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Focus of this tutorial:
Using LLMs for Retrieval and Ranking

Prompting LLMs for
Retrieval and Ranking

LLM

LLM-enhanced information retrieval

e.g. RankGPT, PromptReps



What this tutorial is not about

Retrieval Model-based IR
Augmented
Generation
Indexing
LLM
Retrieval
IR4LLM, LLM as Indexer and
Retrieval-augmented LLM, Retriever, Gener ative
Reliable response generation,  [document] Retrieval (GR)
Search Agents

e.g. Differentiable Search Index

e.g. Self-RAG, BlendFilter, etc. (DSI)



Focus of this tutorial:

Using LLMs for Retrieval and Ranking
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Prompting LLMs for
Retrieval and Ranking
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LLM-enhanced information retrieval

e.g. RankGPT, PromptReps



Focus of this tutorial:
Using LLMs for Retrieval and Ranking

Prompting LLMs for
B cucr rorormuaton

Retrieval and Ranking

4

Leveraging LLMs to R
Generate Search Data &

N
“ training data augmentation
Retrlever Reranker

Leveraging LLMs as

LLM-enhanced information retrieval

Retrievers & Rankers Backbone

e.g. RankGPT, PromptReps



Why still focusing on retrieval and
ranking? Isn’t search dead?

Search core function of information (seeking) systems, if we want them

reliable, up to date

RAG

Question
What is the population of Canada?

User —— Chat Completion

!

Of course | can help you
with that! There are
39,566,248 people in

2023.

Documents

— Embeddings

> Question

Combine content

| |

Retrieval

A

with prompt

Canada as of October 19th,

Image Source: https://platform.openai.com/docs/guides/optimizing-lim-accuracy/retrieval-augmented-generation-rag

Answer the user’s question with the
following content:

Question
What is the population of Canada

Content
The current population of...

Content

The current population of
Canada is 39,566,248 as of
Thursday, October 19,
2023, based on
Worldometer elaboration of
the latest United Nations
data

Screenshot (Image)

Winter Sale
Save up to 40*

eb .Elements (Text)

[1]: Delivering to Santa Clara 95050
[2]: <input> "Search Amazon"

Web Agents

A User
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45 Q{/@ %
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2
T
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> Observation

Thought: Based on observation...
Click? Type? Scroll? ...

Available Websites \

0
-~

" arXiv
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Image Source: H. He, et al. “WebVoyager: Building an End-to-End Web Agent with Large Multimodal Models”, ACL 2024
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Mean Accuracy Gain (%)

NN
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Why still focusing on retrieval and
ranking? Isn’t search dead?

Mean Accuracy Gain (%) by Model and Method e Replacing search with LLMSs is not the
— A solution — integration is the way to go

e FT+RAG
e Ovadia et al.: in QA, unsupervised fine-
tuning offers some improvement, but
RAG consistently outperforms it, both for
existing knowledge encountered during
training and entirely new knowledge
LLMs struggle to learn new factual
information through unsupervised fine-
tuning

Llama2 7B Mistral 7B Orca2 7B

Ovadia, O., Brief, M., Mishaeli, M. and Elisha, O. Fine-Tuning or Retrieval? Comparing Knowledge Injection in LLMs. EMNLP 2024



Ok, but why do search with
LLMs?



Search Effectiveness

Massive progress In search quality
In recent years

MS MARCO (in-domain data)

RepLLaMA

RocketQA

BERT-rerankers

2018 2019 2020 ... 2023



Search Effectiveness

Massive progress In search quality
In recent years

MS MARCO (in-domain data) BEIR (out-domain data/~task)

RepLLaMA

RocketQA

SGPT-BE

BERT-rerankers

Search Effectiveness

BERT-rerankers

2018 2019 2020 ... 2023 2018 2019 ... 2023 2024
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challenging in many situations

However, search still

Intensive Reasoning Datasets

BRIGHT, BrowseComp

Level 1: Keyword-based Retrieval

Positive Document N

Relevance:
Keyword matching

Query
LWhat is the widest highway in North America?J

Level 2: Semantic-based Retrieval

The part of highway 401 that passes through Toronto
is North America's busiest highway, and one of the

widest.
— J

Natural Question, Kwiatkowski et al. (2019)

Positive Document N

Relevance:

Query
?
j Semantic matching

u-low human activities influence climate system

Level 3: Reasoning-based Retrieval - BRIGHT

Query N
- - - m
Sustainable Living - post = Relevance:
At home, after | water my plants, the Risk of using recycled
water goes to plates below the pots. plant water.
Can | reuse it for my plants next time?
Code - issue -—
| have this table and need to transform it Relevance:

to ... | don't like UNPIVOT. Is there a
better function in snowflake for this?

Alternative function.

MATH - question 9

Let k=2008"2+272008. What is the units
digit of k*2+2"k?

—
Relevance:
Uses the same theorem.

Deforestation and urbanization result in increased
emissions, urban heat island effects and changes in

natural water cycle.
. Y,

MS MARCO, Bajaj et al. (2018)

Positive Document N\

Sustainable Living - post
Soluble salts are commonly found in soils.
When they build up, they destroy the soil
structure and cause direct damage to roots ..

Code - issue

The function FLATTEN flattens (explodes)
compound values into multiple rows ...
FLATTEN(INPUT = <expr> ...

MATH - question

Determine all positive integers relatively
prime to all the terms of the infinite

sequence a_n=2"n+3"n+6"n -1...

BrowseComp

Percentage of Total (%)

20

15

10

O Deep Research © OpenAl ol

m%%ﬂmmmmwmmlmmm&&&&wwm&ﬂ%ﬂ q

Pass Rates

Image Source: https://openai. com/index/browsecom%



Intensive Reasoning Datasets

Level 1: Keyword-based Retrieval

Query

BRIGHT, BrowseComp

LWhat is the widest highway in North America?

)

Level 2: Semantic-based Retrieval

Query

u-low human activities influence climate system

Po.

Relevance:
Keyword matching

Po.

itive Document
The part of highway 401 that passes through Toronto
is North America's busiest highway, and one of the
widest.

Natural Question, Kwiatkowski et al. (2019)

itive Document
Deforestation and urbanization result in increased

1ce:

2] T g Relevance:

Semantic matching

Level 3: Reasoning-based Retrieval - BRIGHT

Query

Sustainable Living - post

Code - issue

MATH - question

digit of k"2+2"k?

At home, after | water my plants, the
water goes to plates below the pots.
Can | reuse it for my plants next time?

| have this table and need to transform it
to ... | don't like UNPIVOT. Is there a
better function in snowflake for this?

9

Let k=2008"2+2"2008. What is the units

Po.
e parea

emissions, urban heat island effects and changes in
natural water cycle.

MS MARCO, Bajaj et al. (2018)

itive Document

Living - post

e:
Risk of using recycled
plant water.

— T
Relevance:
Alternative function.

R
Relevance:
Uses the same theorem.

Percentage of Total (%)

20

15

10

Soluble salts are commonly found in soils.
When they build up, they destroy the soil
structure and cause direct damage to roots ..

Code - issue
The function FLATTEN flattens (explodes)
compound values into multiple rows ...
FLATTEN(INPUT = <expr> ...

MATH - question
Determine all positive integers relatively
prime to all the terms of the infinite
sequence a_n=2"n+3"n+6"n -1...

O Deep Research © OpenAl ot

(d7) )

~

reenshot 2025-05-16 at 9.19.54am

il non e ot s el

Pass Rates

Multi/Cross Lingual
ECLeKTic, TREC NeuCLIR

en de

fr

n _ 37.5% 61.5%

Q ~ 616 24/39

4+ 312% 66.7%

— " 5/16 26/39

@Q & _ 37.5% 59.0%

@) Q. " 6/16 23/39
©
-

37.5% 61.5%

8’-9 T 6/16 24/39
((v)

— 38.5%

'E)' Rl 15/39
=

© = _ 312% 51.3%

= 5/16  20/39

o 48.7%

V4 19/39

59.0%

(E, 23/39

Nl 56.4%

N 22/39

30.2% 60.3%

de en

56.2% 48.3% 50.0% 51.6% 54.7%

18/32 14/29 14/28 16/31 35/64

59.4% 51.7% 35.7% 54.8%  31.0% 56.2%

19/32 15/29 10/28 17/31 9/29 36/64

56.2% 51.7% 53.6% 41.9% 54.7%

18/32 15/29 15/28 13/31 35/64

45.5% | 718.1% | 48.3% 42.9% 54.8% | 27.6% 60.9%

10/22 25/32 14/29 12/28 17/31 8/29 39/64

36.4% 50.0% | 58.6% | 50.0% 51.6% 56.2%

8/22 16/32 17/29 | 14/28 16/31 36/64

36.4% 56.2% 51.7% | 60.7% | 51.6% 54.7%

8/22 18/32 15/29 | 17/28 | 16/31 35/64

409% 53.1% 345% 39.3% | 71.0% 50.0%

9/22 17/32 10/29 11/28 | 22/31 32/64

36.4% 43.8% 345% 393% 38.7% 40.6%

8/22 14/32 10/29 11/28 12/31 26/64

50.0% @ 31.2% ' 27.6% 41.9% 70.3%

11/22 10/32 8/29 13/31 45/64

28.1% 27.6% 39.3% 35.5% 35.9%

9/32 8/29 11/28 11/31 23/64

27.3% 43.8% @ 27.6% 41.9% 43.8%

6/22 14/32 8/29 13/31 28/64

40.9% 53.1% 41.4% 35.7% 35.5% 53.1%

9/22 17/32 12/29 10/28 11/31 34/64

41.3% 50.8% 41.9% 40.5% 47.6% 52.6%
frr es it pt id he hi

Source language

33.3% EYSYN 42.9%
11/33 3/26 15/35
33.3% @ 26.9% 54.3%
11/33 7126 19/35
36.4% 30.8% 37.1%
12/33 8/26 13/35
42.4% 45.7%
14/33 16/35
33.3%  30.8% 45.7%
11/33 8/26 16/35
42.4% 42.9%
14/33 15/35
36.4% 40.0%
12/33 14/35
39.4% 31.4%
13/33 11/35
36.4% 40.0%
12/33 14/35
60.6% 31.4%
20/33 11/35
45.5% | 42.3% | 48.6%
15/33 11/26 17/35
48.5% | 26.9% | 65.7%
16/33 7126 23/35
40.7% 43.8%
ko ja zh

However, search still
challenging in many situations

43.4%

47.1%

45.0%

47.4%

44.3%

43.8%

41.7%

34.8%

36.1%

32.6%

36.3%

42.2%

Image Source: O. Goldman, et al.
“Eclektic: a novel challenge set for
evaluation of cross-lingual knowledge
transfer.”, arXiv:2502.21228. 2025.
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challenging in many situations

However, search still

Intensive Reasoning Datasets

BRIGHT, BrowseComp

Level 1: Keyword-based Retrieval

Query
LWhat is the widest highway in North Amerr‘ca?J

Po.

Relevance:
Keyword matching

Level 2: Semantic-based Retrieval

itive Document
The part of highway 401 that passes through Toronto
is North America's busiest highway, and one of the
widest.

Natural Question, Kwiatkowski et al. (2019)

Positive Document Q
Query L : Rel \ce Deforestation and urbanization result in increased ©
U"OW human activities influence climate system? Semantic matéhing emissions, urban heat island effects and changes in
natural water cycle. c
Level 3: Reasoning-based Retrieval - BRIGHT MS MARCO, Bajaj et al. (2018) @
Query Positive Document
Sustainable Living - post & |*“ Relevance: Living - post o
At home, after | water my plants, the Risk of using recycled Soluble salts are commonly found in soils. Y
water goes to plates below the pots. plant water. When they build up, they destroy the soil
Can | reuse it for my plants next time? structure and cause direct damage to roots ..
. 0 _ 37.5%
Code - issue —— | Code-issue Q ~ 6/16
| have this table and need to transform it Relevance: The function FLATTEN flattens (explodes)
to ... | don't like UNPIVOT. Is there a Alternative function. compound values into multiple rows ...
better function in snowflake for this? FLATTEN(INPUT = <expr> ... 4 31.2%
-— 5/16
MATH - question § | ———,| MATH - question
Let k=200822+222008. What is the units Relevance: Determine all positive integers relatively
digit of k*2+2"k? Uses the same theorem. prime to all the terms of the infinite Q + _375%
sequence a_n=2"n+3"n+6"n -1... o) Q- 616
©
>
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Pass Rates
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69.2%
27/39

61.5%
24/39

66.7%
26/39

59.0%
23/39

61.5%
24/39

38.5%
15/39

51.3%
20/39

48.7%
19/39

59.0%
23/39

56.4%
22/39

60.3%

en

ECLeKTic, TREC NeuCLIR

Multi/Cross Lingual

56.2% 48.3% 50.0% 51.6% f 54.7% 33.3% [RYSECE 42.9%

18/32 14/29 14/28 16/31 ] 35/64 11/33 3/26 15/35

59.4% 51.7% 35.7% 54.8% 31.0% 56.2% 33.3%  26.9% 54.3%

19/32 15/29 10/28 17/31 9/29 36/64 11/33 7/26 19/35
59.1% | 56.2% 51.7% 53.6% 41.9% 54.7% 36.4%  30.8% 37.1%
13/22 18/32 15/29 15/28 13/31 35/64 12/33 8/26 13/35
45.5% | 18.1% | 48.3% 42.9% 54.8%  27.6% 60.9% 42.4% 45.7%
10/22 | 25/32 14/29 12/28 17/31 8/29 39/64 14/33 16/35
36.4% 50.0% | 58.6% | 50.0% 51.6% 0.79 56.2% 33.3% 30.8% 45.7%
8/22 16/32 17/29 | 14/28 16/31 /29 36/64 11/33 8/26 16/35
36.4% 56.2% 51.7% | 60.7% | 51.6% REPAN 54.7% 42.4% WEREE 42.9%
8/22 18/32 15/29 | 17/28 | 16/31 5/29 35/64 14/33 4/26 15/35
40.9% 53.1% 34.5% 39.3% | 71.0% 50.0% 36.4% 40.0%
9/22 17/32 10/29 11728 32/64  12/33 14/35
36.4% 43.8% 34.5% 39.3% - 40.6% 39.4% [BERTCN 31.4%
8/22 14/32 10/29 11/28 12/31 26/64 13/33 3126 11/35
50.0%  31.2% ' 27.6% 41.9% 70.3% | 36.4% y 40.0%
11/22 10/32 8/29 13/31 45/64 | 12/33 6 14/35

28.1% | 27.6% 39.3% 35.5% WERGE 35.9% | 60.6% 31.4%

9/32 8/29 11/28 11/31 4/29 23/64 | 20/33 11/35
27.3% | 43.8% | 27.6% [PUXEIN 41.9% WYL 43.8% 45.5% | 42.3% | 48.6%
6/22 14/32 8/29 4/28 13/31 5/29 28/64 15/33 | 11/26 | 17/35
40.9% 53.1% 41.4% 35.7% 35.5% 53.1% 48.5% | 26.9% | 65.7%
9/22 17/32 12/29 10/28 11/31 34/64 16/33 7126 23/35
41.3% 50.8% 41.9% 40.5% 47.6% 52.6% 40.7% 43.8%
frr es it pt id he hi ko ja zh

Source language

43.4%

47.1%

45.0%

47.4%

44.3%

43.8%

41.7%

34.8%

36.1%

32.6%

36.3%

42.2%

Instruction: Retrieve a news
headline image.

Query Text

GOP presidential candidate

Ron Paul makes a point to Mitt
Romney and Rick Santorum at the
New Hampshire Republican debate.

Text + Image Candidate

News Headline: Mitt
Romney wins. He is so
far ahead in the polls it
would be one of

the biggest upsets ...

Instruction: Retrieve
a similar image.

Query Imagez
we B

— T

Image Candidate

Multi-Modality

Instruction: Retrieve a Wiki page
that answers this question.

Who
manufactured
the plane?

Instruction: Find a Wiki article
that answers my question.

Query Text + Image

What year was
this painting
created?

=F7

MBeir g2

Text Candidate

Text + Image Candidate

A Sunday Afternoon on the
Island of La Grande Jatte was

painted from 1884 to 1886 and

P McDonnell Douglas was a
major American aerospace
manufacturing corporation and
defense contractor ...

Image Source: C. Wei, et al. “Uniir: Training
and benchmarking universal multimodal
information retrievers.”, ECCV 2024

is Georges Seurat's most
famous work...
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How did we get here?



From Prelrained LMs to
Instruction Following LLMs

S
X 2
0.23 0.12 0.67 0.34 R 0.21
c ][ T, J[ T, ] [ T J Normal Retrieval Retrieval with Instructions
Code \ : ;
. -, d1 t : I want to find q d
BERT ’ Retriever | python code 1
Question d t_: Retrieve
) N . 2° . d
cLs) || Tok 1 ‘ \ — Ans.wer - t,: Please a
foke __Retriever find answers
|
[CLS] {query} [SEP] {document} [SEP] T

simple instructions

A. Asal, et al. "Task-aware Retrieval with Instructions.”" ACL Findings (2023).



From Prelrained LMs to
Instruction Following LLMs

(((((

~ TN
Sl »

[CLS] {query} [SEP] {document} [SEP]

1 EN
pNy
Tok 1 Tok 2 Tok N
|

Normal Retrieval

Code - d
Retriever 1

Question | g4
Retriever 2

Answer
Retriever

—_—

Retrieval with Instructions

t,: I want to find
python code

t,: Retrieve
related questions

t o Please
find answers

backbone change

S
A
- 023 012 067 L
SRR T
LLaMA
Ecss E, E, Eo/ss>
i e N S B

<S> Tok 1 Tok 2

‘ </s> \

0.21

query: {guery} document: {document} </s>

q d,
q

You are RankGPT, an intelligent assistant that can rank passages based on their relevancy to the query.

I will provide you with num passages, each indicated by number identifier []. Rank the passages based on
their relevance to query: {query}.

{PASSAGES}

Search Query: {query}.

Rank the num passages above based on their relevance to the search query. The passages should be listed
in descending order using identifiers. The most relevant passages should be listed first. The output format
should be [] > [], e.g., [1] > [2]. Only response the ranking results, do not say any word or explain.

strong instruction
following capabilities 6




From PreTrained LMs to Instruction
Following LLMs... to reasoners

Normal Retrieval

Code . d t,: I want to find

EN
~ i ir
cs) || Tok1 |[ Tok2 Ans.wer . t,: Please
Retriever
[

find answers

I

[CLS] {query} [SEP] {document} [SEP]

backbone change

S

S 2
HEREEE
EANI

‘ Te/s> I

ENEN
L LaMA

E<s> E, E, Eo/ss>
m\
<S> || Tok1 Tok 2 </s>

query: {guery} document: {document} </s>

.

=8
Retriever ! python code 1
BERT
Question | d2 t,: Retrieve
en | & E, Retriever related questions

Retrieval with Instructions

d

1

\/

You are RankGPT, an intelligent assistant that can rank passages based on their relevancy to the query.

I will provide you with num passages, each indicated by number identifier []. Rank the passages based on
their relevance to query: {query}.

{PASSAGES}

Search Query: {query}.

Rank the num passages above based on their relevance to the search query. The passages should be listed
in descending order using identifiers. The most relevant passages should be listed first. The output format
should be [] > [], e.g., [1] > [2]. Only response the ranking results, do not say any word or explain.

strong instruction

following capabilities

| Model Input

weak reasoning

Chain-of-Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

~ Model Output

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3+ 6 =9. The

~ answeris 9. ¢/

N

~

\

N\
\

17



From PreTrained LMs to Instruction
Following LLMs... to reasoners

Code | g t,: I want to find
BERT Retriever ! python code q
Bes || Ei E, Question | | d2 t,: Retrieve q

Ey .
Retriever related questions
A ir
[cLs] || Tok1 Tok 2 Answer t : Please
| i | n
| Retriever find answers q

[CLS] {query} [SEP] {document} [SEP]

backbone change

S

EEEEEEE
4

S ) - [
L LaMA

E<s> E, E, Eo/ss>
m
<S> || Tok1 Tok 2 </s>

query: {guery} document: {document} </s>

e

Normal Retrieval Retrieval with Instructions

d

1

\/

You are RankGPT, an intelligent assistant that can rank passages based on their relevancy to the query.

I will provide you with num passages, each indicated by number identifier []. Rank the passages based on
their relevance to query: {query}.

{PASSAGES}

Search Query: {query}.

Rank the num passages above based on their relevance to the search query. The passages should be listed
in descending order using identifiers. The most relevant passages should be listed first. The output format
should be [] > [], e.g., [1] > [2]. Only response the ranking results, do not say any word or explain.

strong instruction

following capabilities

weak reasoning

Chain-of-Thought Prompting
/{ Model Input | ~
Q: Roger has 5 tennis balls. He buys 2 more cans of

tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
each is 6 tennis balls. 5 + 6 = 11. The answer is 11.

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

e ——

Model Output ~
A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 +6 =9. The
answeris 9. 4/

\»
\.

strong reasoning
capabillities

» Gemini 2.5 Pro

Deepseek R1
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LLM training 101



Pre-Training

Model with randomly

Initialised weights

Pre-Trained Model

Lb Pre-Training (e.g. NTP) j

4

Large Text Corpora

20



Instruction Tuning

M_oqgl ?""“‘ ran_domly Pre-Trained Model Instruction Tuned Model
Initialised weights
j\—b Instruction Tuning (IT) ‘
4

Summarise this text:
[E)Rate this review:
[E[EXIdentify the places:

EX[EXAMPLE TEXT]
EXAMPLE COMPLETION]

Pre-Training (e.g. NTP)

Large Text Corpora Instruction following datasets
commontasks
............................................. :human-created data:



Supervised Fine-Tuning (SFT)

M_oS:I_eI ?""“‘ ran_domly Pre-Trained Model Instruction Tuned Model Fine-Tuned Model
Initialised weights
S ised Fi
Lb Pre-Training (e.g. NTP) j\—b Instruction Tuning (IT) ‘ ‘ I L‘i‘ﬂ?\?r?g?SF'll)ne ‘
+ + 4

Summarise this text: Rank these dociiments hv
[EXRate this review: rel(R b
[EX[EY dentify the places: [E)rel Rank these documents by
EX[EXAMPLE TEXT] [E)[E relevance to query:
EXAMPLE COMPLETION] [BY[EXAMPLE QUERY, DOCS]
- [EXAMPLE RANKING]
Large Text Corpora Instruction following datasets SFT dataset
data across all domains common tasks fask specific s
- human-created data: -human-annotated labels:

22



Synthetic Training Data Generation

Trained Model Fine-Tuned Model

Trained Model Fine-Tuned Model
‘ Supervised Fine ‘
Tuning (SFT)

4

‘ Supervised Fine ‘
Tuning (SFT)
A

- Rank these documents by
”[DOCS] —Pp |||relevance to query:
[EXAMPLE QUERY, DOCS]
[EXAMPLE RANKING]

T Synthetic dataset

Rank these documents by
relevance to query:
[EXAMPLE QUERY, DOCS]
[EXAMPLE RANKING]

SFT dataset

task specific
-human-annotated labels

23



Distillation (of labels)

Distilled model

Trained Model Fine-Tuned Model
‘ Supervised Fine ‘
Tuning (SFT)

4

Rank these documents by
relevance to query:
[EXAMPLE QUERY, DOCS]
[EXAMPLE RANKING]

SFT dataset

task specific |
-human-annotated labels:

Trained Model
‘ | Distillation ‘
4

Rank these documents by
relevance to query:

[EXAMPLE QUERY, DOCS]

T

Stronger Teacher Model

e. g. more parameters, different
§architecture, ensemble of models

Rank these documents by
relevance to query:
[EXAMPLE QUERY, DOGCS]
[EXAMPLE RANKING]

Distilled dataset

task specific |
:model-created labels:
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Distillation (of scores)

Trained Model Distilled model

Trained Model Fine-Tuned Model
‘ Supervised Fine ‘
Tuning (SFT)

4

‘ | Distillation ‘

Rank these documents by
relevance to query:
[EXAMPLE QUERY, DOCS]
[EXAMPLE RANKING]

score

Stronger Teacher Model |mum g

.e.g. more parameters, different
:architecture, ensemble of models

SFT dataset

task specific |
-human-annotated labels:
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Reinforcement Learning (with GRPO)

Rewards (Generations

nk these dociiments hv

Re

rel

R hy/
|Rank these documents by Prompts
{E;[E relevance to query: Trainable Model Policy update
[E)[EXAMPLE QUERY, DOCS]

[EXAMPLE RANKING]
training data for end-task

— g
human-annotated labels; neference iVode

KL divergence
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At Inference: (ideal) Zero-shot vs. Fine-Tuned

zero-shot

M_oS:I_eI ?""“‘ ran_domly Pre-Trained Model Fine-Tuned Model
Initialised weights
Lb Pre-Training (e.g. NTP) j\—b

A
Summarise this text: Rank these dociiments hv
[EXRate this review: rel| R s
[EX[EY dentify the places: [E)rel Rank these documents by
EX[EXAMPLE TEXT] [E)[E relevance to query:
EXAMPLE COMPLETION] [BY[EXAMPLE QUERY, DOCS]
- [EXAMPLE RANKING]
Large Text Corpora Instruction following datasets SFT dataset
S SRLLIILIIIIM R PRRTTIRTLITR MY ;COmmOn tasks ; ;taSkS,OeCifiC
.data across all domains:

............................................. -human-created data§ -human-annotated labels§
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At Inference: (howadays) Zero-shot vs. Fine-Tuned

+ Other post-training, including zero-shot
distillation, RL, etc.

\ I .
| - 5
' Typical mmercial §k
M_og:l_el ?""“‘ ran_domly Pre-Trained Model : ypical Co ercia ' Fine-Tuned Model
initialised weights : Models .
: 0
Lb Pre-Training (e.g. NTP) j\—b

A

Summarise this text: Rank these dociiments hv

[EXRate this review: rel| R ST h"b

[E[EXIdentify the places: [E)re|ank these ocum.ents y

EX[EXAMPLE TEXT] [E)[E relevance to query:
EXAMPLE COMPLETION] [BY[EXAMPLE QUERY, DOCS]
- [EXAMPLE RANKING]
Large Text Corpora Instruction following datasets SFT dataset
............................................. COmmOn taSkS task Specific

............................................. -human-created data§ -human-annotated labels§
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What’s in the next 2 hours



Tutorial Parts

Part 1: Part 2: Part 3:
Intro Retrieval Ranking

—_— =

Part 4:
Challenges/
Opportunities -
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Part 2: Retrieval

Prelude: Neural Retrieval Background

Large Language Models Retriever
 Backbone
* [raining Data
 Deep Retrieval

 Beyond English & Text:
Multi-modality, Multi-linguality

Part 4:

Part 1: Part 2: Part 3: Challenges/

Intro Retrieval Ranking

"'""_" ——-—————-—-) — ' Opportunities F
\')2 (oo e e e T s e \\/i o



Part 3: Ranking

Prelude: From LTR to Transformer-based Ranking

Large Language Models Ranking
- Fine-tuning
- Zero-shot: prompting, sorting methods
- Distillation
- Reasoning for ranking

Part 4:

Part 1: Part 2: Part 3: Challenges/

Intro Retrieval Ranking

> & —— Opportunities v



Part 4: Challenges and Opportunities

 Connections to LLM4Eval
* Challenges and Opportunities

e Pointers and Resources

Part 4:

Part 1: Part 2: Part 3: Challenges/

Intro Retrieval Ranking

' — () —————— Opportunities s
\_')f) [ R s S e ‘\/,; -



Bevan Koopman

Who are we?

e Associate Professor at The
University of Queensland, Principal
Researcher at CSIRO Australia

e[ | M rankers for searching in high
stakes decision making domains
e.g., health

e Information retrieval for human
decision making

* Retriever-generator interplay

e Putting neural IR into practise
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Guido Zuccon

Who are we?

* Professor at The University of Queensland,
Visiting Researcher at Google Research
Australia

*Developed LLM-based retrieval and ranking
approaches

e Setwise
* Rank-R1
* PromptReps

* Methods to leverage LLMs for relevance
feedback

e focus on efficiency and trade-offs in terms of
computational resources and latency, and of
training data
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Who

Xueguang Ma

are we?

*PhD Candidate at the University of Waterloo

e Extensive expertise in effective training of neural rankers
and retrievers, including based on generative LLMs.

e RankLLaMa (re-ranking) & ReplLLaMa (dense
retrieval)

| RL (zero-shot listwise re-ranker),
* HyDE (relevance feedback)
e DRAMA

e multimodal capabilities of retrieval methods based on
generative LLM backbones

e Creator of Tevatron3: popular open-source LLM-based
ranker training toolkit
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Shengyao Zhuang

Who are we?

e Applied Scientist @ Amazon. Adjunct Fellow
at The University of Queensland.

e Developed LLM-based retrieval and ranking
approaches

e Setwise
e Rank-R1
e PromptReps

 Methods to leverage LLMs for relevance
feedback

e Creator of Tevatron + open-source codebase
for LLM-based rerankers
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End of Part 1




