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Motivation

• When building RAG system, context of different queries will be
overlapped

Question1: "When was the Eiffel Tower built?”

Retrieved Document 1: "The Eiffel Tower is located in Paris, France ." 
Retrieved Document 2: "Construction of the Eiffel Tower was completed in 1889."

Question2: "How tall is the Eiffel Tower? ”

Retrieved Document 1: "The Eiffel Tower is located in Paris, France ." 
Retrieved Document 2: "The Eiffel Tower stands about 300 meters tall."



KV Cache Reuse

• If we have a pool of KV for each document, we can directly
reuse them.
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However, they are not identical.
We want to minimize their discrepancy.



• Retrieved documents can be at any position in the new
prompt, so we need to solve position discrepancy first.
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• Although we fix the position discrepancy, we still can observe
a huge performance degradation when reusing KV cache.

• This is because, the attention between the documents is lost,
compared to the standard decoding.
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Our solution – inference with KVLink

• We propose adding some special “link” tokens (with standard
attention) between the documents.
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How to train link tokens?

• We find-tuned our model using a mixture of datasets with two
objectives.
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Results

• KVLink achieves SOTA performance across 5 QA datasets (NQ,
2WikiMQA, TriviaQA, HotpotQA, MuSiQue)



Results

• Pre-filling time with a 5,000-token context using Llama 3.1-8B 
model


