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Recap: How do search engines help LLMs?

What is the most cited 
paper in WWW 2017?

Hallucination!

Directly generating
the answer

Querying
Augmenting

the input

Neural Collaborative 
Filtering

External Corpora / Web

Correct Answer!
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• Retrieval-Augmented Generation (RAG)
• Reasoning-Search Interleaved LLMs (Search-R1)



Today: How do LLMs
help search engines?
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• Initial Idea: Feed the 
query and all candidate 
documents to the LLM, 
and let it output the 
ranking

• Is this strategy 
generalizable?



How do LLMs help search engines?

4

• Initial Idea: Feed the query and all candidate documents to the LLM, and let it output the 
ranking

• Can we generalize this idea to 1,000 or 1,000,000 candidate documents?
• No! Because of the maximum input length limit, prohibitive costs, …
• How to address this?

• The retrieval-reranking paradigm

Retrieval 
Stage

Reranking
Stage

Candidate
Documents
(e.g., >1M)

Candidate
Documents
(e.g., <100)

Final
Ranking

Query

Efficient Method
(BM25)

Effective but Expensive Method
(LLM)



How do LLMs help search engines?
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• Initial Idea: Feed the query and all candidate documents to the LLM, and let it output the 
ranking

• Can we generalize this idea to 20 
candidate documents?

• Not entirely! Because LLMs “lost 
in the middle” when the context 
is long

• If LLMs are more powerful with 
no more than 5 candidate 
documents, how can we make it 
rank 20 documents?



Background: Three Types of Ranking Strategies
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Three Types of Ranking Strategies
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Pointwise Pairwise Listwise

Score: 7

Score: 14

Score: 21

• Final Output:



Pointwise
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• Given a query 𝑞𝑞 and a candidate document 𝑑𝑑, directly calculate score(𝑞𝑞,𝑑𝑑)
• Examples?

• TF-IDF
• BM25
• Dual Embedding Space Model (DESM) [in the Neural Ranking lecture]
• Cross-Encoder [in the BERT-Based Ranking lecture]
• …



Pairwise
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• Given a query 𝑞𝑞 and two candidate documents 𝑑𝑑1, 𝑑𝑑2, predict if 𝑑𝑑1 should be ranked 
higher than 𝑑𝑑2

• Examples?
• Ranking SVM [in the Learning to Rank lecture]
• RankNet [in the Learning to Rank lecture]
• Bayesian Personalized Ranking (BPR)
• Dense Passage Retrieval [in the Neural Ranking lecture]
• ColBERT [in the BERT-Based Ranking lecture]
• …



Listwise
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• Given a query 𝑞𝑞 and ALL candidate documents 𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁, output the ranking list of 
𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁 

• Examples 
• Our initial idea using ChatGPT
• LambdaRank can be either pairwise or listwise
• LambdaMART can be either pairwise or listwise
• …



How to apply these three strategies
when an LLM is available?
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Pointwise Ranking w/ LLMs: Method 1 [Liang et al., arXiv 2022]
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• Given a query 𝑞𝑞 and a candidate document 𝑑𝑑, directly calculate score(𝑞𝑞,𝑑𝑑)

The LLM’s output will be binary, but you need a 
continuous score for ranking. What can you do?



Pointwise Ranking w/ LLMs: Method 1 [Liang et al., arXiv 2022]
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• Check the model’s probabilities for outputting the “Yes” or “No” token!
• If the model outputs “Yes”, then score 𝑞𝑞,𝑑𝑑 = 1 + 𝑝𝑝(“Yes”)
• If the model outputs “No”, then score 𝑞𝑞,𝑑𝑑 = 1 − 𝑝𝑝(“No”)

• Limitation?
• Rely on the output probabilities of an LLM, which was unavailable for many closed-

source LLM APIs
• Currently, ChatGPT’s web interface still does not show token probabilities, but you 

can get them via the OpenAI Responses API



• Given a query 𝑞𝑞 and a candidate document 𝑑𝑑, directly calculate score(𝑞𝑞,𝑑𝑑)

• How to calculate this probability?

Pointwise Ranking w/ LLMs: Method 2 [Sachan et al., EMNLP 2022]
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The relevance between a query and a document is 
measured by the probability of the model to 
generate the query based on the document.



• How to calculate this probability?

�
𝑡𝑡

𝑝𝑝(𝑞𝑞𝑡𝑡|𝑖𝑖,𝑑𝑑, 𝑞𝑞<𝑡𝑡)

• 𝑖𝑖: instruction;    𝑑𝑑: document;    𝑞𝑞<𝑡𝑡: the first (𝑡𝑡 − 1) tokens in the query
• Or equivalently,

score 𝑞𝑞,𝑑𝑑 =
1

|𝑞𝑞|�
𝑡𝑡

log𝑝𝑝(𝑞𝑞𝑡𝑡|𝑖𝑖,𝑑𝑑, 𝑞𝑞<𝑡𝑡)

• Still rely on the output probabilities of an LLM
• Can we rely on the output tokens only?

Pointwise Ranking w/ LLMs: Method 2 [Sachan et al., EMNLP 2022]
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Listwise [Sun et al., EMNLP 2023]

16



Listwise Ranking w/ LLMs
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• Given a query 𝑞𝑞 and ALL candidate documents 𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁, output the ranking list of 
𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁 

Instruction used 
for text-davinci-003
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Instruction used 
for gpt-3.5-turbo 

and gpt-4



Listwise Ranking w/ LLMs
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• Given a query 𝑞𝑞 and ALL candidate documents 𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁, output the ranking list of 
𝑑𝑑1, 𝑑𝑑2, …, 𝑑𝑑𝑁𝑁 

• Previous unresolved issue: If LLMs are more powerful with no more than 5 candidate 
documents, how can we make it rank 20 documents?



Sliding Window
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• The LLM ranks only 𝑤𝑤 documents at a time (e.g., 𝑤𝑤 = 4)
• The LLM ranks all candidate in a back-to-first order using a sliding window
• The top-𝑠𝑠 documents in the previous window will participate in the next window (e.g., 
𝑠𝑠 = 2)



Sliding Window

21

• Assume there are 𝑁𝑁 documents to be reranked. How many times do you need to call 
the LLM?

• 𝑁𝑁−𝑤𝑤
𝑤𝑤−𝑠𝑠

+ 1 (e.g., 8−4
4−2

+ 1 = 3)



Sliding Window
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• Why back-to-first?
• Ensure that the top portion of the ranking list is more accurate, while the ordering 

toward the end is relatively less important
• How many of the top-ranked documents can this method guarantee to be absolutely 

accurate? (Assume the LLM is perfect at ranking)
• Top-𝑠𝑠



Results on TREC and BEIR
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Prediction Failures of Listwise Ranking w/ LLMs 
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• Missing: When LLMs only outputs a partial list of the input documents
• E.g., [2] > [4] > [1]

• Rejection: LLMs refuse to perform the ranking task and produce irrelevant outputs

• Repetition: LLMs output the same document more than once
• E.g., [2] > [4] > [3] > [1] > [4]

• Inconsistency: The same list of documents have different output rankings when they are 
fed in with different order or context



Pairwise [Qin et al., NAACL 2024]
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Pairwise Ranking w/ LLMs
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• Given a query 𝑞𝑞 and two candidate 
documents 𝑑𝑑1, 𝑑𝑑2, predict if 𝑑𝑑1 should 
be ranked higher than 𝑑𝑑2

• Scoring mode: Compare the output 
probabilities 𝑝𝑝(“Passage A”) and 
𝑝𝑝(“Passage B”)

• Generation mode: Directly check the 
output tokens



Pairwise Ranker → Ranking for the Entire List
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• All pair comparisons (PRP-Allpair): 𝑂𝑂(𝑁𝑁2) API calls

score 𝑞𝑞,𝑑𝑑 = 1 × �
𝑑𝑑′≠𝑑𝑑

𝕀𝕀(𝑑𝑑 ≻ 𝑑𝑑′) + 0.5 × �
𝑑𝑑′≠𝑑𝑑

𝕀𝕀(𝑑𝑑 = 𝑑𝑑′)

• Sorting-based (PRP-Sorting): 𝑂𝑂(𝑁𝑁 log𝑁𝑁) API calls
• Quicksort or Heapsort

• Sliding window (PRP-Sliding): 𝑂𝑂(𝑁𝑁) API calls
• Back-to-first
• One-pass Bubblesort
• 𝑘𝑘-pass Bubblesort (𝑘𝑘 is small)



Pairwise Ranker → Ranking for the Entire List
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• Sliding window (PRP-Sliding): 𝑂𝑂(𝑁𝑁) API calls
• Back-to-first
• 𝑘𝑘-pass Bubblesort (𝑘𝑘 is small)
• Guarantee the top-𝑘𝑘 documents to be absolutely accurate (Assume the LLM is 

perfect at ranking)

• Comparison between Pointwise, Pairwise, and Listwise ranking w/ LLMs:



Results on TREC
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Results on BEIR
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Takeaway Messages 
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• BM25 retrieval + LLM reranking currently the best-performing paradigm for zero-shot 
retrieval in unseen domains

• Ultimately, we outperform BM25 alone in the zero-shot setting!

• If you want to leverage the LLM’s output probabilities, use either a pointwise or pairwise 
approach

• If you want to leverage the LLM’s output tokens only, use either a pairwise or listwise 
approach

• Sliding window is an efficient and effective strategy. It is often not only faster than all-pair 
comparisons and full sorting but also surprisingly performs better

• Possibly because LLMs are NOT perfect or consistent



Extended Content
(will not appear in quizzes or the exam)
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Fine-Tuning Open-Source LLMs [Ma et al., SIGIR 2024]
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Retrieval-Reranking Paradigm
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• Key challenge: How to get the query / document embedding given an LLM with the 
Transformer decoder architecture?

Retrieval 
Stage

Reranking
Stage

Candidate
Documents
(e.g., >1M)

Candidate
Documents
(e.g., <100)

Final
Ranking

Query

Efficient Method
(Fine-Tuned LLaMA,

Bi-Encoder)

Effective but Expensive Method
(Fine-Tuned LLaMA,

Cross-Encoder)



Bi-Encoder (BERT Version)
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• The output vector of the [CLS] token serves as query / document embedding
• Can we directly apply this idea to GPT, LLaMA, or Qwen (all of which use the Transformer 

decoder architecture)? Why not?

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …

Query: Cardiac injury is common in 
critical cases of COVID-19

BERT BERT

[CLS] [CLS]

cosine / inner product



Bi-Encoder (GPT / LLaMA / Qwen Version)
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• Due to the Transformer decoder’s unidirectional attention mechanism, the output embedding of 
the first token only sees the first token itself and does not attend to any other input tokens!

• We should use the last token!

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …

Query: Cardiac injury is common in 
critical cases of COVID-19

GPT / LLaMA / Qwen GPT / LLaMA / Qwen

Last token Last token

cosine / inner product



Cross-Encoder (BERT Version)
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• Concatenate the query and document into a single input sequence
• Get the representation of the entire sequence and perform binary classification

BERT

[CLS]

p(relevant | query, document)

[CLS] [SEP] [SEP]

Binary Classification

Query: Cardiac injury is common in 
critical cases of COVID-19

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …



Cross-Encoder (GPT / LLaMA / Qwen Version)
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• Concatenate the query and document into a single input sequence
• Get the representation of the entire sequence and perform binary classification

GPT / LLaMA / Qwen

Last token

p(relevant | query, document) Binary Classification

Query: Cardiac injury is common in 
critical cases of COVID-19

Document: Clinical features of 
patients infected with 2019 novel 

coronavirus in Wuhan, China. A 
recent cluster of pneumonia …



Performance and Limitations
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• Limitation 1: Fine-tuning is necessary. The 
last token only guarantees attention to all 
input tokens but does not ensure a good 
representation of the entire input. This 
requires training

• Limitation 2: Must use an open-source 
model; otherwise, fine-tuning is not possible

Fine-tuned LLaMA

Zero-shot Pairwise

Zero-shot Listwise



Thank You!
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