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Long‑context ICL is accurate but expensive: KV ∝ input length.

But can we use a swappable KV cache module and reuse it?

Cartridges

Performance

Turning long corpora into tiny, reusable KV prefixes for fast, high‑quality answers.

ICL‑like quality with dramatically less memory and higher throughput when many 
queries target the same corpus.
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What is a Cartridge

● A learned KV prefix of length p (e.g., 128–8192 tokens) attached at inference time.

● No base‑model weight updates; just load/unload per corpus.

● A composable module; concatenate multiple cartridges (e.g., Policy ⊕ API Docs ⊕ 
Codebase) for cross‑source reasoning.

Analogy: Like prefix‑tuning, but trained to imitate ICL on that corpus.
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Self-study Training

● Synthesize dialogs about the corpus: For each chunk 𝑐̃, auto‑generate Q↔A / 
instruction traces.

● Teacher = base LLM with 𝑐̃ in context; Student = same LLM + trainable cartridge 𝑍 
without 𝑐.̃

● Objective: minimize step‑wise KL(𝑝_𝑡 || 𝑝_𝑠) over next‑token distributions.

Intuition: Student learns to act as if the corpus were present.
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Performance: throughput and cache size

↓38.6x memory consumption and ↑26.4x peak throughput across different tasks
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Performance: Cartridges vs baselines

Cartridges matches ICL quality with lower memory costs.
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Surprising notes

● Context stretch: Effective context extended (e.g., 128k → ~484k on MTOB)

● Composition: Multiple cartridges combine without re‑training.
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Cartridges vs RAG? LoRA?

RAG

LoRA

Good for flexible and live updates, but retrieval and long prompts are still costly.

Much more expressive for training, but also to serve on infrastructures.

-> Cartridges are optimized on stable, repeatedly‑queried corpora.

-> Cartridges are prefix‑only; also outperperforms LoRA.
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Other discussions

● A Cartridge can be served efficiently with minimal 
changes to existing LLM inference servers (e.g. 
SGLang)

● Limitations:

○ Upfront compute: Strong performance but 
training must be amortized

○ Coverage: training rely on synthetic dialogs; bad 
dialogs cause blind spots

○ Timeliness: Corpus changes require re-training 
or incremental fine‑tuning
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Takeaways

Cartridges = compact, reusable memory of a corpus with ICL‑like behavior.

Use Self‑study (synthetic dialogs + context distillation) for training.

For repeated queries, strong performance in terms of larger throughput 
and reduced memory
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strongly attends to a small subset of tokens
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Motivation
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Core Idea
• Existing methods use modular scores, where each KV state is evaluated independently

• Frame the KV cache selection as subset selection problem with submodular objective function



•  
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Submodular

Greedy algorithm for submodular maximizationa has theoretical (1 – 1/e) guarantee 
from the optimal solution
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Submodularity

facility location (FL) function
how well a subset can represent the whole 
set

feature-based function
how much total importance is captured

Diversity Importance

How to select a subset?



Submodularity

Mixture function: trade-off

normalized with 
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Offline algorithm



fill until budget, 
else greedy choose 
worst one to evict

for each new token 
compute costs
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Online algorithm
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Experiments

• Datasets from benchmark: lm-eval-harness, HELM, LongBench

• Models: LLaMA 7B and 13B, LLaMA2 7B and 13B, Llama-2-Chat 7B and LongChat-32k 7B

• Baselines: All, Local, Random+Local, Attention sinks+Local, H2+local

• Submarine  software system for submodular computation
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Experiments

llm-eval-harness benchmark, 0.1x the input length as budget
(♥) log-based
(♦) power-based                             
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Experiments

LongBench benchmark, λ=0.3
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Experiments

XSUM dataset, few-shot summarization task

λ=0.2 still better than H2+local (which equals to λ=0 and φ is identity function)
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Experiments



• introduce diversity into selection aside from only importance(H2O) 
• reframe eviction as subset selection problem, and submodularity guarantees that a 

simple Greedy Algorithm achieves a near-optimal solution

Discussion:
• rely on submodular optimization tool(not open-source) 
• redundancy/diversity matters

• R-KV: heuristic ranking Z = λ⋅Imp - (1-λ)⋅Redu
• OmniKV: inter-layer redundancy
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Takeaways
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