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Abstract

Long-context processing remains a significant challenge for
large language models (LLMs). Retrieval-augmented genera-
tion (RAG) has recently emerged as a promising approach,
enabling LLMs to selectively access relevant information
from extended contexts to improve efficiency. However, ex-
isting RAG approaches often lag behind other efficient long-
context processing methods primarily due to inherent limita-
tions on inaccurate retrieval and fragmented contexts. To ad-
dress these limitations, we propose RetroLM, a novel RAG
framework designed for effective long-context processing.
Unlike traditional approaches, RetroLM introduces KV-level
retrieval augmentation, which partitions the LLM’s Key-
Value (KV) cache into contiguous pages and performs encod-
ing and decoding operations based on the retrieved KV pages.
Built upon this framework, we further develop a specialized
retriever for precise retrieval of critical pages and conduct
unsupervised post-training to optimize the model’s ability
to leverage retrieved information. Compared with traditional
RAG, the new approach enhances robustness to retrieval inac-
curacy, facilitates effective utilization of fragmented contexts,
and saves the cost from repeated context-encoding opera-
tions. We conduct extensive evaluations across several pop-
ular benchmarks, including LongBench, InfiniteBench, and
RULER. RetroLM consistently outperforms existing long-
LLMs and RAG-based methods, especially in tasks requiring
deep reasoning or extreme context lengths.

Code — https://github.com/kunlun531/RetroLM

Introduction

The processing of long contexts has emerged as a criti-
cal issue in the development and application of Large Lan-
guage Models (LLMs). Numerous applications necessitate
the ability to handle extended sequences of information, in-
cluding understanding lengthy documents (Bai et al. 2023;
Caciularu et al. 2023), supporting sophisticated Al agent
systems (Jin et al. 2024), and generating long-form reason-
ing chains for complex tasks, such as mathematical proofs
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(OpenAlI 2024) or computer programming (Gur et al. 2023).
To address this crucial requirement, substantial efforts have
been devoted to extending the maximum context lengths ac-
commodated by LLMs. For example, GPT-4 (Achiam et al.
2023) and LLaMA-3.1 (Dubey et al. 2024), both of which
support a 128K token context window. Moreover, the recent
Gemini2.5-Pro (Comanici et al. 2025) makes a dramatic ex-
tension, enabling a context window of over 10M tokens.

Despite these impressive naive extensions, the practical
application of long-context models is severely limited by
a fundamental bottleneck: the computational and memory
cost of self-attention. The quadratic complexity of attention
computation and the linear growth of the Key-Value (KV)
cache with sequence length render naive full-attention pro-
hibitively expensive. This has spurred the development of
two main classes of efficient processing methods, each with
its own inherent limitations. The first class, heuristic-based
KV compression, includes methods like StreamingLL.M
(Xiao et al. 2023a), H20 (Zhang et al. 2023b), and SnapKV
(Li et al. 2024b). These approaches rely on heuristics (such
as token recency or attention scores) as proxies for impor-
tance to decide which KVs to discard. However, such heuris-
tics are often insufficient for tasks requiring complex, non-
local reasoning, leading to a performance ceiling as critical
information may be prematurely dropped. The second class,
trainable sparse attention (Lu et al. 2025; Yuan et al. 2025),
trains models from scratch to adapt to sparse KV caches.
While potentially more performant, this approach requires
massive, costly pre-training, making it impractical for adapt-
ing existing state-of-the-art LLMs.

As an alternative paradigm, Retrieval-Augmented Gen-
eration (RAG) has shown promise by retrieving relevant
information from external knowledge sources. Inspired by
this, recent studies apply RAG to the long-context problem
by chunking long documents, retrieving the most relevant
chunks, and feeding them to the LLM (Xu et al. 2023; Li
et al. 2024a). However, this text-level RAG paradigm faces
two inherent limitations. First, it causes semantic fragmen-
tation: the hard division of text into chunks shatters the
document’s narrative and structural coherence, preventing
LLM from grasping global context and inter-segment rela-



tionships (Luo et al. 2024; Li et al. 2024a). Second, it creates
aretrieval-generation gap: the retriever and the LLM are dis-
parate systems. A retrieval error is a "hard” failure; if a rele-
vant chunk is missed, the LLM permanently loses access to
that information, making the entire system overly sensitive
to retriever accuracy (Bai et al. 2023; Qian et al. 2024).

In this work, we introduce RetroLM, a novel frame-
work that performs retrieval augmentation directly at the KV
cache level to address these challenges. Instead of manip-
ulating raw text, RetroLM partitions the LLM’s KV cache
into contiguous pages. During inference, it retrieves only the
most crucial pages for the attention computation. This de-
sign offers distinct advantages over traditional RAG (Zhang
et al. 2023a). By operating on the KV cache, it is more ro-
bust to retrieval inaccuracies and can naturally handle frag-
mented information through the inherent sparsity of the at-
tention mechanism (Jiang et al. 2024).

Compared to existing sparse attention and KV compres-
sion methods, RetroLM introduces a dedicated, trainable
page retriever that learns to identify important KV pages
through fine-grained interactions, rather than relying on
fixed heuristics (Zhang et al. 2023b; Li et al. 2024b). Fur-
thermore, RetroLM circumvents the need for costly native
sparse attention pre-training from scratch (Lu et al. 2025).
‘We propose an efficient two-stage fine-tuning process. Stage
1 focuses on training the page retriever, requiring only min-
imal fine-tuning on curated datasets; Stage 2 adapts the full
model to sparsely retrieved contexts using unlabeled data
with a constrained training length (12K). This approach sig-
nificantly enhances performance and generalization across
diverse tasks and context lengths.

We perform comprehensive evaluations using several
standard benchmarks in this field, including LongBench
(Bai et al. 2023), InfiniteBench (Zhang et al. 2024), and
RULER (Hsieh et al. 2024). In our experiment, RetroLM
outperforms popular efficient long-context processing meth-
ods with notable advantages. In majority of the tasks, it
achieves an equivalent performance as the expensive full-
attention methods; while for certain scenarios like long-doc
QA, it even surpasses full-attention by effectively filtering
out background.

Related Work

In this section, we make discussions on the following re-
lated works: 1) context extension of LLMs, 2) efficient long-
context processing, 3) RAG for long-context processing.
First of all, a substantial body of research has focused on
extending the context length of LLMs directly. One common
approach involves modifying positional encoding mecha-
nisms to enable LLMs trained on short texts to process
longer inputs directly during inference (Chen et al. 2023a;
Peng et al. 2023; Ding et al. 2024). While straightforward,
these methods often yield suboptimal performance without
additional fine-tuning. Another widely adopted strategy is
continual training, where existing LLMs are fine-tuned on
long-sequence data to expand their context windows (Li
et al. 2023; Chen et al. 2023b; Mohtashami and Jaggi 2023).
However, fine-tuning approaches typically require training
from extremely long-sequence data, which is challenging
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due to the scarcity of native human-annotation data and the
high expenses resulted from the training operations (Fu et al.
2024; Gao et al. 2024).

Among efficient long-context processing methods, sparse
attention and KV cache sparsification has gained significant
attention for their ability to selectively utilize portions of
KVs based on certain reduction strategies, where KVs are
reduced into a fixed budget (e.g., 2K) (Xu et al. 2024; Tang
et al. 2024; Liu et al. 2024; Zhang et al. 2023b). For in-
stance, InfLLM (Xiao et al. 2024) incorporates intermedi-
ate information by segmenting KVs into fixed-size chunks
and selecting top-k most salient chunks based on attention
score patterns. SnapKV and PyramidKV (Li et al. 2024b;
Cai et al. 2024) extend to alleviate memory pressure dur-
ing the prefilling stage by dropping tokens based on cumu-
lative attention scores within localized windows. However,
these heuristic-based methods are fundamentally limited by
their reliance on full attention score estimation, which re-
stricts their effectiveness in complex long-context tasks. To
address these limitations, we propose a specialized, trainable
KV page retriever which is well-suited for handling com-
plex, long-context tasks.

More recent studies proposed native trainable sparse at-
tention mechanisms (Lu et al. 2025; Yuan et al. 2025), which
allow LLMs to adapt to sparse KV from pre-training phase.
While promising, these approaches incur substantial com-
putational costs due to the need for large-scale pretrain-
ing with sparse attention objectives. In contrast, RetroLM
achieves effective long-context adaptation with significantly
lower overhead. In the first stage, it requires only mini-
mal fine-tuning on curated datasets with explicit supervi-
sion to train the KV page retriever. In the second stage, a
few hours of additional training on unsupervised text allow
RetroLM to adapt to sparse KV settings and long-context
inputs. This two-stage design prioritizes both computational
efficiency and generalization across diverse tasks and con-
text lengths, all while preserving the original capabilities of
the base LLM.

Retrieval-augmented generation (RAG) has emerged as a
promising approach for addressing long-context tasks (Xu
et al. 2023; Li et al. 2024a; Yue et al. 2024). Leverag-
ing modern dense retrievers (Karpukhin et al. 2020; Xiao
et al. 2023b), these approaches first partition the long text
into smaller chunks, subsequently selecting the most salient
chunks, and concatenating them to form a new prompt for
the LLM (Zhao et al. 2024). In addition, several specialized
retrievers have been developed for long-context scenarios
(Luo et al. 2024; Giinther et al. 2023). In this work, RetroLM
integrates retrieval augmentation directly at the KV cache
level, thereby seamlessly incorporating RAG pipeline into
long-context language modeling.

Method
Problem Formulation

For long-context understanding and language modeling
tasks, such as question answering, summarization, the input
can be structured into: context X, user query ¢, and output



(1) Paging Inputs and prefill

(2) Page Retriever

(3) Page Retrieval

! 1
! 1
I 1
Inputs X1 X2 X3 X1 ! %(— 1 retrieval score:
1
@ LLM prefill and cache KVs | ! bmk dot product ®
! FEN 1 kl between query
....................................... " ' g and key vectors
1 2 m 1
Xq X1 > 3 i d i
bmk
) : & ! | : KMk Bl qan
@, 1 1
Y| 1 self-Atne? Self-Attn | SN 4
xi, X3, Xw € ! i R
1
! ! I I | i Kbmk /
bmk! {{ bmk? bmk™ ! Layer Norm | m=1
_____________ I et e 1
page 1 page 2 page m ! only the parameters of page 1 bookmark tokens are

retriever are tunable (stage1)

used for kv retrieval

Figure 1: Framework of RetroLM: (/) Paging mechanism for KV management. (2) Specialized trainable, plug-in page retriever.
(3) Page retrieval using special bookmark tokens, with their representation established within attention module.

Y. The generation objective of LLM can be expressed as:
maxlogLLM(yf\X, q, Y<t) (1)

In such scenarios, the context X often exceeds 100K to-
kens, leading to significant computational and memory con-
sumption. To address this problem, various efficient long-
context processing techniques have been introduced (Xiao
et al. 2023a, 2024; Zhang et al. 2023b), aiming at compress-
ing context either implicitly or explicitly using a designated
reduction policy p(X).

RAG-based methods employ a standalone retriever as an
explicit context reduction policy p"!(-) (Chen et al. 2024;
Jiang, Ma, and Chen 2024; Zhang et al. 2023a). It first
chunks the long context into: X : {sq, ..., sx}, and then se-
lect the top-k relevant chunks: X" : {s1, ..., s }. The X"¢¢
forms the new input context. Explicit context compression of
RAG-based methods prune the prompt rigidly, which results
in information loss and semantic discontinuities.

RetroLM performs retrieval augmentation at KV cache
level, using a plug-in page retriever as policy p*¥(-). It se-
lects the most crucial KVs at each decoder layer: C
pk?(X), where C is the KVs for attention computation,
thereby achieving implicit context compression. Unlike ex-
isting KV sparsification approaches that rely on heuris-
tic or unsupervised methods to approximate full attention,
RetroLM introduces a specialized and trainable page re-
triever, inspired by dense retrieval techniques. Further anal-
ysis is conducted in case study section.

Inference Process
Paging Inputs. RetroLM first partitions the LLM’s input
context X = {z;}._, into contiguous pages:

{ZE1,...,ZC1} {X1,...,Xm},X7; = {.’L‘;}Evzl (2)

where w is the page size (128 in practice), [ is the sequence
length, and m is the number of pages (m = [ ]). Then

partition

l

w
for each page X, a special bookmark token ( (BMK)) is in-
serted to the end of it: X, = {z%, ..., x%  (bmk)'}. The LLM
encodes both the normal tokens and bookmark tokens. The
bookmark tokens function as the page indexs of correspond-
ing pages for KV retrieval and establish their representations
during attention computation across each decoder layer.
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Pre-filling. During pre-filling, we employ streaming encod-
ing based on page retrieval to enable the process of ex-
tremely long inputs. Specifically, a fixed-sized sliding win-
dow is used to encode the long context progressively. In each
layer, the encoding of page X;’ only retrieves k pages (in-
cluding the first page as attention sink) for attention compu-
tation instead of costly full attention:

C{X],, Xi} = p" (X (XL, XL HXD) )
Once encoded, the KVs of page X/ are offloaded to CPU,
ensuring that only the required KV pages are reloaded to
GPU for attention computation.

Decoding. During decoding, page retrieval is conducted
only once given the user query:

C XL X0} =p" (X {XL, o X M) @)

Page Retriever

Architecture. This paper propose a trainable, plug-and-
play page retriever designed to conduct KV cache level re-
trieval augmentation, whose architecture is shown in Figure
1 (Middle). It reuses all modules of the LLM except impos-
ing a slight modification on the self-attention module.
During the self-attention computation, the hidden states
of normal tokens () and bookmark tokens (b) are sliced out
and projected into query, key, and value vectors respectively:

Q"=W}H", K'=WiH", V'=WyH",
Q'=WuLH', K'=WiH' V' =WyH®
where W' are the LLM’s original projection matrices and
W are the newly introduced matrices designed specifically
to handle bookmark tokens. The bookmark tokens distill
corresponding page’s contextual information during atten-

tion computation and are used for page retrieval.

Retrieval Score. Page importance estimation employs sim-
ilarity between the query vector of target page’s bookmark
token and the key vectors of past pages’ bookmark tokens:

m—1
P e X0 HX) = ok { (@ R L6

where (x,%) denotes the dot product operation, com-
monly used as a similarity measurement in dense retrieval
(Karpukhin et al. 2020).

(&)

bmk

m .
j=1



Two-Stage Training Framework for RetroLM

To effectively equip RetroLM for long-context process-
ing, we introduce a cohesive two-stage training framework.
This design strategically decouples the task into two sub-
problems: first, learning a precise retrieval mechanism for
KV pages, and second, adapting the language model to ef-
fectively utilize these sparsely retrieved contexts. This de-
sign not only enhances performance but also offers signifi-
cant flexibility in plug-and-play deployment.

Stage-1: Training the Page Retriever via Contrastive
Learning. The first phase, Stage-1, focuses exclusively
on training the page retriever to identify salient KV pages
within complex and distracting contexts. During this stage,
all parameters of the backbone LLM are kept frozen, allow-
ing us to efficiently instill specialized retrieval capabilities
into the lightweight page retriever module.

The primary challenge is the lack of direct supervision
signals for KV page importance. To overcome this, we adopt
a contrastive learning approach, inspired by its success in
dense retrieval (Karpukhin et al. 2020; Chen et al. 2024; Luo
et al. 2024). The objective is to train the retriever to distin-
guish a single positive page containing relevant information
from a set of hard-negative distractor pages. Assuming the
query resides on page m and the relevant information is on
page 1, the contrastive objective is defined as:

bmk

exp({gp™, ki™))
T exp((ghrk, k5™))

E:j:1 exp

where ¢"™ and k"™ are the query and key vectors derived
from the special bookmark tokens. To construct robust train-
ing instances, we leverage 50K web search examples from
MS MARCO (Bajaj et al. 2016) and synthesize an additional
5K coherent question-answer pairs from Slimpajama (Shen
et al. 2023). The detailed data curation is described in the
Appendix Data Formation. Upon completion, Stage-1 yields
a highly proficient page retriever, ready to guide the attention
mechanism in the subsequent full-model adaptation phase.

Stage-2: Full-Model Adaptation to Retrieved KV
Caches. Following the specialized training of the page re-
triever, we proceed to Stage-2: a post-training phase de-
signed to adapt the entire RetroLM model to operate with
the retrieved sparse KV caches. The key objective here is
to teach the backbone LLM to effectively process and rea-
son over the sparse and non-contiguous KVs supplied by the
Stage-1 retriever.

In this stage, we unfreeze the backbone LLM and perform
a short, efficient fine-tuning session (approx. 5 hours) using
unsupervised data from Slimpajama (Shen et al. 2023) with
a maximum length of 12K tokens. During this process, we
simulate the exact inference-time behavior: the well-trained
page retriever from Stage-1 dynamically selects a budget of
top-k pages to form a sparse KV cache, C™. The model
is then updated using a standard causal language modeling
objective on this sparse context:

Ly =— Zlog P(zt|17<tacret)
t

Ly = —log @)

®)
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Notably, the goal of Stage-2 is not length extension but
adaptation to sparsity. By fine-tuning the model to handle
the sparse KVs it will encounter during inference, we en-
hance its capacity to leverage the retrieved pages effectively.
This two-stage approach allows us to first master precise se-
lection (Stage-1) and then optimize the model’s ability to uti-
lize these selections for coherent generation (Stage-2), form-
ing the core of RetroLM’s efficiency and effectiveness.

Experiment

We conduct extensive experiments focused on answering
the following two research questions: 1) The effectiveness
of RetroLM against long-context LLMs and other efficient
methods in long-context understanding tasks. 2) How well
can RetroLM generalize to different long-context tasks and
context lengths.

Experimental Setting

Datasets. To comprehensively evaluate the overall perfor-
mance of RetroLM, we employ the LongBench (Bai et al.
2023). This benchmark encompasses a variety of long-
context tasks, including single-doc QA, multi-hop QA,
Long doc summarization, and long ICL. These tasks are
well-suited for assessing the long-context capability in prac-
tical application scenarios. Subsequently, to assess the gen-
eralization of RetroLM in extremely long scenarios, we
utilize tasks from InfiniteBench (Zhang et al. 2024), in-
cluding free-form QA on long books (QA), summarization
over long texts (Summary), multiple-choice QA on long
books (Choice), and finding special numbers in lengthy lists
(Math.F). The average input length within InfiniteBench is
145K tokens. We also use RULER (Hsieh et al. 2024) to
evaluate long context key information identification capa-
bility. All evaluation metrics are aligned with official imple-
mentation.

Baseline Methods. To rigorously demonstrate the effective-
ness of RetroLM, we compare its performance against the
following competitive baseline methods: (1) Original Mod-
els: We report the performance of the LLMs with full at-
tention mechanisms (Mistral-7B-Instruct and Llama-3-8B-
Instruct) (Jiang et al. 2023; Dubey et al. 2024). (2) Stream
Processing: This category includes methods like LM-Infinite
(Han et al. 2023) and Streamingl.LM (Xiao et al. 2023a),
which employ attention sink and sliding window mech-
anisms for processing long inputs. (3) KV Compression:
These methods, such as H20 (Zhang et al. 2023b), SnapKV
(Li et al. 2024b), InfLLM (Xiao et al. 2024), and Pyra-
midKV (Cai et al. 2024), employ heuristic KV sparsification
policies to selectively retain portions of KVs. (4) RAG: We
employ several retrieval methods to conduct RAG pipeline:
the classic BM25 method (Robertson, Zaragoza et al. 2009),
the Contriever model (Izacard et al. 2021), and the strong
BGE-large-v1.5 model (Xiao et al. 2023b).

Effectiveness over other Efficient Methods on
Diverse Long-context Understanding Tasks

To validate the effectiveness of RetroLM against other effi-
cient methods in long-context understanding tasks, we con-



Model Context Narrative Qasper Multifield Hotpot 2wikim Musique GovReport MultiNews QmSum Trec Trivia SAMSum Average
Mistral-7B-Instruct-v0.2
Mistral-7B-v0.2 32k 26.9 33.1 49.2 43.0 273 18.8 25.6 26.2 233 71.0 862 42.6 394
LM-Infinite 2k 20.4 26.9 45.1 36.1 242 14.0 27.1 243 21.6 68.0 722 31.7 34.3
StreamingLLM 2k 20.3 26.6 45.7 353 243 12.2 27.5 245 21.6 685 719 31.2 34.1
InfLLM 2k 23.5 28.8 47.7 413 25.7 17.5 29.1 26.3 21.2 68.0 844 414 37.9
H20 2k 25.6 31.1 49.0 40.8 26.5 17.1 24.8 26.6 23.6 550 86.3 42.4 374
SnapKV 2k 259 329 48.6 43.0 27.4 19.0 26.6 26.7 24.4 70.0 86.2 42.5 39.4
PyramidKV 2k 25.5 322 49.0 423 27.5 19.4 26.6 26.7 24.0 71.0 862 429 394
RetroLM-Stagel 2k 26.8 34.0 50.8 47.6 39.0 225 29.3 273 24.6 69.5 88.8 424 419
RetroLM-Stage2 2k 26.6 38.7 53.8 47.7 41.6 26.4 29.8 28.2 259 705 89.3 43.0 43.5
Llama-3-8B-Instruct
Llama-3-8B 8k 25.8 29.6 41.0 45.4 36.1 229 26.2 26.5 23.4 740 905 423 40.3
LM-Infinite 2k 22.0 26.2 383 40.5 33.1 17.1 23.0 26.5 22.5 70.0 83.1 322 36.2
StreamingLLM 2k 21.7 25.8 38.1 40.1 32.0 16.9 23.1 26.5 22.6 70.0 832 31.8 36.0
InfLLM 2k 23.4 29.0 40.9 41.5 343 19.7 25.7 26.8 22.4 73.0 899 41.3 39.0
H20 2k 25.6 26.9 395 443 329 21.1 24.7 24.6 23.0 53.0 905 41.8 373
SnapKV 2k 259 29.6 41.1 45.0 35.8 21.8 26.0 26.5 23.4 735 905 41.6 40.1
PyramidKV 2k 25.4 29.7 40.3 44.8 353 22.0 26.8 26.2 233 73.0 905 42.1 40.0
RetroLM-Stagel 2k 254 33.8 48.7 50.2 39.8 24.1 269 27.0 24.7 735 91.0 422 423
RetroLM-Stage2 2k 26.6 38.7 48.9 52.5 454 27.0 30.4 279 26.1 755 90.7 42.8 4.4

Table 1: Experiment results of comparing RetroLM with other efficient processing methods on LongBench. For each model
section, the best results per column are in bold, second-best are underlined.

Model Context Narrative Qasper Multifield Hotpot 2wikim Musique Average
Mistral-7B-v0.2 32k 26.9 33.1 49.2 43.0 27.3 18.8 33.1
Mistral-BM25 2k 13.9 22.7 34.6 31.0 22.7 17.8 23.8
Mistral-Contriever 2k 20.8 30.7 47.2 35.7 30.1 18.2 30.4
Mistral-BGE 2k 22.4 31.2 47.8 37.9 30.6 18.5 314
RetroLM-Stagel 2k 26.8 34.0 50.8 47.6 39.0 22.5 36.8
RetroL.M-Stage2 2k 26.6 38.7 53.8 47.7 41.6 26.4 39.1

Table 2: Experiment results comparing RetroLM with RAG methods. The best results are in bold, second-best are underlined.

duct experiments on LongBench (Bai et al. 2023) with two
popular backbone LLM (Mistral-7B-Instruct and Llama-3-
8B-Instruct). The results are presented in Table 1. For the
original models, we evaluate using their maximum context
lengths. For RetroLM and other baseline methods, a fixed
KV budget of 2K tokens is employed. Consequently, in each
decoder layer’s attention module, 2K tokens are selected for
attention computation according to each method’s respective
KV reduction policy.

For the Mistral-based models, RetroLM achieves an over-
all score that surpasses all baselines, also significantly out-
performing results obtained using full attention. Other ap-
proaches that employ heuristic KV selection strategies en-
counter performance ceilings comparable to full attention.
Notably, RetroLM exceeds the performance of full attention
by 2.5 points, even when only the KV retriever is trained
during stage-1, with the language model remaining frozen.
By learning to discriminate key information during the train-
ing of page retriever, RetroLM effectively identifies impor-
tant KVs within extensive texts, achieving significant perfor-
mance gains under constrained token budgets.
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During stage-2 training of RetroLM, additional adapta-
tion of LLM on unsupervised text data yields further per-
formance improvements across tasks. This demonstrates the
model’s ability to adapt effectively to sparse KV cache and
streaming encoding paradigm. To validate and analyze these
findings, we conducted ablation studies using the same data
but trained and evaluated the models with full attention.
Similar trends are observed in experiments with the Llama-
3-based models, corroborating the generality of our findings.

Advantages over RAG on Long-context Tasks

In this section, we compare RetroLM with traditional RAG
methods (Robertson, Zaragoza et al. 2009; Izacard et al.
2021; Xiao et al. 2023b), which similarly aim to identify
and utilize query-relevant information from long contexts.
The experimental results on LongBench (Bai et al. 2023)
QA tasks are presented in Table 2. For RAG, we retrieve
the top 10 most salient chunks (each 200 tokens) for each
dataset, resulting in a total budget of 2K tokens, matching
the token budget used by RetroL.M.

The results demonstrate that RetroLM consistently out-



Model Context QA Summary Choice Math.F Average
Mistral-7B-v0.2 32k 12.9 25.9 44.5 20.6 25.9
StreamingLLM 6k 10.9 21.0 40.4 15.1 21.8
H20 6k 14.2 23.7 43.7 24.2 26.5
InfLLM 6k 15.0 24.1 41.7 24.9 26.5
SnapKV 6k 16.2 25.3 44.0 24.7 27.5
RetroLM-Stagel 6k 18.4 27.8 45.0 24.2 28.9
RetroLM-Stage2 6k 20.2 29.2 46.1 24.5 30.0

Table 3: Experiment results on InfiniteBench. The results demonstrate the effectiveness and generalization of RetroLM across
ultra-long contexts compared with other efficient processing methods.
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Figure 2: End-to-end generation efficiency analysis.

performs all RAG methods. These findings highlight the su-
perior ability of RetroLM to effectively utilize long-context
information, which can be attributed to its dynamic KV re-
trieval mechanism. Traditional RAG relies on partitioning
raw text into arbitrary chunks (e.g., 200 tokens). This pro-
cess inevitably shatters the document’s semantic and struc-
tural coherence, often separating related pieces of evidence
required for complex reasoning. A retriever’s failure to fetch
all necessary chunks results in an irrecoverable loss of in-
formation (Xu et al. 2023). In contrast, RetroLM operates
on the LLM’s KV cache, where bookmark tokens represent
contiguous but semantically rich pages. This KV-level op-
eration preserves contextual integrity, enabling the model to
effectively retrieve and reason over scattered evidence, a cru-
cial advantage demonstrated by its strong performance on
multi-hop QA tasks.

Generalization to Ultra-long contexts

We compare RetroLM with other efficient processing meth-
ods to demonstrate its effectiveness and generalization
across ultra-long contexts. The experimental results on In-
finiteBench (Zhang et al. 2024) are presented in Table 3.
Given that the lengths of most evaluation cases exceed
100K, we allocated 6K KV budgets for all baselines.
Across all tasks, RetroLM consistently outperforms the
full-attention baseline. This indicates that RetroLM effec-
tively generalizes in scenarios involving ultra-long texts, de-
spite being trained on significantly shorter context lengths.
Specifically, during Stage-1, the KV retriever was trained
on contexts up to 8K tokens, while in Stage-2, the language
model was trained with an unsupervised corpus, using a
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Models MMLU GSMSK
Mistral-7B-Instruct 62.5 354
RetroLM-Stage1-Mistral 62.5 354
RetroLM-Stage2-Mistral 63.2 34.6

Table 4: Performance comparison on MMLU and GSM8K.
The results are reported in terms of accuracy.

maximum context length of 12K tokens.

When compared to other efficient processing methods,
RetroLM demonstrates a clear performance advantage. In
the lengthy QA and summarization tasks, RetroLM-Stage2
outperforms SnapKV by 4.0 and 3.9 points respectively.
This underscores RetroLM’s potential as a scalable and ef-
fective solution for real-world applications that require pro-
cessing of extremely long text.

Efficiency Analysis

As shown in Figure 2, RetroLM achieves substantially lower
memory usage and faster decoding compared to baselines as
context length increases. While full attention methods such
as Mistral-7B exhibit rapid growth in memory consump-
tion, RetroLM maintains a near-linear scaling by enforcing
a fixed KV cache budget via streaming encoding and page
retrieval. This design not only reduces peak memory usage
but also improves efficiency by implicitly compressing long
contexts during inference.

Preservation of General Capabilities

To investigate the impact of RetroLM training on the
LLM’s foundational abilities, we conduct evaluations on the
MMLU (Hendrycks et al. 2020) and GSM8K (Cobbe et al.
2021) benchmarks. As shown in Table 4, we train a special-
ized, plug-and-play KV retriever while keeping the param-
eters of the LLM frozen in stage-1. As a result, this stage
does not impact the LLM’s existing capabilities in any way.
The second stage is conducted in an unsupervised manner on
a general-domain corpus. This approach aligns with widely
adopted practices in prior work (Fu et al. 2024; Gao et al.
2024) on long-context adaptation for LLMs and minimally
impacts the model’s overall abilities.



Model Context Narrative Qasper  Multifield Hotpot 2wikim Musique Average
Mistral-7B-v0.2 32k 26.9 33.1 49.2 43.0 27.3 18.8 33.1
Ablation Study
RetroLM w/o Stagel 2k 23.6 29.9 45.4 38.5 24.9 15.1 29.6
RetroLLM-Stagel 2k 26.8 34.0 50.8 47.6 39.0 22.5 36.8
RetroLLM-Stage?2 2k 26.6 38.7 53.8 47.7 41.6 26.4 39.1
Mistral-Finetuned 32k 26.9 334 48.5 44.5 30.6 19.4 33.9
InfLLM-Finetuned 2k 254 30.7 48.0 43.7 29.2 18.0 32.5
Analytical Experiment with Varying Budgets
SnapKV (1024) 1024 254 29.5 49.0 40.9 25.7 18.3 31.5
SnapKV (2048) 2048 25.9 32.9 48.6 43.0 27.4 19.0 32.8
RetroLM-Stagel (512) 512 25.0 30.4 47.0 42.9 30.4 17.9 323
RetroLM-Stagel (1024) 1024 25.4 31.5 479 454 33.7 21.1 342
RetroLM-Stagel (2048) 2048 26.8 34.0 50.8 47.6 39.0 22.5 36.8
Table 5: Analytical experiments with QA tasks from LongBench.
Model 4K 8K 16K 32K 64K | AVG Ablation Study

NIAH Performance

Mistral-7B-v0.2  98.1 962 943 855 51.1 | 85.4
RetroLM-Stage2 99.1 964 922 88.6 79.0 | 91.1

Table 6: Experiment results of NIAH tasks on RULER.

Information Seeking under Lengthy Context

Beyond downstream long-context understanding tasks such
as QA and summarization, we assess long-context informa-
tion seeking capability of RetroLM using eight Needle-in-
a-Haystack tasks from RULER (Hsieh et al. 2024). These
tasks cover a diverse range of needle types and quantities
with varying levels of difficulty, requiring the model to ex-
tract relevant information from a vast number of distractors.
As shown in Table 6, RetroLM achieves superior perfor-
mance compared to the full-attention Mistral model across
evaluation lengths ranging from 4K to 64K, demonstrating
robust long-context information identification capability.

Case Study

To further evaluate the effectiveness of KV cache level re-
trieval augmentation in RetroLM, we conduct case study
using the MusiQue dataset (Bai et al. 2023), a challenging
multi-hop QA task involving lengthy texts. We compare the
full attention scores with those of the page retriever. Full
attention fails to attend to the KVs containing the correct
answer, resulting in an incorrect prediction. In contrast, our
proposed page retriever effectively identifies and retrieves
the relevant pages. Especially in the intermediate layers,
page retriever demonstrates strong ability to focus on cru-
cial KVs. Due to space constraint, more cases are presented
in Appendix Additional Experiments.
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Effectiveness of Page Retriever. As presented in Table 5
(Top), to assess the effectiveness of page retriever train-
ing (Stagel), we implement the algorithmic framework of
RetroLM without training the page retriever (w/o Stagel).
The resulting test performance exhibits a 6.9 points degra-
dation, underscoring the critical importance of training the
page retriever for KV cache level retrieval augmentation.
Effectiveness of Post Training. As presented in Table 5
(Top), to assess the effectiveness of post-training (Stage2),
we use the same unsupervised data to perform full-attention
fine-tuning and evaluating on the Mistral model (Mistral-
Finetuned). We then apply InfLLM (Xiao et al. 2024) algo-
rithm using this model (InfLLM-Finetuned). While these ap-
proaches yielded modest performance improvements, they
were markedly inferior to the results achieved by RetroLM.
Varying KV Budgets. We assess the effectiveness of
RetroLM under varying KV budgets. Using the RetroLM-
stagel model, which only trains the retriever module, we
vary the token budget from 512 to 2048 for evaluation. The
results are reported in Table 5 (Bottom). Even with 512-
token budget, RetroLM achieves an average performance
closely aligns with full attention method.

Conclusion

In this paper, we introduce RetroLLM, a novel framework
that enhances the performance of long-context processing
by conducting retrieval augmentation at the KV cache level.
Unlike traditional RAG methods that operate on raw tokens,
RetroLLM partitions the KV cache into contiguous pages and
selectively retrieves the most crucial ones. To achieve pre-
cise retrieval, we propose a specialized page retriever that
evaluates page importance via fine-grained KV interactions.
Additionally, we employ post-training on unlabeled data,
enabling LLMs to better utilize retrieved KVs and improv-
ing end-to-end performance. Extensive evaluations are con-
ducted on several standard long-context benchmarks.
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