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Abstract

Processing long contexts poses a significant
challenge for large language models (LLMs)
due to their inherent context-window limita-
tions and the computational burden of extensive
key-value (KV) activations, which severely im-
pact efficiency. For information-seeking tasks,
full context perception is often unnecessary, as
a query’s information needs can dynamically
range from localized details to a global perspec-
tive, depending on its complexity. However,
existing methods struggle to adapt effectively
to these dynamic information needs.

In the paper, we propose a method for pro-
cessing long-context information-seeking tasks
via query-guided ACtivation REfilling (ACRE).
ACRE constructs a Bi-layer KV Cache for long
contexts, where the layer-1 (L1) cache com-
pactly captures global information, and the
layer-2 (L.2) cache provides detailed and local-
ized information. ACRE establishes a proxying
relationship between the two caches, allowing
the input query to attend to the L1 cache and dy-
namically refill it with relevant entries from the
L2 cache. This mechanism integrates global
understanding with query-specific local de-
tails, thus improving answer decoding. Experi-
ments on a variety of long-context information-
seeking datasets demonstrate ACRE’s effec-
tiveness, achieving improvements in both per-
formance and efficiency. We will release our
source codes in this repository.

1 Introduction

Recently, large language models (LLMs) have be-
come widely used for daily information-seeking
tasks, such as ChatGPT (OpenAl, 2023). How-
ever, their capabilities are inherently limited by the
difficulty of updating parametric knowledge. To
address this, incorporating external knowledge as
a context has become a common approach (Zhao
et al., 2024). In practice, this external knowledge
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Figure 1: Comparison of ACRE, standard RAG, and
efficient long LLMs for information-seeking tasks. Stan-
dard RAG retrieves evidence without full-context per-
ception, and long LLMs struggle with contexts exceed-
ing their native window. ACRE overcomes these limi-
tations with a resource-efficient bi-layer KV cache and
query-guided refilling, capturing both global and local
information while enhancing performance.

often involves long contexts, such as long docu-
ments or novels, which pose significant challenges
due to the large KV activations accumulated during
inference, demanding substantial computational re-
sources and reducing efficiency (Xu et al., 2023;
Bai et al., 2024; Zhang et al., 2024c¢).

To address the challenges posed by excessive KV
activations, previous works have proposed various
strategies: reducing the precision of activation ten-
sors (Liuetal., 2024; Xu et al., 2024), dividing long
contexts into smaller chunks for independent pro-
cessing (Lee et al., 2024; Yoon et al., 2024), or com-
pressing KV activations into shorter representations
through selection or sparse attention (Zhang et al.,
2023; Li et al., 2024; Xiao et al., 2024; Jiang et al.,
2024). Retrieval-Augmented Generation (RAG)
has also emerged as a promising approach, retriev-
ing precise evidence from long contexts to support
answer generation (Gao et al., 2024).

However, most existing methods follow a uni-
lateral strategy: either compromising the seman-
tic richness of KV activations to create compact
global representations, such as with quantized acti-
vations (Liu et al., 2024), or concentrating solely
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on detailed local information, such as RAG meth-
ods (Gao et al., 2024). Moreover, most lightweight
KV methods remain constrained by the native con-
text length limit, leading to significant performance
degradation when processing contexts that exceed
this limit (Zhang et al., 2024b).

In information-seeking tasks, we argue that the
information needs of a user query can dynamically
range from localized details to a global perspec-
tive, depending on the query’s complexity. For in-
stance, given a novel, the query “What are the main
characters’ names?” involves localized information
needs and can be answered using specific local ev-
idence. In contrast, the query “How do the main
characters drive the story’s development?” requires
a global understanding of the entire book (Qian
et al., 2025a).

To address dynamic information needs in
information-seeking tasks, we propose ACRE, a
method that employs a bilateral strategy to capture
a global perspective across the full context and en-
hance local details using query-guided activation
refilling. Figure 1 presents an overview of ACRE’s
framework along with a comparison against effi-
cient long LLMs and RAG methods.

Specifically, ACRE constructs a bi-layer KV ac-
tivation cache for long contexts, comprising an L1
cache and an L2 cache. The L1 cache captures
compact yet global information from the full con-
text, while the L2 cache retains localized, detailed
information. Notably, the L1 cache is significantly
smaller than the L2 cache. During the forward pass
of the LLM, the L1 and L2 caches are interleaved
into a nested structure, with each L1 tensor opti-
mized to proxy the semantics of its corresponding
L2 cache. To enhance efficiency, we replace the
original full attention mechanism—where each to-
ken attends to all preceding tokens—with a tailored
selective attention mechanism. In this approach,
tokens perform full attention on recent L1 and L2
tokens but only attend to distant L1 tokens. This
selective attention mechanism significantly reduces
computational costs, enabling ACRE to process
long contexts more efficiently.

After the forward pass, the nested KV cache is
decomposed back into separate L1 and L2 caches.
For an input query, ACRE first uses the query to
attend to the compact L1 cache. Based on the result-
ing attention score distribution, ACRE selectively
refills key entries of the L1 cache with the corre-
sponding L2 cache entries, thereby enriching local
details. This process is referred to as query-guided

activation refilling.

ACRE is trained through an efficient two-stage
process. The first stage focuses on constructing the
bi-layer KV cache, while the second stage targets
query-guided activation refilling. Throughout both
stages, ACRE updates only a small subset of model
parameters, ensuring training efficiency.

We evaluate ACRE across a wide range of long-
context information-seeking tasks (Bai et al., 2024;
Zhang et al., 2024c; Qian et al., 2025b). The
experimental results confirm the effectiveness of
ACRE. Our key contributions are summarized as
follows: (1) We design a flexible and efficient bi-
layer KV activation cache mechanism for long con-
texts, which captures compact global information
while preserving local details. (2) We introduce
ACRE, a method that leverages the bi-layer KV ac-
tivation cache with a query-guided activation refill-
ing mechanism to efficiently handle long-context
information-seeking tasks. (3) We demonstrate
that ACRE achieves superior performance on long-
context information-seeking tasks, effectively han-
dling contexts much longer than LLMs’ typical
context limits, while substantially reducing compu-
tational resources and latency.

2 Method

2.1 Preliminary

The process of solving information-seeking tasks
using LLMs can be succinctly described as )V =
M(X), where M(-) denotes the LLM, ) repre-
sents the output answer and X represents the in-
put sequence. X can take various forms, ranging
from a standalone query to a complex instruction
prompt. In this paper, we focus on information-
seeking tasks with long contexts. Therefore, we
define the input sequence X’ as comprising a query
¢ and a long context C, denoted by X = (C, q).
For the input &X', a Transformer-based LLM com-
putes multi-head attention (MHA) as follows:

K =X Wk, 2
V=X Wy, 3)

T

A(Q, K, V) = softmax <Q K

Vd
where X represents the hidden states of the input
sequence X, and Wg, Wi, and Wy are the pro-
jection weight matrices for the query @, key K,
and value V, respectively (Vaswani et al., 2023).

)'V, “)
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Figure 2: Overview of ACRE. (a) ACRE constructs the Bi-layer KV cache from a long context. (b) For an input
query, ACRE refills the L1 KV cache with query-relevant entries from the L2 KV cache and decodes the final
answer based on the refilled cache. (c) The two-stage optimization process used to train ACRE is illustrated.

The attention function \A(-) is applied iteratively
across multiple layers and attention heads. For
simplicity, we omit the layer and head indices.

The inference process of LLMs can be divided
into two stages: (1) prefilling and (2) decoding (Liu
et al., 2024). During the prefilling stage, the input
sequence X’ is processed through each layer us-
ing MHA, and the layer-wise key-value activations
[K, V] are cached. These cached activations are
reused in the decoding stage to avoid redundant
computations, enabling efficient processing. How-
ever, as MHA computation has quadratic complex-
ity with respect to the sequence length n, handling
long contexts becomes computationally expensive.
This often results in slow processing speeds and
out-of-memory issues, particularly when dealing
with long input contexts (Dong et al., 2023).

To address the challenges posed by oversized
KV caches for long contexts, we propose ACRE,
a framework that constructs a Bi-layer KV Cache
and employs a Query-Guided Refilling mechanism
to enable a flexible KV cache that captures both
global context and query-specific local details, en-
suring efficient and high-quality answer decoding.

2.2 Overview of ACRE

Figure 2 provides an overview of ACRE. Specif-
ically, for a information-seeking task with a long
context C, ACRE organizes the long context into a
bi-layer KV activation cache during the pre-filling

stage, as shown in Figure 2 (a).

The construction of the Bi-layer KV Cache be-
gins by interleaving newly introduced L1 tokens
into the input context. Through model forwarding,
a nested KV cache [K, V] is obtained. This nested
KV cache is then decomposed into a Bi-layer KV
cache: the layer-1 (L1) cache, which is compact
and stores global information from the full long
context, and the layer-2 (L2) cache, which holds
detailed and localized information. Each tensor
in the L1 cache serves as a semantic proxy for a
corresponding sequence of tensors in the L2 cache.

We denote the L1 KV cache as [K1, V1] ¢
R™*4 and the L2 KV cache as [K1? V1?] ¢
R"™*?. Here, the length of the L1 KV cache, m,
is significantly smaller than n, the length of the
L2 KV cache. To optimize memory usage, the L2
cache can be offloaded to CPU memory, while the
L1 cache is retained in GPU memory as a constant
cache after constructing the bi-layer KV cache.
This design significantly improves memory effi-
ciency in practical applications.

The Bi-layer KV Cache is constructed exclu-
sively for input contexts, enabling it to be reused
across different information-seeking tasks that
share the same context. Given an input query ¢,
ACRE utilizes g to attend to the L1 cache, comput-
ing attention scores. Based on these scores, ACRE
selectively refills the L1 cache by retrieving the
most informative entries from the L2 cache, which
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are proxied by the corresponding most attentive
L1 cache tensors. This process recovers a partial
nested cache to support answer decoding and is re-
ferred to as query-guided activation refilling, which
is shown in Figure 2 (b).

By leveraging both the L1 KV cache and the
query-specific L2 KV cache, the final KV cache
captures global information from the full long con-
text while preserving local details. This design
significantly enhances the performance of long-
context information-seeking tasks. In the following
sections, we provide the technical details of ACRE.

2.3 Bi-Layer KV Cache

To construct the bi-layer KV cache, we introduce
a new type of token, called L1 tokens, denoted as
X = (2M, ... zL1). The original tokens of
the input sequence are referred to as L2 tokens,
denoted as X2 = (x1,--- , x,,). By interleaving
the L1 and L2 tokens, the input sequence X is

transformed into a nested sequence X’

X = (21, ,z, e o, -, 2B, (5)
where each L1 token is inserted after every [ 1.2
tokens, acting as a semantic proxy for the preceding
I L2 tokens. We refer to [ as the L1/L2 interval.
For the L1 tokens, we initialize an additional set of
trainable weight matrices Wél, WLl and W"}l,
while keeping the original weight matrices for L2
tokens frozen.

After constructing the nested sequence X, we
adapt the attention computation defined in Eq. (4).
Specifically, for the key K, the original projection
K = X - Wi is replaced with:

(6)

x - Wk,

K — - Wél, if x is an L1 token,
B if x is an L2 token,

where € X. Through multi-head attention, this
modification yields the nested key activations:

K - [kla'“ 7kl7kflv'” 7kn7k7Lnl]~ (7)

Similarly, the nested value activations V are com-
puted as:

v L1 L1
V:['Ul,"‘,'Ul,'Ul y ", U, U ] (8)

m

By decomposing the nested KV cache, we obtain

the bi-layer KV cache as follows:

KLl - [k%17 7k1[7/11}7 (9)

VLl = [Ufla T 7/015/11]7 (10)

K" = ki, ki, kg, k|, (1)
kL1 kL1

vz — (V1,0 Oy 0], (12)
e v};il

where k1, - - - , k; represents the proxying relation-

kL1

ship between the L1 cache and the L2 cache.

As previously mentioned, directly computing
full attention over the long sequence X’ is both com-
putationally expensive and resource-intensive. To
efficiently construct the bi-layer KV cache, we pro-
pose a selective attention mechanism. This mecha-
nism maintains a relatively small working context
window W, enabling current tokens to perform full
attention on recent L1 and L2 tokens while only
attending to distant L1 tokens. For instance, when
computing KV activations at step n, we prune the
previous KV cache [K, V| as follows:

K =[ki o kM Ky ke KR (13)
f/:[v{llu'”)vflvvja"'>vnvvr%1]v (14)

distant L1 tokens recent L1 /L2 tokens

subject to the constraints | K |[< Wand | V |<
W. Through this mechanism, we sequentially pro-
cess the full sequence X into KV activations us-
ing a short working context window, achieving
both high computational efficiency and econom-
ical memory usage.

2.4 Query-Guided Activation Refilling

After constructing the bi-layer KV cache for the
context, we obtain the L1 KV cache [K*!, V1],
which serves as a global yet compact representa-
tion of the full long context, and the L2 KV cache
[K12 V2], which provides detailed but memory-
intensive representations. To optimize memory
usage, the L1 KV cache is retained as a constant
cache in GPU memory, while the L2 KV cache is
offloaded to CPU memory.

For an input query g, relying solely on the L1 KV
cache is feasible but lacks query-specific detailed
information. To address this limitation, ACRE
proposes refilling the compact L1 KV cache with
selected entries from the L2 KV cache that are
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most relevant for answering the query. Specifi-
cally, the query state Q, for the input query ¢ is
computed as Q, = q - W(. Using this query
state, the attention distribution is calculated as:

gLl T
Qq% , where A € R>mxt,

h is the number of attention heads, m is the length
of L1 cache, and ¢ is the length of the query q. The
attention scores S are then obtained by applying
mean pooling:

A = softmax (

S = Poolgim=02(A), SeR™, (15)
where S serves as a guiding signal to select rele-
vant entries from the L2 KV cache. The selection

process is defined as:

T = argtop(S),

. {min(Wl— m, 1) J |

(16)

a7

where k is dynamically determined based on the
maximum length of the predefined working context
window W or the maximum refilling length 7, and
T represents the set of selected indices.

After selection, the L1 KV cache is refilled with
the chosen entries from the L2 KV cache. For ex-
ample, if Z = {2}, the refilled KV cache becomes:

K = [kflakl—l—la”' 7k217k£17”' 7k:7€j7,1]7 (18)
V= [0%17 Vi+1, " V2 7’0517"' ,'Uylr/Ll]. (19)

refilled L2 KV cache

This refilling process is performed independently
for each layer. With the refilled KV cache, ACRE
decodes the final answer ) in a standard auto-
regressive manner.

2.5 Model Optimization

ACRE is characterized by its Bi-layer KV Cache
structure and Query-Guided Activation Refilling
mechanism. Its effectiveness relies on two key abil-
ities: (1) the L1 KV activations must faithfully rep-
resent the L2 KV activations, and (2) given an input
query g, the most relevant L2 KV activations must
be efficiently retrieved. To optimize these abilities,
we employ a two-stage optimization strategy.

In stage 1, the objective is to maximize the se-
mantic volume of the L1 KV activations to effec-
tively represent the corresponding L2 KV activa-
tions. This is achieved by predicting the next token
using the previously accumulated L1 tokens and

the recent L2 tokens. The optimization can be ex-
pressed through a cross-entropy loss:

T

Estage-l = - Zlogp(fvt ‘ x[Ll;li}7x[j:t—1])7 (20)
t=1

where mﬁll] denotes the accumulated L1 tokens,

and x[;,;_1) denotes the recent L2 tokens.

In stage 2, the objective is to enable ACRE to
retrieve the most relevant L2 KV activations for
refilling the L1 KV cache based on an input query
q. Since the L2 KV cache is proxied by the L1
KV cache, accurately attending to the most useful
L1 KV activations allows retrieval of the corre-
sponding L2 KV activations via the proxying re-
lationship. To achieve this, we optimize ACRE
using task-specific data comprising long contexts
and input queries. The optimization employs the
following loss function:

T

Estage-z = - Z log p(yt ‘ XLZa Q)v
t=1

1)

where y represents the ground-truth answer, and
q is the input query. This loss ensures that ACRE
learns to produce accurate answers solely based on
the L1 KV cache while maintaining its ability to
retrieve the most relevant L2 KV activations.

3 Experiments

3.1 Dataset

We evaluate ACRE and all baseline models across
12 information-seeking tasks from three public
long-context benchmarks: LongBench (Bai et al.,
2024), InfiniteBench (Zhang et al., 2024c), and
UltraDomain (Qian et al., 2025b). These 12
datasets are categorized as follows: (1) Com-
plex QA (Qian et al., 2025b): Financial, Legal,
Physics, Biology, Math, and CS. These tasks in-
volve practical, high-level queries with extra-long
contexts spanning specialized domains. Many
queries demand a global and in-depth understand-
ing of the full context, making them especially
challenging. (2) Single-Document QA: Narra-
tiveQA (Kocisky et al., 2018), Qasper (Dasigi
et al.,, 2021), MultiFieldQA (Bai et al., 2024),
and En.QA (Zhang et al., 2024c). (3) Multi-
Document QA: 2WikiMQA (Ho et al., 2020), and
MuSiQue (Trivedi et al., 2022).
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Table 1: Main experimental results. The best results are in bold, and the second-best are underlined. All methods
use Qwen2.5-3B-Instruct as the underlying LLM. Baselines in the second block directly process the full context,
while those in the third block divide the context into chunks and find evidence using a retriever. In the second row,

ave(|C|)(k) means the average context length.

Dataset nar fin legal  phy bio en.qa  math cs gas mul 2wiki mus
ave(|C|)(k) 184 40.6 514 1058 1253 1926 1979 2159 | 3.6 4.6 49 11.2
AVE. CONTEXT LENGTH > 16K AVE. LENGTH < 16K
Original 220 36.8 426 382 358  20.1 36.3 356 | 374 485 363 221
KIVI 21.1  27.0 395 353 332 15.6 32.1 334 | 37.1 46.1 350 22.1
Beacon 202 37.8 439 37.1 337 18.3 31.8 323 | 304 356 247 247
SelfExtend 20.8 37,5 40.0 29.1 29.9 11.4 31.6 304 | 36.0 49.6 37.1 25.1
StreamingLLM  18.8 273 262 314 274 8.3 30.0 269 | 334 386 321 122
Mlnference 222 356 372 329 28.5 8.9 30.3 27.1 | 362 48.6 360 235
RAG 189 369 386 221 18.4 113 19.2 193 | 386 466 37.8 208
RQRAG 19.0 37.0 39.0 280 23.0 12.0 26.1 24.1 | 37.6 473 374 218
MemoRAG 240 415 448 369 332 132 33.1 334 | 341 49.1 38.0 26.0
ACRE 278 464 4777 416 383 236 419 459 | 396 500 364 262

3.2 Baseline Models

We compare ACRE with the following baselines:
Original: Directly fits the maximum context length
of the underlying LLMs. KIVI (Liu et al., 2024):
Quantizes KV activations into 4-bit precision. Bea-
con (Zhang et al., 2024a): Compresses the full
KV activations into beacon activations. SelfEx-
tend (Jin et al., 2024): Applies hierarchical po-
sitional encoding to extend the model’s context
window. MInference (Jiang et al., 2024): Dynami-
cally applies different sparse attention mechanisms
across all attention heads. StreamingL.LM (Xiao
et al., 2024): Attends only to recent tokens and
sink tokens. RAG: Uses standard RAG pipelines
to retrieve relevant evidence from the full context.
RQRAG (Chan et al., 2024): Rewrites the input
query into sub-queries and retrieves evidence for
each sub-query. MemoRAG (Qian et al., 2025b):
Applies a memory model to form a compact global
memory over the full context, providing answer
clues that assist the retrieval process for better evi-
dence retrieval.

In the main experiments (Section 3.3), we use
Qwen2.5-3B-Instruct as the underlying model. To
analyze the impact of using different underlying
models, we also experiment with Llama3.2-3B-
Instruct and Qwen2.5-7B-Instruct in Section 3.4.
All three LLMs have a native context window of
128K (Yang et al., 2024; MetaAl, 2024). The im-
plementation details of ACRE and all baselines are
in Appendix A.

3.3 Main Results

In Table 3.3, we present the results of the main
experiments, demonstrating that ACRE outper-
forms all baselines across most datasets. These
results highlight the effectiveness of ACRE’s de-
sign. Specifically, we derive the following findings:
(1) ACRE consistently outperforms the baseline
approach of feeding the full context directly into
LLMs. This improvement stems not only from
ACRE’s ability to process contexts exceeding the
native LLM’s context window but also from its
precise focus on query-relevant local information,
effectively filtering out irrelevant details through
query-guided activation refilling. (2) Baselines in
the second block generally perform worse than di-
rectly feeding the full context into LLMs. This is
attributed to semantic loss caused by compressing
full KV activations. In contrast, ACRE leverages
its bi-layer KV cache and query-guided activation
refilling to recover local detailed semantics from
the L2 cache that are absent in the L1 cache, re-
sulting in superior performance. (3) Baselines in
the third block use retrieval tools to extract pre-
cise evidence from long contexts. While effec-
tive for queries with clear information needs, these
methods struggle with complex queries that require
a higher-level understanding of the full context.
ACRE overcomes this limitation by utilizing the
global information in the L1 cache and dynami-
cally refilling it with query-relevant local details
from the L2 cache, thereby adapting to the varying
information needs of different queries.
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3.4 Ablation Study

To thoroughly validate the effectiveness of our
method design, we perform detailed ablation stud-
ies as follows:

(1) Method Design and Model Selection: Fig-
ure 3 presents ablation results across different
LLMs and variations in model design. First, we
evaluate the role of training stages in model per-
formance. Without the two-stage training process,
ACRE reverts to a vanilla LLM, which performs
significantly worse than ACRE. Stage-1 training
enables ACRE to construct the bi-layer KV activa-
tion cache, thereby improving its long-context pro-
cessing capabilities. When both stages are applied,
ACRE achieves the best performance, demonstrat-
ing the effectiveness of its optimization design.

Second, to determine if ACRE’s effectiveness
stems from its training data, we fine-tune a vanilla
model using ACRE’s training data via SFT, produc-
ing SFT Vanilla. While SFT improves the vanilla
model by enhancing its QA capabilities, it still un-

derperforms compared to ACRE. This highlights
the unique advantages of ACRE’sdesign.

Lastly, we replace ACRE’s underlying LLM
with Qwen2.5-7B (a scaled-up version of the same
model) and Llama3.2-3B (a model of similar scale
but different architecture). As shown in Figure 3,
ACRE’s design consistently proves effective across
models of varying scales and architectures, con-
firming its generalizability.

(2) Impact of Parameter Choice: As described
in Section 2, ACRE’s performance may be influ-
enced by two hyperparameters: the maximum re-
filling length of KV activations 7 and the L1/L2
interval /. To investigate their impact, we conduct
experiments with different values of 7 and [. Fig-
ure 4 presents the results of this analysis.

Specifically, in the left figure, we observe that
the impact of the refilled activation length varies by
task. For tasks with queries requiring explicit in-
formation (e.g., nar and en. ga), answer decoding
relies on precise local information. Here, ACRE’s
performance peaks at a reasonable refilled length
but declines as excessive refilling introduces noise,
which biases the decoding process. Conversely,
for tasks with queries requiring the integration of
global information, ACRE’s performance consis-
tently improves with longer refilled lengths. This is
because the L1 cache already provides global infor-
mation, and additional refilled activations enhance
local context.

The right figure shows the impact of the L1/L2
interval. We find that ACRE’s performance gen-
erally decreases as the L1/L2 interval increases.
Larger intervals require L1 tokens to summarize
more semantics from subsequent L2 tokens, poten-
tially overloading the L1 cache. However, larger
intervals result in a compact L1 KV cache, offer-
ing efficiency. In practical applications, users can
adjust parameters to balance efficiency and effec-
tiveness based on available resources.

In summary, ACRE outperforms directly using
vanilla LLMs in most parameter settings, requiring
significantly fewer computational resources while
achieving higher efficiency.

3.5 Efficiency Analysis

To evaluate ACRE’s efficiency compared to base-
lines in processing long contexts at different scales,
we conduct comparative experiments using the
vanilla LLM, the efficient attention method MInfer-
ence, and ACRE.

The results, presented in Table 2, lead to the
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Table 2: Efficiency comparison of Vanilla LLM, MInference, and ACRE. Peak GPU memory (mem, GiB), time
latency (lat, seconds/query), and answer readability (rdbl) are evaluated using 20 samples with contexts over
1024K, truncated to target lengths, and a max generation length of 100 tokens. Tests are conducted on a single
NVIDIA A800 80G GPU. Average scores are reported, with the best in each block highlighted in bold.

Length 64K 128K 256K 512K 1024K

mem lat rdbl | mem lat rdbl | mem lat rdbl | mem lat rdbl | mem lat rdbl
QWEN2.5-3B-INSTRUCT-128K
Vanilla 18.5 12.1 279 363 49.1 1032 X OOM - X OOM - X
Minfer. 15.5 29.2 22.0 33.6 28.0 57.1 X 39.1 589 X 472 79.6 X
ACRE 20.8 84 23.0 14.3 27.6 28.1 443  48.2 46.8 53.6
QWEN2.5-7B-INSTRUCT-128K
Vanilla 319 21.2 46.1 453 783 129.6 X OOM - X OOM - X
Minfer. 27.9 29.1 343 35.6 48.1 81.2 X 742 1327 X OOM - X
ACRE 31.3 10.5 35.1 18.0 43.0 37.1 721 85.6 75.6 90.4

following conclusions: (1) ACRE consistently pro-
cesses long contexts at different scale with com-
parable or lower GPU resource usage. This effi-
ciency is attributed to the bi-layer KV activation
design, which avoids directly processing the full
KV activations. (2) ACRE’s efficiency advantage
becomes more pronounced with extremely long
contexts (e.g., over 512K), where the vanilla LLM
runs out of memory, and MInference faces a high
risk of out of memory while require longer latency
than ACRE. (3) Thanks to its query-guided acti-
vation refilling mechanism, ACRE utilizes only
the compact L1 KV activations and query-relevant
L2 KV activations for answer decoding. This en-
ables ACRE to process contexts longer than the
native window of the LLM while maintaining an-
swer quality. In contrast, baseline models generate
nonsensical answers when exceeding LLM’s native
context length.

In summary, ACRE demonstrates significant ad-
vantages in handling long contexts efficiently and
reliably compared to baseline methods.

4 Related Work

Long-context processing is a critical capability of
LLMs (Zhao et al., 2024). The most fundamental
approach to enhancing this ability is training LLMs
on long texts, either sampled from raw corpora
or synthesized (Xiong et al., 2024; Mohtashami
and Jaggi, 2024; Fu et al., 2024). Consequently,
the native context window of popular LLMs has
increased significantly, from the earlier 4K to the
current 128K (Peng et al., 2023; Touvron et al.,
2023; Yang et al., 2024).

In addition to directly increasing the context win-

dow, some methods employ strategic positional en-
coding to enable LLMs to process contexts longer
than their native window, as demonstrated by (Chen
et al., 2023b; Song et al., 2023; Liu et al., 2023;
Jin et al., 2024). However, when processing long
contexts, LLMs generate large key-value (KV) ac-
tivations, which consume substantial resources and
reduce efficiency. To address this, many works
aim to make KV activations more compact and
lightweight (Liu et al., 2024; Xu et al., 2024). For
example, KIVI focuses on reducing the precision
of KV activations to 2-bit, resulting in significantly
lighter KV representations (Liu et al., 2024). Other
methods selectively attend to a small portion of
KV activations through compression or sparse at-
tention mechanisms. For instance, Streamingl.LM
proposes attending only to recent tokens and sink
tokens to maintain compact KV activations (Xiao
et al., 2024), similar idea also adopted by (Li
et al., 2024; Yao et al., 2024; Jiang et al., 2024;
Zhang et al., 2024a). Beyond optimizing KV ac-
tivations, alternative methods such as agent-based
approaches (Qian et al., 2024; Lee et al., 2024) and
retrieval-augmented generation (Xu et al., 2023;
Zhu et al., 2024; Zhou et al., 2024) have been ap-
plied to facilitate long-context processing. These
methods split the long context into chunks and re-
trieve evidence using retrievers or agents. They
work well for explicit queries but struggle with
implicit ones requiring full-context aggregation.

Most existing methods either compact global KV
activations into a lightweight form or prune them
into shorter forms, often failing to balance global
perspective with local informativeness. This limita-
tion can compromise performance in information-
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seeking scenarios, where information needs may
dynamically range from global to local.

5 Conclusion

In this paper, we propose a method, ACRE, de-
signed to adapt to the dynamic information needs
of long-context information-seeking tasks. ACRE
constructs a bi-layer KV activation cache struc-
ture for long contexts, where the L1 KV cache
stores compact, global information, and the L2
KV cache captures detailed, local information. Us-
ing query-guided activation refilling, ACRE identi-
fies query-specific evidence from the L2 KV cache
and refills this local information into the L1 KV
cache, resulting in nested KV activations that ef-
fectively combine a global perspective with local
details. Through experiments on a wide range of
information-seeking datasets, we demonstrate the
effectiveness of ACRE in simultaneously improv-
ing the performance and efficiency of long-context
processing for information-seeking tasks.

Limitation

In this paper, we propose ACRE, a method de-
signed to adapt to the dynamic information needs
of long-context information-seeking tasks. ACRE
constructs a bi-layer KV activation cache to balance
global context perception and local detail preserva-
tion, leveraging query-guided activation refilling to
enhance performance and efficiency. While ACRE
demonstrates significant advancements, several lim-
itations are worth noting:

(1) Our method is primarily designed for
information-seeking tasks, a major subset of long-
context processing. This focus is largely driven
by the availability of training data, as information-
seeking tasks benefit from abundant QA datasets.
While ACRE has the potential to adapt to general
long-context tasks, further exploration with diverse
task-specific data would be necessary to validate
its broader applicability.

(2) ACRE introduces additional parameters for
constructing the bi-layer KV cache, increasing
the model size. For example, using Qwen2.5-3B-
Instruct, ACRE adds approximately 17.2% more
parameters, requiring additional GPU memory to
load the model. However, in long-context tasks,
the majority of GPU memory is consumed by KV
activations rather than model parameters. Our effi-
ciency analysis confirms that ACRE reduces overall
GPU memory consumption when processing long

contexts, mitigating this limitation to some extent.

(3) A portion of our training data is syntheti-
cally generated by commercial LLMs (e.g. GPT-4),
which may introduce biases inherited from the orig-
inal corpus or the LLMs used. While such biases
could impact performance, many current commer-
cial LLMs incorporate robust safeguards that help
mitigate these issues. Nonetheless, addressing po-
tential biases in synthetic data remains an area for
future improvement.
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A Implementation details

For ACRE training, in stage 1, we sample long
text spans from the RedPajama (Soboleva et al.,
2023) dataset to create a training set of 2 billion
tokens. The sampled text lengths are limited to
a minimum of 4K and a maximum of 64K to-
kens. We randomly choose L1/L2 interval from
l € {8,16,32,64,128}. The model is trained for
one epoch with a batch size of 8 and a learning
rate of 5 x 107°. In stage 2, we collect 28,400
QA SFT data points from LongAlpaca (Chen et al.,
2024) and synthetic data from (Zhang et al., 2024a;
Qian et al., 2025b). We apply the same L1 token
insertion strategy during training. The model is
trained for three epochs with a batch size of 8 and
a learning rate of 1 x 10~ for two epochs. Stage-1
training takes around 7 hours while stage-2 training
takes around 13 hours.

During the two-stage training process, we opti-
mize only the newly initialized parameters, keep-
ing the original parameters frozen. The number
of trainable parameters varies depending on the
model. For instance: (1) When using Qwen2.5-3B-
instruct, ACRE has around 503M trainable param-
eters, accounting for 17.2% of the original parame-
ters. (2) When using Llama3.2-3B-instruct, ACRE
has around 780M trainable parameters, accounting
for 25.6% of the original parameters. This differ-
ence arises from variations in the implementation
of multi-head attention.
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Prompt for Bi-Layer KV Cache Con-
struction

You are provided with a long article. Read
the article carefully.

After reading, you will be asked to perform
specific tasks based on the content of the
article.

Now, the article begins:

** Article Content:** [context]

The article ends here.

Next, follow the instructions provided to
complete the tasks.

For the main experiments, we configure ACRE
with an L1/L2 interval [ of 16, a maximum refill-
ing length 7 of 4,096, and the maximum work-
ing context window W of 32K tokens. For the
Bi-Layer KV Cache construction, we utilize the
following prompt. During the Query-Guided Ac-
tivation Refilling process, we adopt task-specific
prompts from the official benchmark repositories,
without inserting the context into the task prompt.

For RAG, RQ-RAG, and MemoRAG, we em-
ploy BGE-M3 (Chen et al., 2023a) as the retriever
and set the hit number to 5. For methods that divide
the long context into chunks, we use the semantic-
text-splitter tool, chunking the context to a maxi-
mum length of 512 tokens.

For KIVI, we quantize the KV activations to 4-
bit precision. For Beacon, we use the official train-
ing code to fine-tune Qwen2.5-3B-Instruct, setting
the compression ratio to 8 during inference. For
SelfExtend, we set the group size to 32 and the
window size to 2048, which is approximate by the
official recommended strategy. For StreamingLLM,
we use the SinkCache implementation from Trans-
formers, configuring the window size to 4096 and
the number of sink tokens to 8. Lastly, for Mem-
oRAG, we utilize the officially released memorag-
gwen2-7b-inst as the memory model.

All methods are evaluated using the task prompts
provided in the official repositories of their
corresponding benchmarks'. Additionally, we
use the same generation hyper-parameters (task-
dependent) for ACRE and all baseline models.

All training and evaluation experiments were
conducted using 8 NVIDIA A800-80G GPUs.

"LongBench: https://github.com/THUDM/LongBench,
InfiniteBench: https://github.com/OpenBMB/
InfiniteBench
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