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Don’t Do RAG:
When Cache-Augmented Generation is All You Need for
Knowledge Tasks

Brian ] Chan’
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Abstract

Retrieval-augmented generation (RAG) has gained traction as a
powerful approach for enhancing language models by integrating
external knowledge sources. However, RAG introduces challenges
such as retrieval latency, potential errors in document selection,
and increased system complexity. With the advent of large lan-
guage models (LLMs) featuring significantly extended context win-
dows, this paper proposes an alternative paradigm, cache-augmented
generation (CAG) that bypasses real-time retrieval. Our method in-
volves preloading all relevant resources, especially when the docu-
ments or knowledge for retrieval are of a limited and manageable
size, into the LLM’s extended context and caching its runtime pa-
rameters. During inference, the model utilizes these preloaded pa-
rameters to answer queries without additional retrieval steps. Com-
parative analyses reveal that CAG eliminates retrieval latency and
minimizes retrieval errors while maintaining context relevance. Per-

Hen-Hsen Huang
Insititue of Information Science
Academia Sinica
Taipei, Taiwan
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1 Introduction

The advent of retrieval-augmented generation (RAG) [2, 5] has
significantly enhanced the capabilities of large language models
(LLMs) by dynamically integrating external knowledge sources. RAG
systems have proven effective in handling open-domain questions
and specialized tasks, leveraging retrieval pipelines to provide con-
textually relevant answers. However, RAG is not without its draw-
backs. The need for real-time retrieval introduces latency, while
errors in selecting or ranking relevant documents can degrade the
quality of the generated responses. Additionally, integrating re-
trieval and generation components increases system complexity,
necessitating careful tuning and adding to the maintenance over-
head.

This paper proposes an alternative paradigm, cache-augmented
generation (CAG), leveraging the capabilities of long-context LLMs
to address these challenges. Instead of relying on a retrieval pipeline,
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