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Abstract

Large language models are often used to answer
queries grounded in large text corpora (e.g. code-
bases, legal documents, or chat histories) by plac-
ing the entire corpus in the context window and
leveraging in-context learning (ICL). Although
current models support contexts of 100K—1M to-
kens, this setup is costly to serve because the
memory consumption of the KV cache scales
with input length. We explore an alternative:
training a compressed KV cache offline on each
corpus. At inference time, we load this trained
KV-cache, which we call a CARTRIDGE, and de-
code a response. Critically, the cost of training
a CARTRIDGE can be amortized across all the
queries referencing the same corpus. However,
we find that the naive approach of training the
CARTRIDGE with next-token prediction on the
corpus is not competitive with ICL. Instead, we
propose SELF-STUDY, a training recipe in which
we generate synthetic conversations about the cor-
pus and train the CARTRIDGE with a context-
distillation objective. We find that CARTRIDGES
trained with SELF-STUDY replicate the function-
ality of ICL, while being significantly cheaper to
serve. On challenging long-context benchmarks,
CARTRIDGES trained with SELF-STUDY match
ICL performance while using 38.6x less memory
and enabling 26.4x higher throughput. SELF-
STUDY also extends the model’s effective context
length (e.g. from 128k to 484k tokens on MTOB)
and surprisingly, leads to CARTRIDGES that can
be composed at inference time without retraining.

1. Introduction

A common large language model (LLM) usage pattern in-
volves placing a large corpus into the context window and
querying the model about it. For instance, a user or or-
ganization may use LLMs to understand codebases (Nam!
et al.| 2024), financial documents (Islam et al., [2023)), legal
texts (Guha et al.,|2023}; Zheng et al., 2025), textbooks (Ouel{
lette et al., [2025)), or personal files (Arora & Ré, 2022]).

LLM:s excel here due to in-context learning (ICL), enabling
accurate responses to diverse queries (e.g., factual Q&A,
summarization, code generation) (Dong et al., 2022).

Despite its flexibility, this usage paradigm is memory-
intensive. ICL requires maintaining a KV cache that grows
linearly with the input length. For example, LLaMA 70B
needs 84 GB of memory (at 16-bit precision) to answer a
single question over a 128k-token context (Dubey et al.,
2024)). This severely limits user throughput: on a single
H100 GPU, LLaMA 8B’s peak thoughput (tokens/s) drops
by 77x when increasing the context from 1k to 120k tokens

(Figure2).

Prior work has thus explored reducing KV cache memory
usage. For instance, prompt compression methods reduce
the number of tokens stored in the cache using summariza-
tion, retrieval, or self-information filtering (Lewis et al.|
2020; Jiang et al., 2023b; |Li, 2023} |(Chuang et al., [2024),
while KV cache compression techniques directly compress
the stored key-value pairs (Ge et al.| [2023aj [Zhang et al.|
2023} Tang et al.| 2024; Oren et al.| 2024). Unfortunately,
these methods raise sharp memory-quality tradeoffs: in ex-
periments on challenging long-context tasks, we find that
performance rapidly degrades when applying these methods
with compression ratios greater than 2x (see Figure [3).

Motivated by the observation that the cost of preparing a
corpus-specific representation can be amortized across many
queries, we explore a complementary approach based on
offline training. Given a specific corpus (e.g., a financial
filing) we freeze the LLM and train a compressed KV cache
by backpropagating loss into the key and value vectors,
resembling prefix tuning (Li & Liang| 2021} [Lester et al.
2021). We call the trained representation for the corpus
a “CARTRIDGE.” At inference time, we load the trained
CARTRIDGE for the corpus, append the user’s question,
and decode. As users often ask multiple questions about
the same corpus, each CARTRIDGE can be trained once
and reused. And since practitioners are often interested
in common corpora (e.g., SEC filings, or Wikipedia), a
CARTRIDGE can be distributed online akin to traditional
models. This approach also integrates cleanly with existing
inference servers, which are already designed to manage
per-user KV caches (Kwon et al.l [2023; |Zheng et al., 2024).



Figure 1. Producing CARTRIDGES via self-study. For a given document corpus, we trai€arTRIDGE by distilling the corpus into a
parameterized KV cache representation through a process weeeaSTuDY. At inference time, thiCARTRIDGE may be loaded into

an LLM, which can then be used to answer diverse queries about the corpus, simulating in-context analysis of the corpus while requiring
substantially less memory.

Compressed KV caches reduce memory usage, but achiattat are composable without joint optimization: multiple
ing ICL-equivalent functionality require€SARTRIDGEStO CARTRIDGE can be concatenated and queried together, em-
satisfy three non-trivial conditionskirst, CARTRIDGES  ulating ICL's ability to exibly answer queries over multiple
should replicate the generality of ICL, and provide accuratedocuments concatenated in context.

answers across diverse questions (Dong et al.,|2022). Trw

. - . R We evaluateSELF-STUDY on a broad suite of challeng-
training procedure to enable this functionality is unclear; : .
. . - ing and popular benchmarks that pair a single long context
we experimentally nd that naive training on corpora allow

for model memorization but do not support ICL—equivaIent(lo(:k_484k tokens) with a diverse set of queries (Islam etal.,

. . 2023; Adams et al., 2024; Tanzer et al., 2023). We make
general reasoningSecond a CARTRIDGE should repli- . . .

, . . three ndings. First, CARTRIDGES extends the quality-
cate ICLs structural awareness—its ability to reason over .
. memory frontier—averaged across the benchmaks-
document structure, and understand how distant parts of a . .
e TRIDGESproduced withSELF-STUDY match ICL quality
corpus relate or depend on each other. This is critical for , . : : : :
. . . Wwhile consuming38.:6 less memory, enabling 26.4
corpora like codebases or legal agreements, where mfcﬁrﬁcrease in peak throughput (tokens per second). These
mation in one section often affects anothHer (Hion, 2025). P 9nhp P '

N . ; emory reductions and speedups represent an order of mag-
Naive compression methods may overlook or discard such. . :
. : : ._nitude improvement over state-of-the-art cache compression
long-range and hierarchical dependencies, thus reduci

performanceThird , CARTRIDGES should be composable. nrg’aselmese(.g. DuoAttention (Xiao et al., 2024b)Eecond

Just as users may exibly combine different documents in CARTRIDGESenables context length extrapolation. On the

. : . AMITOB benchmark (Tanzer et al., 2023), where models must
LLM context window (via concatenation), they should also .
translate from Kalamang, a low-resource language, into En-

be capable of combining differe@IARTRIDGES, depending glish, we useSELF-STUDY with LLAMA -8B to construct a

on which docg_mer_lts are O.f mterest._ This kind of knowl-sma"CARTRlDGEfrom a484k token textbook. ThiCAR-
edge composition in LLMS is recognized as Cha"engmgTRlDGE outperforms ICL over the rsi.30,000tokens of
problem (Huang et al., 2023). P . ; '
the textbook byl1:0 chrF points and matches the perfor-
To address these challenges, we profgsier-STUDY: a  mance ICL over a curated and subset of the textbook in
simple, automated recipe for training general, informationeontext.Third , we show thaCARTRIDGES can be concate-
preserving, and composallBARTRIDGESfor any text cor- nated and used in a single decoding pass, similar to ICL,
pus. SELF-STUDY consists of two steps: (1) generating and can be used to extrapolate beyond the context length of
synthetic training data by prompting the model to quiz itselfICL in Figure 5.
in diverse formats—e.g., Q&A, summarization, hierarchi-
cal structuring—encouraging broad coverage, generality. Related work
gnd structural understandlng, and (2) dISU".m?q th_e corpusSee Appendix B for a more detailed discussion of prior work.
into a compressed cache using a context-distillation objec-
tive (Bhargava et all, 2024; Snell et al., 2022) that aligns
the model's next-token predictions with and without ac-Parameter Ef cient Fine-Tuning Prior work has ex-
cess to the original text. To preserve global dependencieplored a range of strategies, prompt distillation (Kujanpaa
SELF-STUDY augments synthetic examples with model-et al., 2024; Snell et al., 2024), self-instruction (Nayak et al.,
generated table-of-contents, positional context, and retrievaR024), and domain-speci ¢ training (Colombo et al., 2024)
augmented views over distant corpus chunks. This enablder adapting langague models. Variants of this approach
the model to learn long-range relationships during traintrain C into smaller modules (“adapters”) which can be
ing. RemarkablySELF-STuUDY also yieldsCARTRIDGES  added to the model, which have parameter ef ciency ben-
ets (Suetal., 2025; Hu et al., 2022; Li & Liang, 2021;
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