation
Enhancements

Post-Generation
Enhancements

d Node Sequence

UL,

G-Generation Output
Response
=T .
1] -
Generator f—=» < © °
]
L D5
3= g
T8 €
£c3
S0 o
LE o
=g 2
=
Generator v 0 S
Qo 9
SN¢?
5%
BN
52
Generator f— + 5 =
=
c 0 g
S =%
=tg x
Graph S &

=1 X =2
o

=

§7.3 Generation  pre-Generation

Enhancement Enhancement

Input Query
- . How did the artistic movements of the 19th century impact the development of modern art in the 20th century?
o Do § 62 Ratieval Paracigm
J gg:a::::;v;n s .012.;:"::?”' § 6.4.2 Knowledge Retri |
.E s § 61 Retriever Bt G-Retrieval airiava Graph Format
Blo (B o wwmee o 0 Results
Datanase = = ttpounls * Koovldge Pruing
. i
g Adjacency/Edge Table
@ Nodes S -
Graph 7|t g
74 AH . Matural Language
[ R | Triplets e
Query Knowledge </>
Enhancements Enhancements ED Code-Like Forms
= - Paths =2 T
Graph Database & G-Indexing Syntax Tree
==-1
E D Subgraphs %
W ] Node Sequence
=) O 1,
Open Knowledge Self-Constructed @
Graphs Graph Data Hybrid Graph Embedding
X AH A
Gra p h o-l H c|.>| o-l — /
——
Retrieved Graph Data fH Adjacency/Edge Table [B) Natural Language
§ 5.2 Indexing

§ 5.1 Graph Data
+ Self-constructed Knowledge Graphs

Data Source « Open Knowledge Graphs

5‘) & E

{ Wiipeda Tex Corpus Tabies |

* General Knowledge Graphs
« Domain Knowledge Graphs

= Graph Indexing
= Text Indexing
= Vector Indexing

Hybrid Indexing % :
—
Graph

Database

https://www.arxiv.org/pdf/2408.08921

padnpOI

Retrieval
Results

§ 7.2 Graph Formats

+ Graph Languages
+ Graph Embeddings

Mid-

Enhancement

§ 7.1 Generators
+ GNNs

* LMs

+ Hybrid Models

Enhancement

Response
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RAFT: Adapting Language Model to Domain Specific RAG ‘ B
C OO0 S2HE RAG N E[E fot v R EO Ciot AT = M BRI St5 A| 25 @ E O
SEQ A BEHOOIH 82 Y8 Zeot= A0 Hs 2el= H0FH L= E &1 CoT 7F
B RO0|SICT = & J1A [JRO[ SHo2 Hol
[Golden Only Train] [CoT Train]

We demonstrate that our RAG approach trains the
model to perform better RAG on the set of
documents it is trained on i.e., in-domain. By
removing the golden documents in some instances,
we are compelling the model to memorize answers
instead of deriving them from the context.

P%ofdata:Q+Dx+D1+D2+...+Dk—> Ax
(1-P)%ofdata:Q+D1+D2+...+Dk—> Ax

sampled negative documents

Train: RAFT
/—A—\

Glove N Resnet Attention is Who invented
all you need transformers? ﬁ

Test: RAG Top-k

What attention

is used in Mistral

S L N I Y
+ = 2l
» N -2
Attention is Who invented ret:-::faj Y-nl
Train: all you need transformers? o
L
Golden Only + tﬂl @

https://arxiv.org/pdf/2403.10131

We also conduct an analysis to evaluate the effectiveness of
the Chain-of-Thought approach in enhancing the model’s
performance. As indicated in Table 2, simply providing the
answer to a question may not always be adequate. This
approach can lead to a rapid decrease in loss, resulting in the
model beginning to overfit. Incorporating a reasoning chain
that not only guides the model to the answer but also enriches
the model’s understanding can improve the overall accuracy
and prevent overfitting to concise answers. In our experiments,
integrating the Chain-of-Thought significantly enhances training
robustness.

PubMed

68.30
73.30

HotpotQA

25.62
35.28

Torch Hub

86.56
84.95

TensorFlow

83.21
86.86

HuggingFace

59.07
74.00

RAFT w.o CoT
RAFT

(©Saebyeol Yu. Saebyeol's PowerPoint



Part4

ot PIZte| 7Y 7|s= ZER. (A

ZHO| & 7| 7| A AHIOAM L2
Lol sjOtet AT Ho| 2282 BHISIH AA . LLv, Graph DB, Personalized PageRank= Z 2.
{ G

HippoRAG: Neurobiologically Inspired Long-Term Memory for Large Language Models

HSrot 72 =l M 22 5 A3 (RAG) Framework 2 = 217t
745t

=

raph Off H|O|E 11 Graph QA &= A £ 20[??2)

https://arxiv.org/pdf/2405.14831

[51 0]
Knowledge Graph
Ol A| Personalized

Page Rank EfA

RNRES) (Sl Otm| &)
MEOAMNERES  Embeding = Sl A
F=919 Triple = CHO{ E Hi K|St
AEfE == Hel7F L7d 7|& Of &
7472 ™ Edge A&

Hippocampus

Parahippocampal Regions

Neocortex

LLM Retrieval Encoders KG + Personalized PageRank /
/
7’
Pa ”
ssages - PN = _||-E El
i - S 2tEE
Offline N X O %}.O
Indexing oHEZE XTO
) I
= /
) 7
Online -
Retrieval - Aizheimer's -
Alzheimer's
NER

(©Saebyeol Yu. Saebyeol’'s PowerPoint



PART#5 My Design

(©Saebyeol Yu. Saebyeol’'s PowerPoint



Part5

My Design (~ing)

A 37HK| Case E Agent 7} 2/ 010 X 2|5t= HEH @ Y EHA 2
® Knowledge Intensive Simple (8 2roF 27 Chunk Ef M
ORHE SH G LWAA|) + Global 7| HEC] G

=
oE 22
(¥)JRE-AdaptIR
(+)Promptriever
IEI _E_ (+)RAPTOR
ES
uer
Rewriting
Elastic

#i Cll Ol Ef M| A|

Ensemble

C
LLm 7| BF B,
A XA O] RlIo| CFH Okt ©
HAl), © =Xl Zo| BHH (ChYot /A
=2 H L) 2 74 |
LjE gt Jtsot L8 45 &
Question
Agent olH}
(*)MEMORAG Tagk UM
s e LLMLONI
3]
AN uestion (+) LongRAG
Fin Result FANET hal (+) RAFT
(Rank Score, 7;?|_‘ Top-K LLM (+) Speculative RAG
Density) == . -
Simple RAG
(+)MetRAG (+)HippoRAG Domain-1 Relative Domain-1
(+)MCTX Retrieve Detector LLM
Rerank Biz Rerank / .
Z2ME 1 Multi
[4!7F IDEA] ofo|c|oj/ Rrocess .
Grouping D in-2 Relative Domain-2
(A2 MEE 3K 20mal= - petector LLM
X Summary Complex RAG Retrieve
+CE ™MH)
¥ Sub Graph 73 7'd
Relative Domain-3

Detectorcol vu. $Myeol's PowerPoint






THANK YOU

-

©Saebyeol Yu. Saebyeol’'s PowerPoint



