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Recap of LTR and Cross-encoders
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• Learning to Rank (LTR):

Candidates:

Dog
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Tiger

Query: Dog

LTR 
Model

Ranking: 

       1. 

       2. 

       3.

Dog
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Tiger

Feature 

extraction

Features: 

1. BM25 score 

2. TF-IDF score 

3. Doc length 

4. Query length 

. 

. 

. 

.

Loss function



Recap of LTR and Cross-encoders
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• Transformer ranker
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• monoBERT: cross-encoder architecture
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[CLS] {query} [SEP] {document} [SEP]

Recap of LTR and Cross-encoders

Nogueira, R., Yang, W., Cho, K., Lin, J., 2019. Multi-Stage Document Ranking with BERT. arXiv preprint
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• monoBERT: cross-encoder architecture

0.23 0.12 0.67 0.34 0.21…

s

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

Recap of LTR and Cross-encoders

Nogueira, R., Yang, W., Cho, K., Lin, J., 2019. Multi-Stage Document Ranking with BERT. arXiv preprint

LLM-based cross-encoder?
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• RankLLaMA
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LLM-based Cross-encoder

Ma, X., Wang, L., Yang, N., Lin, J., 2023. Fine-Tuning LLaMA for Multi-Stage Text Retrieval. SIGIR
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• RankLLaMA

LLM-based Cross-encoder

Ma, X., Wang, L., Yang, N., Lin, J., 2023. Fine-Tuning LLaMA for Multi-Stage Text Retrieval. SIGIR
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• In-domain results: MSMARCO
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• Out-of-domain results: BEIR

RankLLaMA Results
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• LLM-based ranker
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• LLM-based ranker
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Loss function
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Candidates:

Dog

Cat

Tiger

Query: Dog

LLM

Ranking: 

       1. 

       2. 

       3.

Dog

Cat

Tiger

Tokenizer

Prompt

Zeroshot LLM-based Rankers 
(LLM as Rankers)

• All are “zero-shot”: i.e. once you obtained the pre-trained, instruction 
tuned LLM, no need to do supervised fine-tuning.


• Input could be one or multiple documents, depending on the prompt.



Zeroshot LLM-based Rankers: 3.5 types

17

Zhuang, S., Zhuang, H., Koopman, B. and Zuccon, G., 2023. A Setwise Approach for Effective and 
Highly Efficient Zero-shot Ranking with Large Language Models. SIGIR



Pointwise

18

Liang, P., Bommasani, R., Lee, T., Tsipras, D., Soylu, D., Yasunaga, M., Zhang, Y., Narayanan, D., Wu, Y., Kumar, A. and Newman, B., 2022. Holistic evaluation of language models. arXiv. 
Sachan, D.S., Lewis, M., Joshi, M., Aghajanyan, A., Yih, W.T., Pineau, J. and Zettlemoyer, L., 2022. Improving passage retrieval with zero-shot question generation. EMNLP. 
Zhuang, S., Liu, B., Koopman, B., Zuccon, G., 2023. Open-source Large Language Models are Strong Zero-shot Query Likelihood Models for Document Ranking. EMNLP.

• Yes / No label generation.


• Query generation likelihood.

Passage: {passage} 
Query: {query} 
Does the passage answer the query? Answer 
'Yes' or 'No' 

LLM
Logits

Yes / No

Passage: {passage} 
Please write a question based on this passage. LLM

Logits
{query}

yes_no

QLM



Pointwise
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Sachan, D.S., Lewis, M., Joshi, M., Aghajanyan, A., Yih, W.T., Pineau, J. and Zettlemoyer, L., 2022. Improving passage retrieval with zero-shot question generation. EMNLP. 
Zhuang, S., Liu, B., Koopman, B., Zuccon, G., 2023. Open-source Large Language Models are Strong Zero-shot Query Likelihood Models for Document Ranking. EMNLP.

• Query generation likelihood.

Rank by query likelihood:  

P(Q |D) =
t

∑
i

log p(qi)

d1  d2  d3  dn… q2 q3 qt−1…

p(q1) …p(q2) p(q3) p(qt)

Probabilities of next query tokens

LLM

q1

Prompt and doc tokens Query tokens

Passage: {passage} 
Please write a question based on this passage.



Pointwise
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Liang, P., Bommasani, R., Lee, T., Tsipras, D., Soylu, D., Yasunaga, M., Zhang, Y., Narayanan, D., Wu, Y., Kumar, A. and Newman, B., 2022. Holistic evaluation of language models. arXiv.

• Yes / No label generation.

Rank by normalised yes probability: 
  

P(yes |Q, D) = log p(yes)
log p(yes) + log p(no) d1  d2  d3  dn… q2 q3 qt…

p(yes/no)

Probabilities of yes/no token

LLM

q1

Prompt query and doc tokens

Passage: {passage} 
Query: {query} 
Does the passage answer the query? Answer 
'Yes' or 'No' 



Pointwise
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• Each query-doc pair can be processed in parallel.


• It needs access to the model weights (need token logits).

Passage: {passage} 
Query: {query} 
Does the passage answer the query? Answer 
'Yes' or 'No' 

LLM
Logits

Yes / No

Passage: {passage} 
Please write a question based on this passage. LLM

Logits
{query}

yes_no

QLM



Listwise
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Ma, X., Zhang, X., Pradeep, R. and Lin, J., 2023. Zero-Shot Listwise Document Reranking with a Large Language Model. arXiv. 
Pradeep, R., Sharifymoghaddam, S. and Lin, J., 2023. RankVicuna: Zero-Shot Listwise Document Reranking with Open-Source Large Language Models. arXiv. 
Sun, W., Yan, L., Ma, X., Ren, P., Yin, D. and Ren, Z., 2023. Is ChatGPT Good at Search? Investigating Large Language Models as Re-Ranking Agent. EMNLP.

The following are {num} passages, each 
indicated by number identifier []. I can rank 
them based on their relevance to query: {query} 
[1] {passage_1} 
[2] {passage_2} 

… 
The ranking results of the {num} passages (only 
identifiers) is:  

LLM
Generate

[2] > [1] > …



Listwise
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Ma, X., Zhang, X., Pradeep, R. and Lin, J., 2023. Zero-Shot Listwise Document Reranking with a Large Language Model. arXiv. 
Pradeep, R., Sharifymoghaddam, S. and Lin, J., 2023. RankVicuna: Zero-Shot Listwise Document Reranking with Open-Source Large Language Models. arXiv. 
Sun, W., Yan, L., Ma, X., Ren, P., Yin, D. and Ren, Z., 2023. Is ChatGPT Good at Search? Investigating Large Language Models as Re-Ranking Agent. EMNLP.

The following are {num} passages, each 
indicated by number identifier []. I can rank 
them based on their relevance to query: {query} 
[1] {passage_1} 
[2] {passage_2} 

… 
The ranking results of the {num} passages (only 
identifiers) is:  

LLM
Generate

[2] > [1] > …

• Sliding window



Listwise
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Ma, X., Zhang, X., Pradeep, R. and Lin, J., 2023. Zero-Shot Listwise Document Reranking with a Large Language Model. arXiv. 
Pradeep, R., Sharifymoghaddam, S. and Lin, J., 2023. RankVicuna: Zero-Shot Listwise Document Reranking with Open-Source Large Language Models. arXiv. 
Sun, W., Yan, L., Ma, X., Ren, P., Yin, D. and Ren, Z., 2023. Is ChatGPT Good at Search? Investigating Large Language Models as Re-Ranking Agent. EMNLP.

The following are {num} passages, each 
indicated by number identifier []. I can rank 
them based on their relevance to query: {query} 
[1] {passage_1} 
[2] {passage_2} 

… 
The ranking results of the {num} passages (only 
identifiers) is:  

LLM
Generate

[2] > [1] > …

• Cannot parallel. 


• No need access to the model weights, pure generation.



Pairwise
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Qin, Z., Jagerman, R., Hui, K., Zhuang, H., Wu, J., Shen, J., Liu, T., Liu, J., Metzler, D., Wang, X. and Bendersky, M., 2023. 
Large language models are effective text rankers with pairwise ranking prompting. NAACL-findings.

Given a query {query}, which of the 
following two passages is more relevant to the 
query? 
Passage A: {passage_1} 
Passage B: {passage_2} 
Output Passage A or Passage B: 

LLM

Generate

or logits

Passage B



Pairwise
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Qin, Z., Jagerman, R., Hui, K., Zhuang, H., Wu, J., Shen, J., Liu, T., Liu, J., Metzler, D., Wang, X. and Bendersky, M., 2023. 
Large language models are effective text rankers with pairwise ranking prompting. NAACL-findings.

Given a query {query}, which of the 
following two passages is more relevant to the 
query? 
Passage A: {passage_1} 
Passage B: {passage_2} 
Output Passage A or Passage B: 

LLM

Generate

or logits

Passage B

• Scoring: Compare all the pairwise preferences. This can be done in 
parallel.


• Both generation and logits are supported.
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FLAN-T5

Effectiveness
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FLAN-T5
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Efficiency
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Step 1: Build max heap tree

# LLM call: O(nlogn)3
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• Sorting-based ranking: Heapsort
Pairwise
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Step 1: Build max heap tree

# LLM call: O(nlogn)3
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• Sorting-based ranking: Heapsort
Pairwise
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Step 2: heapify the tree

10

# LLM call: 0

• Sorting-based ranking: Heapsort
Pairwise
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10

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



5

8 6 2 3

4 7

# LLM call: 2

34

10

1

9

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



5

8 6 2 3

4 7

# LLM call: 2

35

10

1

9

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



1 5

8 6 2 3

4 7

# LLM call: 3
9

36

10

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



5

6 2 3

4 7

# LLM call: 4
9

37

10

1

8

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



5

6 2 3

4 7

# LLM call: 4
9

38

10

1

8

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



8 5

6 2 3

4 7

# LLM call: 5
9

1

39

10

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



8 5

6 2 3

7

# LLM call: 6
9

40

10

4

1

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



8 5

6 2 3

# LLM call: 6
9

41

10

4 1

7

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



8 5

6 2 3

# LLM call: 6
9

42

10

4 1

7

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



8 5

6 2 3

# LLM call: 6

9

43

10

4

7

1

Step 2: heapify the tree
• Sorting-based ranking: Heapsort

Pairwise



3 2 4 1 5 3 2 4 5 1 3 2 5 4 1 3 5 2 4 1 5 3 2 4 1

44

• Sorting-based ranking: Bubblesort
Pairwise
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LLMs as Rankers: Setwise

46

Zhuang, S., Zhuang, H., Koopman, B. and Zuccon, G., 2023. A Setwise Approach for Effective and 
Highly Efficient Zero-shot Ranking with Large Language Models. SIGIR

Given a query {query}, which of the following 
passages is more relevant one to the query? 
Passage A: {passage_1} 
Passage B: {passage_2} 
Passage C: {passage_3} 

… 
Output only the passage label of the most 
relevant passage: 

LLM

Generate 

or logits Passage B
sorting

Logits

B: 0.51 
A: 0.32 
C: 0.11 

…
Ordered list
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
Setwise
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• Sorting-based ranking: Heapsort
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• Sorting-based ranking: Bubblesort
Setwise
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Listwise Ranking with Setwise 
Prompting
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Listwise 
Generate

Listwise 
Likelihood

Pairwise 
Heapsort

Setwise 
Heapsort

Pairwise 
Bubblesort

Setwise 
Bubblesort

Sensitivity to the Initial Ranking
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Properties
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Zeroshot LLM-based Rankers’ 
Variations



Pointwise Variation

68
Zhuang, H., Qin, Z., Hui, K., Wu, J., Yan, L., Wang, X., Bendersky, M. 2024. Beyond Yes and No: Improving Zero-Shot LLM Rankers via Scoring Fine-Grained Relevance Labels, NAACL

• Beyond yes and no.



TourRank

69

Chen, Y., et al. 2025. TourRank: Utilizing Large Language Models for Documents Ranking with a Tournament-Inspired Strategy, TheWebConf

• Sport tournaments scoring



Setwise Insertion sort

70
Podolak, J., Peric, L., Janicijevic, M., Petcu, R. 2025. Beyond Reproducibility: Advancing Zero-shot LLM Reranking Efficiency with Setwise Insertion. SIGIR



Combine Pointwise and Pairwise

71

Li, J., Hu, X., Zhao, Y., Zhuang, S., Zhang, H. 2025. Beyond Reproducibility: Advancing Zero-shot LLM Reranking Efficiency with Setwise Insertion. arXiv 
Long, K., Li, S., Xu, C., Tang, J., Wang, T. 2025. Precise Zero-Shot Pointwise Ranking with LLMs through Post-Aggregated Global Context Information. SIGIR 
Wisznia, J., Bolanos, C., Tollo, J., Marraffini, G., Gianolini, A., Hsueh, N., Corro, L. 2025, Are Optimal Algorithms Still Optimal? Rethinking Sorting  
in LLM-Based Pairwise Ranking with Batching and Caching.  ACL



Impact of Prompt Variations on LLM Rankers
• Prompts proposed for different LLM ranker methods vary largely


• Not just in terms of instruction for ranking, but also for (unrelated) additional wordings, e.g. 
role playing, and ordering of components (e.g. passage first, then query — or vice versa?)


• What are the effects of prompt wordings on methods? What makes a good prompt?

72

Role Playing

Restriction on Output
Formatting Instr.

Sun, S., Zhuang, S., Wang, S. and Zuccon, G., 2024. An Investigation of Prompt Variations for Zero-shot LLM-based 
Rankers. ECIR



Impact of Prompt Variations on LLM Rankers

73

TREC DL 2019 TREC DL 2020 COVID (BEIR)

Pointwise, listwise often display 
large variations of effectiveness 

across different prompts

Pairwise, set wise very robust 
across different prompts

For all approaches, there are 
better prompts than the one in 

the original paper

Sun, S., Zhuang, S., Wang, S. and Zuccon, G., 2024. An Investigation of Prompt Variations for Zero-shot LLM-based 
Rankers. ECIR



Loss function
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LLM as Rankers



Loss function
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Candidates:
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Tiger

Query: Dog

LLM

Ranking: 

       1. 

       2. 
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Tokenizer

Prompt

LLM as Rankers



Distillation
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• RankZephyr: 7B listwise ranker distilled from large GPT Models, 
outperforms GPT Models

Pradeep, R., Sharifymoghaddam, S., Lin, J. 2023. RankZephyr: Effective and Robust Zero-Shot Listwise Reranking is a Breeze!. arXiv



Distillation
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• RankZephyr: 7B listwise ranker distilled from large GPT Models, 
outperforms GPT Models


• Stage1: 100k training queries from MS MARCO, with rankings 
provided by ChatGPT 3.5.


• Excludes malformed generations.


• Has randomly shuffled input order.

Pradeep, R., Sharifymoghaddam, S., Lin, J. 2023. RankZephyr: Effective and Robust Zero-Shot Listwise Reranking is a Breeze!. arXiv



Distillation
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• RankZephyr: 7B listwise ranker distilled from large GPT Models, 
outperforms GPT Models


• Stage1: 100k training queries from MS MARCO, with rankings 
provided by ChatGPT 3.5.


• Excludes malformed generations.


• Has randomly shuffled input order.


• Stage2: 5k queries with rankings from GPT-4.5.


• Diverse queries to maximize query embedding differences.
Pradeep, R., Sharifymoghaddam, S., Lin, J. 2023. RankZephyr: Effective and Robust Zero-Shot Listwise Reranking is a Breeze!. arXiv



Distillation
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• Sliding Windows vs Full ranking distillation.

Liu W, Ma, X., Zhu, Y., Zhao, Z., Wang, S., Yin, D., Dou, Z. 2025. Sliding Windows Are Not the End: Exploring Full Ranking with Long-Context Large Language Models. ACL



Distillation
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• Sliding Windows vs Full ranking distillation.

Liu W, Ma, X., Zhu, Y., Zhao, Z., Wang, S., Yin, D., Dou, Z. 2025. Sliding Windows Are Not the End: Exploring Full Ranking with Long-Context Large Language Models. ACL



Distillation
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• Sliding Windows vs Full ranking distillation.

Liu W, Ma, X., Zhu, Y., Zhao, Z., Wang, S., Yin, D., Dou, Z. 2025. Sliding Windows Are Not the End: Exploring Full Ranking with Long-Context Large Language Models. ACL



Loss function
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LLM as Rankers



Reasoning LLMs
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Loss function
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Reasoning Rankers

Thinking…… 
……………… 
……………… 
………………. 
     



Why Reasoning?
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BRIGHT Benchmark

Su, H., et al., 2025. BRIGHT: A REALISTIC AND CHALLENGING BENCHMARK FOR REASONING-INTENSIVE RETRIEVAL. ICLR



Why Reasoning?
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BRIGHT Benchmark

nD
CG

@
10

10

16

22

28

BM25 MonoT5 RankLLaMA RankZepherBM25 +

GPT4 CoT



Reasoning Rankers
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• JudgeRank: Zeroshot pointwise reasoning ranker.

Niu, T., Joty, S., Liu, Y., Xiong, C., Zhou, Y., Yavuz, S. 2024. JudgeRank: Leveraging 
Large Language Models for Reasoning-Intensive Reranking. arXiv



Reasoning Rankers
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• JudgeRank: BRIGHT results

Niu, T., Joty, S., Liu, Y., Xiong, C., Zhou, Y., Yavuz, S. 2024. JudgeRank: Leveraging 
Large Language Models for Reasoning-Intensive Reranking. arXiv
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Reasoning Rankers
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• Rank1: Pointwise reasoning ranker distilled from DeepSeek-R1

Weller, O., Ricci, K., Yang, E., Yates, A., Lawrie, D., Durme, B. 2025, Rank1: Test-Time Compute for Reranking in Information Retrieval. arXiv



Reasoning Rankers
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• Rank1: Pointwise reasoning ranker distilled from DeepSeek-R1


• Positive and negative data points from MSMARCO.


• Labelled postive docs, hard/easy negatives from retrievers and rerankers


• Extensively filtered.


• R1 disagreed on positives and easy negatives.


• A model trained on first round to filter out disagreed hard negatives.

Weller, O., Ricci, K., Yang, E., Yates, A., Lawrie, D., Durme, B. 2025, Rank1: Test-Time Compute for Reranking in Information Retrieval. arXiv



Reasoning Rankers
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• Rank1: BRIGHT results
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• Rank-K: Listwise reasoning ranker distilled from DeepSeek-R1

Yang, E., Yates, A., Ricci, K., Weller, O., Chari, V., Durme, B., Lawrie, D. 2025, Rank-K: Test-Time Reasoning for Listwise Reranking. arXiv
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• Rank-K: BRIGHT results

Yang, E., Yates, A., Ricci, K., Weller, O., Chari, V., Durme, B., Lawrie, D. 2025, Rank-K: Test-Time Reasoning for Listwise Reranking. arXiv
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• Rank-R1: Reinforcement Learning trained setwise reasoning ranker

Zhuang, S., Ma, X., Koopman, B., Lin, J., Zuccon, G. 2025. Rank-R1: Enhancing Reasoning in LLM-based Document Rerankers via Reinforcement Learning. arXiv

Given a query {query}, which of the following 
passages is more relevant one to the query? 
Passage A: {passage_1} 
Passage B: {passage_2} 
Passage C: {passage_3} 

… 
Output only the passage label of the most 
relevant passage: 
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• Rank-R1: Reinforcement Learning trained setwise reasoning ranker

Zhuang, S., Ma, X., Koopman, B., Lin, J., Zuccon, G. 2025. Rank-R1: Enhancing Reasoning in LLM-based Document Rerankers via Reinforcement Learning. arXiv

• GRPO RL algorithm.


• MSMARCO training data.


• Reward: 1 if the labelled relevant 
document is selected and the format 
matches <think> </think> <answer> 
</answer>, otherwise 0



Reasoning Rankers

96

• Rank-R1: Reinforcement Learning trained setwise reasoning ranker

Zhuang, S., Ma, X., Koopman, B., Lin, J., Zuccon, G. 2025. Rank-R1: Enhancing Reasoning in LLM-based Document Rerankers via Reinforcement Learning. arXiv
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• Rank-R1: BRIGHT results

Zhuang, S., Ma, X., Koopman, B., Lin, J., Zuccon, G. 2025. Rank-R1: Enhancing Reasoning in LLM-based Document Rerankers via Reinforcement Learning. arXiv
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• REARANK: Reinforcement Learning trained Listwise reasoning ranker

Zhang, L., Wang, B., Qiu, X., Reddy, S., Agrawal, A. REARANK: Reasoning Re-ranking Agent via Reinforcement Learning. arXiv

• 179 queries from MSMARCO v2, with 
fine-grained relevance judgments (0-3)
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• REARANK: BRIGHT results

Zhang, L., Wang, B., Qiu, X., Reddy, S., Agrawal, A. REARANK: Reasoning Re-ranking Agent via Reinforcement Learning. arXiv
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Jedidi, N., Chuang, Y., Glass, J., Lin, 2025. Jimmy. Don’t “Overthink” Passage Reranking: Is Reasoning Truly Necessary?. arXiv
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• Seems not is not necessary for simple queries. (Results on MS MARCO and BEIR).


• Seems not necessary when base model is “small”.


• Think about latency.

Is Reasoning Truly Necessary for 
Ranking?



In this part we covered
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• SFT: From monoBERT to RankLLaMA.


• Zero-shot LLM rankers: Pointwise, Pairwise, Listwise, Setwise.


• Reasoning rankers: distillation and RL



End of Part 3 
…
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Part 4: Challenges, 
Opportunities and Resources

1



LLM-Rankers and LLM-Judge 
(autoraters): two sides of the same coin

2

• LLM Rankers: assess the 
relevance of a doc to a q 
to score doc


• LLM Judge: assess the 
relevance of a doc to a q 
to label the doc for 
search evaluation


• Also in LLM Judge 
labelling can be 
pointwise, pairwise, 
listwiseLLM judges exhibiting significant bias  

towards LLM rankers



Challenges & Opportunities: Latency, 
Costs, Scalability & Deployability

3

From Part 3: Rankers Efficiency at Inference

• Impractical latency 


• High infrastructure and 
inference costs

Reasoning further exacerbates latency, costs



Challenges & Opportunities: Latency, 
Costs, Scalability & Deployability

4

Methods Efficiencies

Backbone Efficiencies

Matryoshka Representation Learning Speculative Decoding



Challenges & Opportunities: Evaluation of 
more complex retrieval & ranking tasks
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• Complex, reasoning intensive tasks; but current evaluation resources have limits:

• Very artificial user requests

• Noisy labels

• Lack of reference corpus for retrieval and ranking (BrowseComp

BRIGHT BrowseComp



Challenges & Opportunities: 
Personalise retrieval and ranking

• LLMs prompt instructions offer the possibility to easily and explicitly 
integrate user preferences on how search works


• Limited datasets, no retrieval/ranking focus  
 
Salemi & Zamani, LaMP-QA: A Benchmark for Personalized Long-form 
Question Answering. arXiv preprint arXiv:2506.00137. 2025

6



Challenges & Opportunities: 
robustness to attacks and biases

7

LLMs encode many types of biases, 
which are hardly identified, controlled

Attacks are possible; effects not well 
understood yet, unclear how to 
identify

No

Yes

Correct

Incorrect

Correct &
Contrary Evidence

Correct &
Supporting Evidence

Incorrect &
Contrary Evidence

Incorrect &
Supporting Evidence

Correct

Incorrect

Ground truth
 answer

Question−only
 correctness

 (RQ1)

Evidence−biased
 condition

Evidence−biased
 correctness

 (RQ2)

Koopman&Zuccon  "Dr ChatGPT tell me what I 
want to hear: How different prompts impact health 
answer correctness." EMNLP 2023

Koopman&Zuccon  "Humans are 
more gullible than LLMs 
in believing common psychological 
myths.” arXiv 2025

Zhuang,, et al. "Document screenshot retrievers are 
vulnerable to pixel poisoning attacks." SIGIR 2025
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this is going to be expensive!

Challenges & Opportunities:  
LC-LLMs to rule it all
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Challenges & Opportunities:  
LC-LLMs to rule it all
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this is going to be expensive! But…

Likely to improve 
further in future



Challenges & Opportunities:  
The Role of Reasoning

• Initial steps to do reasoning for ranking — but the contribution to effectiveness 
is still  unclear


• Likely due to lack of adequate datasets to pick up these signals


• How to do reasoning for retrieval? 


• ReasonIR does not do architectural changes to integrate reasoning in DRs

11



Where from here? Pointers to 
resources
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Where from here? Pointers to 
resources
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Where from here? Pointers to 
resources

14



Tools for research on LLM-retrievers
• FlagEmbedding: The BGE series, RAG-Retrieval: The Stella-embedding series 

https://github.com/FlagOpen/FlagEmbedding


• Tevatron: LLM/VLLM retriever and reranker finetuning 
https://github.com/texttron/tevatron


• PyLate: ColBERT style mutli-vector retriever training and inference 
https://github.com/lightonai/pylate


• SentenceTransformer: Support Most open source embedding and rerank model for 
inference and training 
https://github.com/UKPLab/sentence-transformers


• Search-R1, Verl-Tool: RL with Search 
https://github.com/PeterGriffinJin/Search-R1

15
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Tools for research on LLM-rankers
• LLM-rankers: https://github.com/ielab/llm-rankers 


• Reference implementations of Zero-shot Pointwise, Listwise, Pairwise, Setwise, Rank-R1


• RankLLM: https://github.com/castorini/rank_llm


• Python toolkit for rerankers, with a focus on listwise reranking; includes reference 
implementations of BERT backbones methods


• LLM4Ranking: https://github.com/liuqi6777/llm4ranking 


• Similar to LLM-rankers: Reference implementations of LLM-rankers, supports open-
source or closed-source API-based LLMs, includes fine-tuning scripts

16

https://github.com/ielab/llm-rankers
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https://github.com/liuqi6777/llm4ranking


It’s time for 
Questions / Comments?
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