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Goal
• Provide some insights on understanding LLM alignment from an IR 

perspective.

• Propose a new LLM alignment method with an IR philosophy.
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Motivation
• Large language models are extraordinary.

• LLaMA, GPT4, Gemini, … 
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chat coding reasoning



Motivation
• Large language model training consists three steps.
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Motivation
• Large language model training: SFT and RLHF.
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Motivation
• Large language model inference paradigm.
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Motivation
• Let’s think about information retrieval (IR).

• In an IR system, we usually have retrievers and rerankers.
• Retrievers can work on large corpora efficiently, while not accurate enough.
• Rerankers can more accurately measure the semantic similarity while not efficient.  

7



Motivation
• Information retrieval (IR) inference pipeline
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Motivation
• Information retrieval (IR) training
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[1] Karpukhin, Vladimir, et al. "Dense Passage Retrieval for Open-Domain Question Answering." EMNLP. 2020.
[2] Qu, Yingqi, et al. "RocketQA: An Optimized Training Approach to Dense Passage Retrieval for Open-Domain Question Answering." NAACL. 2021.



Understand the connection between generative language modeling and IR 

• Inference stage connection

• Training stage connection

• Model architecture connection
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Inference stage connection 
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Inference stage connection 
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LLM can be seen as a retriever while reward 
model can be seen as a reranker.



Training stage connection 
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Architecture connection 
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Empirical understanding of the connection
• If we can treat LLM as a retriever, how good is it from an IR perspective?

• We look at the Recall metric rather than greedy decoding accuracy.
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Recall@N (Pass@N): we repeatedly generate N responses for one prompt, measure if one 
of them contain the ground truth answer.
Temperature: control the diversity of the generation, the higher, the more diverse.



Empirical understanding of the connection
• If we can treat LLM as a retriever, how good is it from an IR perspective?
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The inference time scaling law aligns with retriever in IR.



Empirical understanding of the connection
• If we can treat LLM as a retriever, how good is it from an IR perspective?

• We look at the Recall metric rather than greedy decoding accuracy.
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~ greedy decoding
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Empirical understanding of the connection
• If we can treat LLM as a retriever, how good is it from an IR perspective?

• We look at the Recall metric rather than greedy decoding accuracy.
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As N increases,
Recall@N can be very high.
~ 100%

This means that from the retriever perspective, LLM is strong enough, 
we need to do inference time scaling with reward models[1].

[1] https://openai.com/o1/



Empirical understanding of the connection
• Training stage
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SFT can have a big performance gain, DPO can improve on top of SFT.
This aligns with direct retriever optimization and reranker-retriever distillation in IR.



LLM alignment as retriever optimization

• If LLMs can be seen as retrievers, can we improve LLM alignment 
with IR philosophies?

20

Yes !!!



LLM alignment as retriever optimization
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Yes !!!

• If LLMs can be seen as retrievers, can we improve LLM alignment 
with IR philosophies?



LLM alignment as retriever optimization

• Learning objective

• Hard negatives

• Candidate list



LLM alignment as retriever optimization
• Learning objective
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The formal objective for preference optimization

It has an optimal solution

reward model



Learning objective
• Ranking assumption for the reward model

• Pairwise ranking

• Contrastive ranking

• LambdaRank

• ListMLE
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Learning objective
• Different ranking assumption turns to different LLM alignment objective

• Pairwise ranking

• Contrastive ranking

• LambdaRank

• ListMLE
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DPO[1]

ours

[1] https://arxiv.org/abs/2305.18290



Learning objective
• Performance comparison with different ranking objective
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LLM alignment as retriever optimization

• Learning objective

• Hard negatives

• Candidate list



LLM alignment as retriever optimization
• Hard negatives

• In IR, the negatives used to train the retriever are crucial, harder negatives can 
contribute to better retriever model.

• In LLM alignment, the hard negatives can be treated as the rejected responses.
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Easiest: a random, unrelated response.
Easy: a response to a related but different prompt.
Hard: an incorrect response to x generated with a high temperature.
Hardest: an incorrect response to x generated with a suitable temperature.



Hard negatives
• Experiments

• The harder the negatives are, the stronger the trained LLM is.
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LLM alignment as retriever optimization

• Learning objective

• Hard negatives

• Candidate list



LLM alignment as retriever optimization
• Candidate list

• Inclusiveness: refers to the size of the response list.

• Memorization: refers to whether previously generated responses are included.

• Diversity: relates to the sampling strategy used to generate the responses.
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Candidate list
• Experiments

• Larger candidate set contributes to better LLM alignment.
• Incorporating previous responses and diverse responses help.
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The Proposed Solution: LARPO
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The Proposed Solution: LARPO
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Thanks


