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- Advanced RAG
Overcome the limitations of Naive RAG.

{P\ = } [09 B %} |
User Query Docgments Pre_retrleval
= l (optimizing the indexing structure and the original query, enhance the

o quallty of the content being indexed)

« enhancing data granularity
« optimizing index structures
[ Retrieval ] « adding metadata
« alignment optimization

e  mixed retrieval
2 il

Rerank Summary Fusion

Post-retrieval
[ E] £ 1 (integrate it effectively with the query )

Prompt Frozen LLM

I « rerank chunks
[ ; ) e context compressing
utput

Advanced RAG



- Modular RAG

Modules

RAG

patterns
Rewrite | Demonstrate Retrieve &
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Retrieve Retrieve Read
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~- Retrieve
T
T T
Read Read Read
. DSP ITER-RETGEN
Naive RAG Advanced RAG [Khattab et al.2022) [shao et al, 2023]
Modular RAG

Modular RAG builds upon the foundational principles of Advanced and Naive

New Modules:

Search module
« Memory module [18] P9
* RAG- Fusion [16] P11
- Routing
« The Predict module [13] P13
« Task Adapter module

New Patterns:(allowing module Substitution or

Reconfiguration)

Substitution

« Rewrite-Retrieve-Read [7]model P12

« Generate-Read [13] P13
« Recite- Read [22] P14

Reconfiguration
« ITER- RETGEN [14] P16
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- RETRIEVAL

A. Retrieval Source

A. RAG relies on external knowledge to enhance LLMs, while the type of retrieval
source and the granularity of retrieval units both affect the final generation results.

B. semi-structured data (PDF) , structured data (Knowledge Graph, KG) , Wikipedia,
combination of text and table, database, knowledge graphs, LLMs-Generated
Content

C. KnowledGPT [15] P17, SKR [58] P18, GenRead [13] P13

B. Indexing Optimization
A. Documents will be processed, segmented, and transformed into Embeddings to be
stored in a vector database.
B. Chunking Strategy: Small2Big[90], Sliding window[90] P19
C. Hierarchical index structure, Knowledge Graph index

C. Query Optimization
A. Naive RAG is its direct reliance on the user’s original query as the basis for retrieval.

B. Query Expansion: Multi-Query , Sub-Query, Chain-of-Verification
C. Query Transformation: RRR (Rewrite-retrieve-read) [7], HyDE [11] P20

D. Embedding

A. This mainly includes a sparse encoder (BM25) and a dense retriever (BERT
architecture Pre-training language models)
B. Mix/hybrid Retrieval

C. Fine-tuning Embedding Model: PROMPTAGATOR [211b21 LI MEmbaddartoz]



- RETRIEVAL
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- Lift yourself up Retrieval-augmented text generation with self memory

Advances in Neural Information Processing Systems, 2023 cite=18

-----------------------------------------------

Predicted Distribution "

(3 source ‘ ',

[J candidates [ target :

S il b I :
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-y [ Frozen LLM / Trainable LM ] : :
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(a) Retrieval-augmented Generator (b) Memory Selector

Figure 2: Overall framework. There are two components in Selfmem, a retrieval-augmented genera-
tor (a) and a memory selector (b). For the primal problem, (a) takes source and memory as input to
generate candidates for (b). For the dual problem, (b) takes as input source and generated candidates
to select memory for (a).
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Algorithm 1 Selfmem Framework

Require: a dataset D, a retriever R, a memory selection metric A(-,-), a retrieval-augmented
generator G¢, and a memory selector Sy
retrieve memory M in D with R
train G¢ with D and M (if not LLM)
use G¢ to generate candidate pool C with M in candidate mode
train Sp on C with A(-, )
while not converged in the validation set do

Sy selects memory from C as M

G generates candidate pool C with M in candidate mode
end while
G¢ generates the final hypothesis with M in hypothesis mode

Lol o

00



- Forget RAG, the Future is RAG-Fusion

User Inputs Single Query

Function Call

Language Model ChatGPT

System: Message

Y
Natural Language Queries Generated

=z |

Query 2: Economic Perspective

Query 3: Public Health Perspective

Query 1: Direct

Reciprocal Rank Fusion

T Reciprocal Rank Fusion
(RRF)

A 4
Generative Output

blog

Retrieve Rankings

Start

Retrieve Rankings

Retrieval System 1

Retrieval System 2

Ranking: A, C, D, B

Calculate 1/Rank

1,1/2,1/3,1/4

Ranking: B, A, C, D

Calculate 1/Rank

1/4,1/2,1/3,1

Fuse Rankings

Retrieve Rankings

Retrieval System 3

Ranking: D, B, A, C

Calculate 1/Rank

1, 1/3,1/4,1/2

Sum: A=1.79, B=1.46, C=1.16, D=2.25

v

Sort by Sum

l

Unified Ranking: D, A, B, C




- Query Rewriting for Retrieval-Augmented Large Language Models
arXiv preprint arXiv:2305.14283, 202310 cite=31 Dipsuin = 1 (; Z) | = y}
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t

Input Input Input Example
l v Input:
Black-box LLM Small PrLM What profession does Nicholas Ray and
Retriever Bewriior Rewriter Elia Kazan have in common?
| \ v Proximal Policy Optimizatio
—. I —— Query Query ' Query: Nicholas Ray profession ( PP O )
| |{ g7 TR T A e | v v Query: Elia Kazan profession
') : Documents | Web Search Web Search
\ | : : e L L LR PR ‘
N e Retriever Retriever . ' Elia Kazan was an American film and |
l p— _._J' _______ ;=== i ________ ' theatre director, producer, :
T T , 1 St . sereenwriter and actor, described ...
Black-box LLM ¥ ' Documents | h : Documents ‘ li ' Nicholas Ray American author and ‘:
Reader \ I | Q! \ dlrector original name Raymond !
V- - r e Ve —l ————— [ Nlcholas Kienzle, born August 7, ;
l - 1911 Galesville, Wisconsin, U.S...... !
- o ‘
Output Blac]; bc:lx LLM —
il il " Correct (reader V)] director |
\ v Hit (retriever [J)
Output Reward < Output |
(a) Retrieve-then-read (b)Rewrite-retrieve-read (c) Trainable rewrite-retrieve-read

Figure 1: Overview of our proposed pipeline. From left to right, we show (a) standard retrieve-then-read method,
(b) LLM as a query rewriter for our rewrite-retrieve-read pipeline, and (c) our pipeline with a trainable rewriter.



Generate rather than retrieve: Large language models are strong context generators

ICLR2023, 202301 cite=168 _
p(alg) = >_; plaldi, q)p(dilq)

A * seed (also correct)

* create prompt Pc = ““‘l'cl: dcl; QCn cn '
generate document d. with p,. usmg a large Ianguage model. /

Step 2: Get embeddings, and EH .
Using a reader (e.g., FiD), with g and the diverse documents {d,, d,, ..., dx}, find answers a.

cluster them by K-means.

5 S B S o i s + Initial d: Generated d;: Generated d,:
i Step 1: Get one document d for each L , T = - Sy . —
! question g via retrieval or generation. ' Monsantonls a multlnz.:tlonal I\f’lonsanto.CoTpany is an Am-e- Morlsanto is a multinational
: 1 | agrochemical and agricultural rican multinational agrochemical || agricultural biotechnology
! N | biotechnology corporation ... It || and agricultural biotechnology corporation. ... The company
: Question | Document | Cluster | | | i 5ne of the world's leading corporation ... It is a leading also manufactures other
! it d =T | producers of roundup, a gly- producer of genetically engi- agricultural chemicals, such
' What does Tot d., c i phosate herbicide. (63 words) kneerec[ seed and ... (70 words) i as insecticides ... (36 words)
1
i Monsanto I e e
I own? (WebQ) 7 : : Step 3: Given question g for training or inference,
: Aej ) ¢ ! ' for each cluster c € {1...k}:
l L] - - z ™ * -
: E |1+ sample {cj»dc;}j = 1..n, whose cluster ld is c; agricultural chemicals
I
! |
1 ]
I 1
' 1
]

Figure 1: An overall framework of clustering-based prompting method. It leverages distinct question-
document pairs sampled from each embedding cluster as in-context demonstrations to prompt a large
language model to generate diverse documents, then read the documents to predict an answer.



- Recitation-augmented language models

ICLR2023, 202302 cite=69

Direct Generation
(e.g., PaLM)

LM Input
Question: who wrote the song

i hate you i love you

Answer: Gnash

Question: who wrote the
school for good and evil

/

Answer: Soman Chainani

Retrieval-augmented Generation Recitation-augmented Generation

(e.g., Atlas) (ours)
kot |
LM Input | LM Input |
Question: who wrote the Question: who wrote the song i hate you i

love you

Recitation: "l Hate U, | Love U" (stylized in
all lowercase) is a song by American singer
and rapper Gnash featuring American singer
Olivia O'Brien.

Answer: Gnash

school for good and evil

Retriever Results

The School for Good and Evil
is a fantasy fairytale hexalogy
of books by Soman
Chainani...

Question: who wrote the school for good

\and evil /

LM Output
Recitation: The School for Good and Evil
was first published on May 14, 2013 by
Soman Chainani...
Answer: Soman Chainani

Answer: Soman Chainani

Figure 1: Illustration of evaluating (few-shot) open-domain question answering with (closed-book)
direct generation (Chowdhery et al., 2022), (open-book) retrieval-augmented generation (Izacard
et al., 2022), and (closed-book) recitation-augmented generation (ours).



Recitation-augmented language models
ICLR2023, 202302 cite=69

<Recitation N>
LM Output LM Output

<Question0> | ..
<R90itati0n N) < (s\lr" swer |,\ <Answer N>

r

<Question N>

<Question N>

1) few-shot in-context 2) few-shot in-context learning
learning for recitation for recitation-augmented QA
: <Recitation N-0> s 5 ( <Answer N-0>
<Question N> 3
Majority vote

<Answer N-0> ]

3) self-consistency

\‘\\

{ <Recitation N-1> }[ <Answer N-1>
‘\

\‘ {

<Recitation N-2> J ----- [ <Answer N-0>

ﬁecitation 1: The two major holding companies ON
The Oberoi Group are EIH Ltd and EIH

The Oberoi family is part of a Associated Hotels (formerly East India Hotels).

hotel company that has a = The Oberoi family is the majority shareholder in

head office in what city? BN EIH Ltd with a 32.11% stake. o

The answer is Delhi.

Recitation 2: The Oberoi Group is an
award-winning luxury hotel group with its head
office in New Delhi. India.

kEnd of Recitation> /

4) multiple-recite-and-answer




Enhancing retrieval-augmented large language models
with iterative retrieval-generation synergy
arXiv preprint arXiv:2305.15294, 2023, 202310 cite=35
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Question: ¢ Question: ¢
What is the height of the player who won the 2015 AFL What is the height of the player who won the 2015 AFL
( Rising Star award? Rising Star award?
Retrieval: ¢ — D, Generation-Augmented Retrieval: v1 || ¢ = Dy,
Title: 2015 AFL Rising Star Context: The NAB AFL Rising Title: Jesse Hogan Context: Jesse Hogan ... playing for the
Star award is given annually to a stand out young player in Melbourne Football Club. A key forward, Hogan is 1.95 m
r " / ; :
; the Australian Football League. The award was won by Jesse [ tall ... made his AFL debut in the 2015 season and won the
Hogan of Melbourne l Ron Evans Medal as the AFL Rising Star
\ \
A Retrieval-Augmented Generation: D, || ¢ = 1 4 Retrieval-Augmented Generation: Dy, ;|| ¢ — %2
The 2015 AFL Rising Star award was won by Jesse Hogan of The 2015 AFL Rising Star award was won by Jesse Hogan of
Melbourne. Jesse Hogan is a professional Australian rules Melbourne. Jesse Hogan is 1.95 m tall.
footballer. He is 198 cm tall. So the answer is 198 cm So the answer is 1.95 m
Iteration1 Iteration 2

yr = M(ye|prompt(Dy, ,114,9)), V1<t<T

Therefore, we distill knowledge from a re-ranker to a

retriever,i)l|% B fr2re-rankerFretriever z |8 g9 T 2=
=




KnowledGPT: Enhancing Large Language Models with Retrieval and Storage Access on Knowledge Bases
Cite=15 202308 X£EAPIF#HR FYKBEZ f#

XLEAPIEHE Y fIKBIE

|
Query: What are the titles of the poet writing Quiet Night Thoughts (Jing Ye Si) ? | : s L2 e e e e e |

: Ent’ty L'nk'ng : Entity Linking API | Candidate Entities:
Original Answer from GPT-4: The poet of Quiet Night Thoughts is Li Bai } Query: Who is the lyricist : (w/ query and entity) [ENT 1]: Li Bai (a poet)
from the Tang Dynasty. He has multiple titles, including ‘'The Immortal : and composer of Li Bai? -+ | : -% [ENT 4]: Li Bai (a song)
Poet’, 'The Wandering Poet', and 'The Wine Immortal'. His poetic talent , | Target Entity: [“Li Bai”] | Entity Searching AP | [ENT 9]: Li Bai (a game hero)
was outstanding, his works are widely circulated, and he has been o : Relation: [“lyricist”, “composer”] : (w/ entity) :
revered as 'the God in Poetry' by later generations. ";&h.“:}\‘ l: ! L L +

: |

Information of Candidate Entities:

Code for Knowledge Retrieval: !
[ENT 1]: Li Bai (Famous poet of the Tang Dynasty): Li Bai !
|
|

def search():
messages = "
author, msg = find_entity_or_value(entity_aliases = ['Quiet Night
Thoughts '], relation_aliases = [‘author’, ‘creator’, ‘writor'])
messages += Msg
if author:
titles, msg = find_entity_or_value(entity_aliases = author,
relation_aliases = ['title', 'also known as', ‘appellation'])
messages += msg
return messages

Entity Description API

(February 28, 701 — December 762), also known as Taibai ...
[ENT 4]: Li Bai (A song performed by Li Ronghao): "Li Bai" is L
a song written, composed, and performed by Li Ronghao ... 1 -

[ENT 9]: Li Bai (A hero in Tencent's game "Hero Kill"): Li Bai, a |'€} Choice:
hero in Tencent's game "Hero Kill“... - i R [ENT 4]
Li Bai (a song)

Entity Triples API

GPT-4 Cho.ice

Figure 4: The detailed process of KnowledGPT’s entity
linking steps for the given example.

Retrieved Knowledge from KBs:

[FROM CNDBPedia]

[find_entity_or_value(entity_aliases = ['Quiet Night Thoughts'],
relation_aliases = ['author’, 'creator’, 'writer']) -> ] 'Quiet Night Thoughts'
(a poem by Li Bai), Author: Li Bai, The Orderer of Heaven's Mandate
[find_entity_or_value(entity_aliases = ['Li Bai', 'The Orderer of Heaven's
Mandate'], relation_aliases = ['title’, also known as', 'appellation']) -> ] Li
Bai (famous Tang Dynasty poet), Title: Blue Lotus Hermit, Exiled Immortal.

FMRARERERF (PoT) 1Rx77%, KALLMs& BifyPython
RIBEMERES, REIHA, REFZILLLMSEE

Answer with Retrieved Knowledge: The poet Li Bai, who wrote ‘Quiet »
Night Thoughts', has the titles 'Blue Lotus Hermit' and 'Exiled
Immortal'. ‘




Self-Knowledge Guided Retrieval Augmentation for Large Language Models
arXiv preprint arXiv:2310.05002, 2023, 202308 cite=19
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. LLM knowns LLM unknowns " known? unknown? | :
' - ; 1
[pE
. . {gi"} Q: Do you need additional information to ,—mmmmmmmmm——m = - ~
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In_ConteXt Iearnlng {g;} Q: Do you}/:teed aa?ditional information to : ql 2 q2 : : qm / |% Encoder |:> '~ O \I
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answer this question? A: | T TTTTTsEmssssssses
ossi Training Questions Pos./Neg.
possible response) .
No, I don’t need additional information to answer Question
this question. / Yes, I need additional information to
answer this question.




- Advanced RAG 01: Small-to-Big Retrieval  bolg

Advanced Method 1: Small-to-big retrieval

(Using smaller chunks enhances the accuracy of retrieval, while larger chunks offer more contextual

QA4 Smaller Child Chunks

For each of the text chunks with chunk size 1024, we create even smaller text chunks:
8 text chunks of size 128

4 text chunks of size 256

2 text chunks of size 512

Step 2: Create Index, retriever, and query engine
When we ask a question and retrieve the most relevant text chunks, it will actually

retrieve the text chunk with the node id pointing to the parent chunk and thus retrieve
the parent chunk.

Avanced Method 2: Sentence Window

[Parse the documents into a single sentence per chunk, The sentence “window” (5
sentences on either side of the original sentence) will be similar to the “parent”
chunk concept. In other words, we use the single sentences during retrieval and
pass the retrieved sentence with the sentence window to the LLM.



Precise Zero-Shot Dense Retrieval without Relevance Labels

arXiv preprint arXiv:2212.10496, 2022, 202212 cite=77 sim(q,d) = (encq(q), encq(d)) = (vq; va)

write a passage to answer the question

how long does it take to remove
wisdom tooth : Hy D E It usually takes between 30

minutes and two hours to
remove a wisdom tooth...
write a scientific paper passage to answer
the question

How has the COVID-19 pandemic impacted
mental health?

...depression and anxiety had |
increased by 20% since the
start of the pandemic...

QIZI0| B2 A3 7|22 o
write a passage in Korean to answer the 8000H4H MEE LIEFSCH

question in detail

QIZt2 oM 28 MERETI?

Contriever

| How wisdom teeth are removed... |

| Some ... a few minutes, whereas

instruction _ query generated document

‘ real document

others can take 20 minutes or

| longer....

.. two studies investigating
1 COVID-19 patients ... significantly
| higher level of depressive ...

Figure 1: An illustration of the HyDE model. Documents snippets are shown. HyDE serves all types of queries

without changing the underlying GPT-3 and Contriever/mContriever models.

. 1
g(q, INST) = InstructLM(q, INST) Vai, = N Z f(dg)

dy,~9(qij,INST;)
Elvq,;] = E[f(9(qs;, INST;))] 1L .
== kz_l f(dx)

~

1

V‘i""*ﬁ‘:J\«Url

N

D) fdi) + f(gij)]

k=1




- Promptagator: Few-shot dense retrieval from 8 examples
ICLR 2025, 202209 cite=119

e S B
" I A
I {document} Read the passage and generate a query

e ) |

Pre-training with C4
independent cropping

4 D
0 \owoe | [DIDLD | v
] — Large = | RS R Dual E:'?coder
Target domain LM Synthetic data
documents (query, document) pairs l Negative mining

‘ Smal ) D) ED D>
l--------------------------- --------------------------: Cross Attention N R h . d
[ Few-shot ] | Argument: {doc1} Counter-argument: {query1} X Argument | Positive Reranker egative syinere.data
] ]
. i

, d t) pai
Prompt {doc2} Counter-argument: {query2} X Argument: {document} X (queny document) pairs

Figure 5: PROMPTAGATOR++ Training pipeline.



- Replug: Retrieval-augmented black-box lan- guage models
ACL2023 202303, cite=45

1. Computing Retriever Likelihood Pg(d;|x)

dl d2 d3 d4

. di Jobs was raised Steve Jobs Jobs cofounded 3. KL Divergence
Retrlever i [ by adopted... 1 [ passed away... Apple... (P||Q)

f * . - v m A" /
Test Context x

30
[Jabs is thej 0 __-._-_ o

CEO of _
dl d2 d3 d4 ..
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Figure 3. REPLUG LSR training process (§4). The retriever is trained using the output of a frozen language model as supervision
signals.
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Retrieved document d;
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Jobs cofounded : _ apple -
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e Y ™
Jobs cofounded | Jobs is the _,W_,apple
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Ensemble

AppLe

Figure 2. REPLUG at inference (§3). Given an input context, REPLUG first retrieves a small set of relevant documents from an external

corpus using a retriever (§3.1 Document Retrieval). Then it prepends each document separately to the input context and ensembles output
probabilities from different passes (§3.2 Input Reformulation).
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Figure 1: Confront the threefold inherent boundaries of LLMs s e S O S S R .

on top of retrieval augmentation. Figure 2: Retrieval augmentation with LLM-Embedder.
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- LImlingua: Compressing prompts for accelerated inference of large language models
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r ™ 2 ™

Original Prompt LLMLingua Black-box LLMs

Instruction: Follow the given examples

and answer the question. A\
Demonstration 1: Q: In a certam I Budget

school, 2/3 of the male students like to Controller
play basketball, .... What percent of the
population of the school do not like to
play basketball if the ratio of the male to 0 Distribution /

female students is 32 and there are Alignment | |/ HIECopissssd

1000 students? Let's think step by step Prompt Execution

The students are divided into 3 +2=5 / |

Each part represents 1000/5 =200 r \
students. So, there are 3 x 200 = 600 o - compressed Prompt

males. And there are 2 x 200 = 400.

....basketball is 520/1000 * 100 = 52. : Sam bought a dozen boxes each 30

The whigwer i 52 highl pens inside, $10 each. ... thelters

Deinotstrution 2: separately at the of three $2. much make
total\nLets think step\nbought boxes x0

oflters\nHe 2 3ters in\nSam then boxes

6lters/box Oters\nHe sold these boxes

Demonstration 8: Q: Sam bought a
dozen boxes, each with 30 highlighter

pens inside,... The answer is 115. II Iterative Token- S\nAfterelling these boxes there
Question: Janet’s ducks lay 16 eggs per Level Prompt 36030]1“3\“55300 of three\nsold  groups2
day..... How much in dollars does she Compression each so made *2 $20 from\nln total, _
make every day at the farmers' market? he015\nSince his he $ - $120 = $115 in
profit\nThe answer is 115
5 2366 tokens ) L ) L 117 tokens |

Figure 1: Framework of the proposed approach LLMLingua.
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Longlimlingua: Accelerating and enhancing lims in long context scenarios via prompt compression
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Original Prompt

Instruction: Answer the question based
on the given passages. Only give me the
answer and do not output any other
words. The following are given
passages.

Document 1: Alberic III of Dammartin
Alberic II1 of Dammartin (Aubry de
Dammartin) (c. 1138 — 19 September
1200) was a French count and son of
Alberic II, Count of Dammartin, and
Clémence de Bar, daughter of Reginald
I, Count of Bar...

Document 2:

Document V: Pope Agapetus 11

Pope Agapetus II (died 8 November 955)
was the bishop of Rome and ruler of the
Papal States from 10 May 946 to his
death. A nominee of the princeps of
Rome, Alberic I of Spoleto, his
pontificate occurred during ...
Question: Who gave the mother of
Alberic II of Spoleto the title "patricia"

of Rome? ~13k tokens
% J

min D (y,y) + Al
r~ * By

LongLLMLingua

I Budget Controller
Question-aware Coarse-Grained
Compression
w/ document reordering

0 Distribution
Alignment |

/
P A

; \
| |

Small
Model

Il Iterative Token-leve
Question-aware Fine-Grained |
Compression
w/ dynamic compression ratio

- | Were to to discusss Rome and other

\.

i||0:

Black-box LLMs

m

’ f

/ 11T Execution with [ v
/ Compressed Prompt

Subsequence
Recovery

y |

‘

r(:uzampreesscad Prompt

Answer the question based on the given
passages. ...Passage 4:was a Roman
noblewo who was the alleged mistress
of Pope Sergius III and was given the
unprecedented titles senatrix
("senatoress") and patricia of Rome by
Pope John X. , when Ottosys, the of and,

(Tasponns )

more important, were.us was to the
dispute the the of Re... Who gave the
mother of Alberic II of Spoleto the title

| "patricia” of Rome? ~2k tokens

Figure 2: Framework of LonegLILMLingua. Grav Italic content: As in LLMULingua.

Document [1](Title: List of Nobel laureates in Physics) The first
Nobel Prize in Physics was awarded in 1901 to {Wilhelm Conrad
Rontgen{Wilhelm Con rad R6 nt gen}, of Germany,...

Original Prompt

Document [1](Title: List of Nobelates in
Physics) The first Nobell
{WilhelmgenH{Wilhelm gen}, of, who
received, ....

{wWilhelmgen}
{Wilhelm gen}

Compressed Prompt | LLMs’ Response




Longlimlingua: Accelerating and enhancing lims in long context scenarios via prompt compression
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S i — pel'ple)(jty (:C i | H i <1 ) - pel'ple}{ity (:I: 1 | :Bqllﬂ 3 I <1 ) « Algorithm 1 Pseudo code of Token-level Subsquence Recovery.

Input: The original prompt x; the compressed prompt Z; the generation response of LLMs .
1: Set the final response list Y. = ¢, the left token index of subsquence [ to 0.
2: while ! < y.len() do
3 if Substring y; € Z then
4 Find the longer substring Jiey,t = {y1, Y141, .-, Yr } € E.
5 Find the maximum common shortest subsequence x; ; = {«:, it1, ..., ¢; } in the original prompt

ins _.doc doc ue Tk ins _.doc doc ue
(x™, x{%, .-« , x5, x) —= (™, x5, -+, x5, xXT)

x.
6 Add the subsequence x; ; = {:i, Tit1, ..., Z; } to the response Yiec.
T: Set the left index I to r + 1.
doc doc 8 else
T3 = Tk s I; EX Lk 9: Add the token y; to the response Yrec.
10: Set the left index [ to { + 1.
11: end if
doc L QI(Tk ) doc 12: end while
7% = max(min((1 — ——=)dér + 79, 0), 1),

Output: The final response list Yyrec.
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Figure 5: Relationship between confidence scores and
performance with/without LLM reranking. We adopt
RoBERTa-large as filter and InstructGPT as reranker.
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The last hostage, Italian Adrien said he met the Demonstration
engineer Eugenio Vagni B apti sts' laader TR Silsb}r Adrien said he met the Baptists’ leader, Laura Silsby of The lawyer denied Italian news reports that she
was released early Sun da;' of Mndnn Tdihn: o Part an- Meridian, Idaho, in Port-au-Prince on Jan 26. wept while addressing the court, but said Knox was
i . ; : a)Laura Silsby lives in the state or province Merdian upset as she recounted the ressure, the
Prince on Jan 26 y P P p
{b)Laura Silsby lives in the city Meridian aggressiveness of the police who called her a liar.
Easy Sample Hard Sample : ; :
(c)Laura Silshy was born in the city Meridian (a)she is the other family member of lawyer
{d)Laura Silsby has no known relations to Meridian (b)she is a lawyer
Filter Analysis: (c)she has no known relations to lawyer
! Amnalysis: The word 'she' refers to someone who was
Small LM l upset while recounting certain events in court. The

word 'lawyer' refers to someone who denied a news

Rera nher report about that same person weeping in court.
There iz no information in the sentence to indicate

Large LM that the two individuals are related in any way.
Answer: (c)

|

The sentence implies that Laura Silsby is associated with the city of Meridian in the state of Idaho, and
does not provide information about her birthplace. So Laura Silsby lives in the city Meridian.

per:origin per: cities of residence S )

Figure 6: The overall architecture of our adaptive filter-then-rerank paradigm. We color easy samples in orange and
hard samples in pink. For easy samples, the final predictions are exactly from the SLM-based methods. For hard
samples, the top-/NV predictions from SLMs are fed into LLMs as the format of multiple-choice questions (pink box).
The question is paired with demos (green box). LLMs rerank these /V candidates and generate the final prediction.



