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Large Language Models with Search Engines (Cont’d)
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Recap: How to teach LLMs to use search engines?

• Solution 1: Few-Shot 
Prompting

• Inference-time technique
• Put reasoning and action 

examples in the prompt, 
then ask the question

• Limitation: The ability to call 
a search engine is not 
internalized through model 
parameter updates
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LLM



Recap: How to teach LLMs to use search engines?
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LLM

LLM

• Solution 2: Supervised Fine-Tuning
• Training-based solution
• Collect reasoning and search trajectories to 

fine-tune the LLM

• Limitation 1: Hard to scale due to reliance on high-
quality labeled trajectories

• Limitation 2: Poor generalization to unseen tools 
(e.g., trained on BM25 but deployed on Google API)



Recap: How to teach LLMs to use search engines?

• Solution 3: Reinforcement Learning
• Train the model to generate outputs that maximize the reward
• We no longer need annotated trajectories!
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I do not have this, …
…, but I have this

(which is enough for RL)!



Search-R1 [Jin et al., COLM 2025]
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Reinforcement Learning with Outcome-Based Rewards
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• Step 1: Let the LLM autonomously explore possible trajectories

Training Data

LLM

LLM Output

Prompt +
Question



Reinforcement Learning with Outcome-Based Rewards
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• Step 2: The LLM produces a final answer based on its search and reasoning trajectories.

Training Data

LLM

LLM Output

Prompt +
Question



Reinforcement Learning with Outcome-Based Rewards
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• Step 3: We evaluate whether the final answer is correct. Trajectories leading to correct 
answers are rewarded, while those producing incorrect answers are penalized.

Training Data

LLM

LLM Output

Comparison

Prompt +
Question



Reinforcement Learning with Outcome-Based Rewards
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• Trajectories leading to correct answers are rewarded, while those producing incorrect 
answers are penalized. Informally, this means we …

• Maximize the probability that the LLM generates good trajectories, and
• Minimize the probability that the LLM generates bad ones.

• BUT these trajectories contain not only tokens generated by the LLM, but also tokens 
retrieved from external sources!

• Tokens retrieved from external sources are NOT included in the probability 
computation (i.e., NOT used for training).



Reinforcement Learning with Outcome-Based Rewards
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• Step 4: After training, the LLM learns search and reasoning capabilities that can be 
applied at inference time.

LLM

Testing Question LLM Output



Reinforcement Learning with More Complicated Rewards
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• E.g., Wang et al., Acting Less is Reasoning More! Teaching Model to Act Efficiently. arXiv 2025.
• Reward considers not only the correctness of the answer but also the efficiency of the process 

(e.g., number of search and reasoning steps).

Training Data

LLM

LLM Output

Comparison

Reward
= 6

Reward
= 4

Reward
= -2

Prompt +
Question



Reinforcement Learning with More Complicated Rewards
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• How do we apply the following two principles now? (i.e., how do we define “good” and “bad”?)
• Maximize the probability that the LLM generates good trajectories, and
• Minimize the probability that the LLM generates bad ones.

Training Data

LLM

LLM Output

Comparison

Reward
= 6

Reward
= 4

Reward
= -2

Prompt +
Question



Reinforcement Learning with More Complicated Rewards

14

• Idea 1: Ignoring efficiency, a trajectory is good if the answer is correct, and bad if the answer is 
incorrect.

• Bad idea. Why?
• For the same question, if the LLM in the previous training epoch answered it correctly using 

2 search steps, and the LLM in this epoch answers it correctly using 4 search steps, should we 
consider the current trajectory good?

• (Equivalently, should we consider the current LLM to have performed better than in the 
previous epoch on this sample?)



Reinforcement Learning with More Complicated Rewards
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• Idea 2 (Proximal Policy Optimization, PPO [Schulman et al., 2017]): Trajectories with rewards 
higher than a learned baseline are considered good; those lower than the baseline are considered 
bad.

• A trajectory is good only if it can improve the model over its (estimated) current 
performance.

• However, this requires frequent use of the baseline estimator, which incurs high computation 
and memory costs.

Reward
= 4

Baseline Estimator
(a.k.a., Value Function)

Baseline
Reward

= 5

Bad!!!



Reinforcement Learning with More Complicated Rewards
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• Idea 3 (Group Relative Policy Optimization, GRPO [Shao et al., 2024]): Trajectories with rewards 
higher than the group average are considered good; those lower than the group average are 
considered bad.

• A trajectory is good only if it can improve the model over its (average) current performance.
• Get rids of the baseline estimator

Good!!!

Reward
= 6

Reward
= 4

Reward
= -2

Average
Reward
= 8/3

Bad!!!

Good!!!



Summary: LLMs with Search Engines > LLMs 
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Completed: How do search engines help LLMs?
Next: How do LLMs help search engines?
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LLMs with Search Engines > Search Engines? 
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• In February 2023, Bing 
released an LLM-
enhanced search engine, 
Bing Chat, powered by 
GPT-4.

• What effects did this have, 
and how could they be 
studied?

• At that time, Google had 
not yet introduced a 
comparable AI mode.



Impact on Scientific Literature Search [Kusumegi et al., Science 2025]
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Impact on Scientific Literature Search
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• The authors from Cornell had 
full access to arXiv data.

• They studied arXiv documents 
accessed by Bing/Google users 
(i.e., redirected from a 
Bing/Google webpage) before 
and after February 2023.

• Observation 1: The LLM-
enhanced search engine guided 
users toward more recent 
work.



Impact on Scientific Literature Search
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• Observation 2: The LLM-
enhanced search engine guided 
users toward more books (i.e., 
more diverse knowledge 
sources).



Impact on Scientific Literature Search
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• Observation 3: The LLM-
enhanced search engine guided 
users toward papers that have 
accumulated fewer citations.



How do LLMs help search engines rank documents?
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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 ranking?
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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 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 ranking?
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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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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
• SVM [Nallapati, SIGIR 2004] in the Learning to Rank lecture
• Dual Embedding Space Model [Nalisnick et al., WWW 2016] in the Neural Ranking 

lecture
• Cross-Encoder [Dai and Callan, SIGIR 2019] 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 [Joachims, KDD 2002] in the Learning to Rank lecture
• RankNet [Burges et al., ICML 2005] in the Learning to Rank lecture
• Dense Passage Retrieval [Karpukhin et al., EMNLP 2020] in the Neural Ranking 

lecture
• ColBERT [Khattab and Zaharia, SIGIR 2020] in the BERT-Based Ranking lecture
• …



Listwise

31

• 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 [Burges et al., NIPS 2006] can be either pairwise or listwise
• LambdaMART [Burges, 2010] 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]
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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
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• 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



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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Summary: LLMs for Ranking
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Pointwise Pointwise

Listwise Pairwise



Takeaway Messages: LLMs for Ranking 
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• BM25 retrieval + LLM reranking is 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



Next: How do LLMs help recommender systems?
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• The retrieval-reranking paradigm (again!)

• What is the difference between using LLMs for reranking in search vs. in 
recommendation?

Retrieval 
Stage

Reranking
Stage

Candidate
Items

(e.g., >1M)

Candidate
Items

(e.g., <100)

Final
Ranking

User

Efficient Method
(Collaborative Filtering,
Matrix Factorization)

Effective but Expensive Method
(LLM)



Homework 4 (Part 2): ChatGPT/Gemini for Recommendation
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Potential sources of inspiration here! [Liu et al., arXiv 2023]
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A Naïve Idea
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• Pointwise: Feed the user and each candidate item to the LLM, and let it output the 
predicted rating

We need to 
describe the item 

and the user!



Incorporating Item Content and User Rating History
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Method RMSE

MF 1.1973

MLP 1.3078

LLM prompting
(gpt-3.5-turbo)

1.0751



Incorporating Item Content and User Rating History
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• How should we 
understand this solution?

• Content-based approach: 
We are having the LLM 
infer the user’s profile 
from items the user has 
already rated, BUT this 
inference process is not 
based on a formula we 
explicitly wrote in 
advance



Incorporating Item Content and User Rating History
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• If the user has already 
rated 1,000 items, and it 
is not possible to feed all 
of them into the LLM, 
what can be done?

• First select the 10 items 
that are most similar to 
the candidate item (e.g., 
using the BERT 
embedding of the 
product title)



Incorporating Item Content and User Rating History
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• How should we 
understand this solution?

• Collaborative Filtering: 
We are having the LLM 
aggregate the (user, 
candidate item) rating 
from the (user, similar 
item) ratings, BUT this 
aggregation process is 
not based on a formula 
we explicitly wrote in 
advance.



What if we only have implicit feedback?
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• Pointwise supervision is no longer available
• Listwise: Feed the user (described by the items the user has interacted with) and all 

candidate items (described by their content) to the LLM, and let it output the ranking

• Instruction

• User interaction history (a 
list of product titles, without 
any particular order)

• Candidate items



What if we only have implicit feedback?
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• Can I create an in-context demonstration example?

• Instruction

• User interaction history 
(hold out one item as a 
demonstration example)

• In-context demonstration 
example (the held-out item 
+ a dummy candidate pool 
containing items the user 
has not interacted with)

• Candidate items



What if we want to perform sequential recommendation?
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• Simple version:

• Instruction

• User interaction history (a list of product titles, in chronological order)

• Candidate items

• Create an in-context demonstration example:

• Instruction

• User interaction history (hold out the last item as a demonstration example)

• In-context demonstration example (the held-out item + a dummy candidate pool containing items the user 
has not interacted with)

• Candidate items



Performance

64

• LLMs still underperform non-LLM baselines (fully supervised) by a notable margin!

Method nDCG@5 nDCG@10

BPR-MF 0.0857 0.1224

BPR-MLP 0.0848 0.1225

LLM prompting
(gpt-3.5-turbo) 0.0216 0.0398

Recommendation with 
Implicit Feedback

Sequential Recommendation

Method nDCG@5 nDCG@10

SASRec 0.0249 0.0318

S^3-Rec 0.0244 0.0327

LLM prompting
(gpt-3.5-turbo) 0.0135 0.0135



Hou et al. [ECIR 2024]
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Prompting Strategies

66

• Sequential prompting: Arrange the historical interactions in chronological order (already 
introduced in [Liu et al., arXiv 2023])

• “I’ve watched the following movies in the past in order: ‘0. Multiplicity’, ‘1. Jurassic Park’, ...”

• In-context learning: Holding out the last item in the interaction history as a 
demonstration example (already introduced in [Liu et al., arXiv 2023])

• “If I’ve watched the following movies in the past in order: ‘0. Multiplicity’, ‘1. Jurassic Park’, ..., 
then you should recommend Dead Presidents to me and now that I’ve watched Dead 
Presidents, then ...”

• Recency-focused prompting: In addition to the sequential interaction records, we can 
add an additional sentence to emphasize the most recent interaction

• “I’ve watched the following movies in the past in order: ‘0. Multiplicity’, ‘1. Jurassic Park’, .... 
Note that my most recently watched movie is Dead Presidents. ...”



Performance
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LLMs suffer from position bias

68

• The ranking performance 
drops significantly when the 
ground-truth items appear at 
the last few positions

• Solution in this paper: Rank 
the candidate set repeatedly 
for multiple times, with 
candidates randomly shuffled 
at each round. Then merge 
the results of each round to 
derive the final ranking



LLMs suffer from popularity bias

69

• Popular items tend to be ranked at higher 
positions by LLMs

• Why?
• For popular items, the associated text 

may also appear frequently in the pre-
training corpora of LLMs

• E.g., a best-selling book would be 
widely discussed on the Web



Fine-Tuning a Language Model for Recommendation
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Recformer [Li et al., KDD 2023]
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Item Key-Value Attribute Pairs
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Flatten Key-Value Attribute Pairs into a “Sentence”
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Feed “Sentences” into a Transformer Encoder

74

• Putting the most recent items on the left helps preserve them when the interaction history 
exceeds the model’s maximum input length



Contrastive Learning
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• Putting the most recent items on the left helps preserve them when the interaction history 
exceeds the model’s maximum input length

• Contrastive learning helps the model better learn item representation vectors



Performance

76



Thank You!
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