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Abstract

Context compression has emerged as a vital
approach to mitigate both performance degra-
dation and resource consumption for large lan-
guage models (LLMs) in long context sce-
narios. Current state-of-the-art methods al-
locate the compression budget at fixed-size
block granularity, either uniformly or with
adaptation across blocks. Both strategies frag-
ment sentence-level semantic units and over-
look the relevance variation within each block.
In this paper, we propose the Adaptive Seman-
tic Preservation (ASP) compressor, built on two
innovations: (1) To preserve semantic units,
our Semantic-Preserving Segmentation parti-
tions context along natural sentence boundaries
while maintaining the morphological atomicity
of words. (2) To prioritize critical informa-
tion, our task-aware Adaptive Budget Alloca-
tion dynamically assigns compression budget
based on each sentence’s informational salience
for the task instruction. Extensive experiments
across diverse long-context scenarios show that
ASP outperforms strong task-aware and task-
agnostic compression baselines on both Llama-
3-8B-Instruct and Qwen-2.5-7B-Instruct. In
particular, ASP delivers stronger robustness
compared with other baselines even at the ex-
treme 16x high compression ratio.

1 Introduction

Large language models (LLMs) (Achiam et al.,
2023; Bai et al., 2023; Touvron et al., 2023) ex-
cel at processing extended contexts, resulting in
remarkable performance on tasks such as Retrieval-
Augmented Generation (RAG) (Lewis et al., 2020;
Huang and Huang, 2024) and In-Context Learning
(ICL) (Dong et al., 2024). However, scaling context
length introduces two major challenges: (1) atten-
tion drift or collapsing, where the model’s focus
becomes dispersed across distant tokens, leading
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to performance degradation, and (2) quadratic com-
putational complexity of self-attention with respect
to context length, resulting in substantial resource
consumption and latency during inference on long
context. Consequently, context compression has
become an important technique to reduce the input
length while maintaining semantic fidelity.
Existing context compression methods typically
fall into two categories. Explicit methods (Jiang
et al., 2023; Pan et al., 2024; Jiang et al., 2024)
directly shorten the context by truncating or sum-
marizing, which preserves core meaning of context
but often loses important fine-grained details. In
contrast, implicit methods (Mu et al., 2023; Cheng
et al., 2024; Deng et al., 2025b) encode context
into dense latent representations (denoted as com-
pressed tokens, (CT)), offering better retention
of overall semantics. Early implicit methods typ-
ically appended compressed tokens to the end of
the entire text, which is poor at preserving local
details. Current state-of-the-art (SOTA) implicit
methods (Ge et al., 2024; Chevalier et al., 2023;
Zhang et al., 2025) employ recursive compression
strategies, which split context into fixed-size blocks
and uniformly distribute compressed tokens across
blocks to balance local and global information.
First, prior methods allocate the compres-
sion budget at block granularity, either uni-
formly (Zhang et al., 2025; Ge et al., 2024; Cheva-
lier et al., 2023) or adaptively per block via atten-
tion/perplexity signals (Chen et al., 2025). Both
regimes operate at the coarse block boundary rather
than the natural semantic unit, so a high-relevance
sentence is still diluted when it shares a block with
low-relevance content. Second, fixed-size segmen-
tation and uniform distribution of compressed to-
kens often fragment sentences or words, violating
the principle of morphological atomicity, i.e., mean-
ingful units should remain intact. For example, as
shown in Figure 1, due to the uniform insertion
of compressed tokens, the word “Canterbury” be-
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Figure 1: (a) Previous recursive compression methods with their problems and (b) our method, where “Canterbury”
is a morphologically atomic word and (CT) represents a compressed token.

comes discontinuous.

To address these issues, we propose the Adaptive
Semantic Preservation (ASP) compressor, designed
to maximize semantic preservation under the same
compression budget. ASP includes two novel mod-
ules: (i) the Semantic-Preserving Segmentation
module partitions the original context along natu-
ral sentence boundaries and adaptively adjusts the
insertion positions of compression tokens based
on tokenization; (ii) the Adaptive Budget Alloca-
tion module dynamically assigns sentence-level
compression budgets based on each sentence’s rel-
evance to the task instruction, moving allocation
granularity from the block level used by prior adap-
tive methods down to the sentence level and ensur-
ing critical content is preserved with the highest
fidelity.

Our main contributions can be summarized as
follows:

* We propose the Adaptive Semantic Preserva-
tion compressor, a novel method that achieves
superior semantic information preservation
compared to existing compression methods
under the same compression ratio.

¢ ASP’s effectiveness stems from two core inno-
vations: (1) Semantic-Preserving Segmenta-
tion, which divides the original context along
natural sentence boundaries while maintain-
ing word integrity to prevent semantic distor-
tion, and (2) Adaptive Budget Allocation,
a task-aware mechanism that moves alloca-
tion granularity from the block level used by

prior adaptive methods (Chen et al., 2025)
down to the sentence level, made feasible by
the Semantic-Preserving Segmentation mod-
ule and ensuring that the most critical content
is preserved with the highest fidelity.

* Extensive experiments across diverse long-
context scenarios show that ASP consistently
outperforms multiple existing SOTA baselines.
In particular, ASP delivers remarkable robust-
ness compared with other baselines even at
the extreme 16X high compression ratio.

2 Related Work

2.1 Task-Agnostic Context Compression
Methods

Task-agnostic methods compress input context
without relying on specific queries, preserving
global semantics to support diverse downstream
tasks. This category can be further split into two
technical routes: (1) Explicit compression, which
retains explicit textual tokens via metric-based
pruning, structured truncation or general summa-
rization (Bolya et al., 2023; Xu et al., 2024; Pan
et al., 2024; Li et al., 2023b; Zhou et al., 2026).
(2) Implicit compression, which maps long context
into dense compressed embeddings, including one-
shot encoding frameworks (Mu et al., 2023; Kim
et al., 2024; Qin et al., 2024; Zhao et al., 2025a;
Tan et al., 2024; Liao et al., 2025; Petrov et al.,
2025; Wang et al., 2024), recursive autoregressive
paradigms and a series of efficiency-optimized de-
signs (Li et al., 2025; Ge et al., 2024; Chevalier
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et al., 2023; Zhang et al., 2025; Dai et al., 2025;
Liu et al., 2026; Deng et al., 2025a; Fei et al., 2024;
Berton et al., 2025). Despite good cross-scenario
generalization, these methods inevitably dilute task-
critical information and degrade instruction-driven
downstream task performance.

2.2 Task-Aware Context Compression
Methods

Task-aware methods incorporate task queries dur-
ing compression to prioritize task-relevant content,
the mainstream direction for high-performance
long-context compression. Representative works
include query-guided explicit context pruning and
summarization (Yoon et al., 2024; Hwang et al.,
2025; Liskavets et al., 2025; Fang et al., 2025; Zhao
et al., 2025b; Jiang et al., 2023, 2024), query-aware
implicit one-shot and recursive compression (Chen
et al., 2025; Rau et al., 2024; Choi et al., 2025;
Li et al., 2024a; Cheng et al., 2024), and query-
guided KV cache compression that optimizes in-
ference efficiency via relevance-based KV pruning
(Xiao et al., 2023; Li et al., 2024b; Feng et al.,
2025). While these methods effectively preserve
task-specific content, they either irreversibly dis-
card low-relevance content (at the token level for
LongLLMLingua (Jiang et al., 2024), or at the sen-
tence level for CPC (Liskavets et al., 2025)), or
apply adaptive allocation only at the block level,
which leaves the sentence-level relevance variation
within each block unexploited and still inherits the
morphological fragmentation caused by fixed-size
segmentation (e.g., DAST (Chen et al., 2025)).

3 Method

3.1 Notation

Let X = {x;}L, denote an input context of length
L tokens. Context compression aims to produce

condensed X = {a:i}iizl, where I < L. The
compression rate is defined as 7 = %

3.2 Overview

As illustrated in Figure 1, existing implicit com-
pression methods split the context into fixed-size
blocks, leading to two main issues: (1) Even meth-
ods that adapt the budget across blocks (Chen et al.,
2025) cannot exploit the finer relevance variation
within each block, so a high-relevance sentence still
receives a sub-block uniform share of compressed
tokens. (2) More importantly, they frequently cause

fragmentation at boundaries and overlook the prin-
ciple of morphological atomicity that refers to treat-
ing each complete word as the smallest meaning-
ful unit. In contrast, our proposed ASP method
addresses these limitations by maintaining con-
text integrity and prioritizing important content
while reducing redundancy. ASP operates through
four key stages: semantic-preserving segmenta-
tion (Section 3.3), dynamic compression budget
allocation (Section 3.4), end-to-end compression
framework (Section 3.5) and compression learning
(Section 3.6).

3.3 Semantic-Preserving Segmentation

We define a morphologically atomic word as the
smallest sequence of subword tokens whose surface
form constitutes a complete word in the original
text. The morphological atomicity of a segmen-
tation refers to the constraint that no compressed
token (CT) may split a morphologically atomic
word. Our objective in this section is to convert the
input context X into a sequence composed of adap-
tive context blocks interleaved with compressed
tokens. This approach aims to preserve both the
meaning of individual blocks and the overall se-
mantic coherence of the context.

We begin by segmenting X into sentences using
a standard sentence splitter':

s St ey

X:{Sl’SQ,...,Si,...

where s; denotes the ¢-th sentence in the context
and n is the number of sentences split from X .
Unlike previous methods that insert compressed
tokens (C'T') at uniform intervals within fixed-size
blocks, our method employs a rule-based algorithm
to determine the morphological atomicity of each
word. These atomic units serve as the smallest units
for segmentation. The details of this algorithm are
shown in Appendix A. We organize context and
compressed tokens as follows within s;:

§i = { .. ,<CT>, xidfl,mi’j,l‘i’jJrl s

morphologically atomic word (2)

(CT),...}.

Here, x; 1, x;j, x; 41 together make up a
complete word, ensuring the morphological atom-
icity. By grouping tokens this way, our method

'We use a basic sentence splitter for its simplicity and
reliability in practice.
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maintains the semantic integrity of each word dur-
ing compression, preventing meaningful units from
being split. It is worth mentioning that the length
of each word is not fixed.

3.4 Adaptive Budget Allocation

We assign each sentence a compression budget pro-
portional to its similarity to the task instruction.
The total budget M = |7 - L] is fixed; sentences
that score higher receive a larger budget at the ex-
pense of less relevant ones.

Given a task instruction I, we use cosine simi-
larity to measure the importance of s; as follows:

_ 1 )
h,, = m ZH(])7

JESs;

o 3)
jel
h, -h
sim; = =i 1 4)
[hs | - b |

Here H(-) denotes the last-layer hidden states of
the frozen backbone LLM, and Esi, h; are mean-
pooled embeddings of sentence s; and the task in-
struction I. Because scores depend only on each
sentence individually, all sim; can be computed in
parallel within a single LLM forward pass. The
compression budget assigned to each sentence is:

sim; = max(0, sim; ),
sim;

(pestis)) ©
m; =max| 1, |M X ———=— ,
> i sim;

where the shift to non-negative similarities ensures
valid normalization, the m; > 1 constraint pre-
serves every sentence with at least one (C'7T") token,
and any total exceeding M is reconciled by pro-
portionally reducing the highest-budget sentences.
When M < n, we merge adjacent sentences before
allocation.

3.5 End-to-End Compression Framework

Similar to previous methods (Ge et al., 2024; Zhang
etal., 2025; Chen et al., 2025), our method employs
a recursive compression mechanism, ensuring that
both local details and global coherence are pre-
served. Rather than dividing context into fixed-
size blocks, we segment the context into blocks
containing complete sentences, constrained by a
maximum block length. For the ¢-th block, let
B; = {s1,...,s,} denote the set of sentences in

the block. We then insert compressed tokens to
obtain the enhanced block representation:

B = {51,...,3,}. (©6)

Compression of the i-th block conditions on the
cached (CT) from all previous blocks together
with the current block’s tokens and its own newly
inserted (C'T):

LLM ((C’T)i, ..o Bi) NG

where k represents the budget before B;. We freeze
all backbone parameters and add a separate set
of trainable projections W¢', W, W¢! that oper-
ate only on (CT) tokens (Figure 2). Decoupling
the two paths lets us train only ~6% parameters
(Appendix J) without touching the original LLM

weights, following Petrov et al. (2025).

+1 _ syl
Q - WqH )
Kt = WiH', (8)
Vl+1 — WzHl,

where * € {ot, ct} selects between the original pro-
jections (applied to context tokens) and the newly
introduced projections (applied to (CT') tokens).
Then we can separate the original text and the com-
pressed tokens:

Lot = {j [2j #(CT)}, 1 = {j | wj = (CT)}.

l l l l (9)
Qot = Q [Hot]a Qct = Q [Hct]7
Kf)t =K' [Hot]a cht =K [Hct]y
Vi = V[, Vi, = V[Ia].

(10)

where Q!, K!, V! € R**P represent the queries,
keys, and values for both token types, consolidated
into the full matrices at layer [, D is the model’s
hidden size and w is the sum of context tokens and
compressed tokens of Bi. Let K¢, Vé indicate
the hidden states of previous compressed tokens at
layer [, the combined matrices are:

I _ l. gl l_ L.x7l
K'=[KLK] Vi=[viVvl]

Finally, standard causal self-attention is applied:

LT
H'*! = Softmax <Mask (Q(K)>> Vi,
Vi
(12)
where dj, is the key dimension. Through this re-
cursive autoregressive approach, each compressed
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token is trained to encode task-relevant information
from the preceding context. Consequently, only the
hidden states of these compressed tokens need to
be saved for subsequent blocks. Thus, we update
the past key-value states as follows:

Ké = [KéS cht]av;ij = [Vé; Vlct] (13)

3.6 Compression Learning

ASP is trained with next-token prediction on the
concatenation of the compressed prefix and the
current block. Let 7-; denote the set of (CT)
tokens accumulated before position ;. Only the
compressed-token projections 6.; are updated, and
the backbone 6 stays frozen:

I%CitnEx — ~Z Z log P(z;| T<i, ®<j;6ct,0)
BieX z;€B;
(14)
where 6 denotes the frozen LLLM parameters and
0.+ the trainable compressed token projections.

4 Experiment

4.1 Setting

Backbone LLMs Llama-3-8B-Instruct and
Qwen-2.5-7B-Instruct are employed as the
backbone LLMs.

Implementation To ensure fair comparability
across all methods, we apply the same overall com-
pression ratio to all baselines. Following estab-
lished practices in recursive compression (Zhang
etal., 2025; Chen et al., 2025), the maximum block
size is set to 1,024 for Llama-3-8B-Instruct and
2,048 for Qwen-2.5-7B-Instruct (In Appendix D,
we compared the performance of different win-
dow sizes.). For a rigorous comparison, all base-
line results are re-implemented using their official
open-source code with the same hyperparameter
settings. Unless otherwise specified, we apply 8x
compression to Llama-3-8B-Instruct and Qwen-
2.5-7B-Instruct. Detailed training configurations
of ASP are provided in Appendix B.

Baselines We conduct comprehensive compar-
isons against both task-aware and task-agnostic
context compression methods. Specifically, we in-
clude task-aware approaches: LLMLingua (Jiang
et al., 2023), LongL.LMLingua (Jiang et al., 2024),
DAST (Chen et al.,, 2025) and AdaKV (Feng
et al., 2025), as well as task-agnostic approaches:
LLMLingua-2 (Pan et al., 2024) and Activation

L
o

Post Self-Attn.

A\
— N
Self-Attn. Self-Attn.

l |
l
*

Pre Self-Attn""

I

Figure 2: The model training architecture.

Beacon (Zhang et al., 2025). Additionally, we
fine-tune the original LLMs on the same data
(denoted as LLM-FT) and evaluate their perfor-
mance under naive compression (denoted as LLM-
Compressed) to establish the upper and lower per-
formance bounds for our experiments.

Evaluation Benchmark We conduct the primary
evaluation of ASP on LongBench, the mainstream
and widely adopted benchmark for long-context
LLM evaluation. This benchmark covers a di-
verse set of tasks that rigorously test models’ long-
context understanding abilities, spanning question
answering, text summarization, and code under-
standing, with input context lengths reaching up
to 32K tokens. For scenario-specific validation,
we further test ASP on four dedicated datasets:
MSC (Packer et al., 2023), ShareGPT (Chiang
et al., 2023), NaturalQuestions (Kwiatkowski et al.,
2019), and Topic Retrieval (Li et al., 2023a). Sup-
plementary experiments on ultra-long context un-
derstanding, which are performed on LongBench
v2 (Bai et al., 2025) and InfiniteBench (Zhang et al.,
2024), are fully documented in the appendix B.

4.2 Main Experiments

Table 1 presents the performance of ASP and rep-
resentative baselines on LongBench (Bai et al.,
2024), a multi-task benchmark for long-context
understanding. We summarize three key findings
below:

1) ASP achieves the best results among the com-
pared compression baselines on both backbones.
Specifically, ASP achieves an average score of
43.38 on Llama-3-8B-Instruct and 44.25 on Qwen-
2.5-7B-Instruct, surpassing the previous best task-
aware baseline AdaKV by 4.46 and 2.87 absolute
points, respectively. Notably, ASP shows its largest
improvements in challenging Single-Document and
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Methods

LongBench

SingleDoc  MultiDoc  Summ. FewShot Code AVG | Latency
Llama-3-8B
Llama-3-8B-FT 35.42 36.00 26.32 68.91 6298 44.71 26.5
Llama-3-8B-Compressed 22.66 25.66 21.63 61.74 4531 34.69 4.8
LLMLingua 23.26 21.35 20.12 4036 31.52 27.02 9.6
LLMLingua-2 24.12 23.13 21.01 40.51 30.19 27.62 11.3
LongL.LMLingua 25.63 26.21 24.32 43.51 35.13  30.66 10.0
Activation Beacon 30.92 29.94 23.78 4993  40.56 34.63 7.3
AdaKV 28.53 33.99 21.04 66.20 47.78 38.92 10.2
DAST 33.56 32.61 20.16 60.21  36.42 36.60 12.3
ASP (Ours) 37.60 36.92 26.26 67.22 51.65 43.38 ‘ 8.1
Qwen-2.5-7B
Qwen-2.5-7B-FT 42.75 43.78 27.27 67.50  56.12 46.87 25.2
Qwen-2.5-7B-Compressed 29.51 31.55 23.90 64.07 39.67 37.60 4.3
LLMLingua 21.03 31.13 19.92 49.87 4481 3253 9.3
LLMLingua-2 25.12 3221 18.10 50.12  43.16 33.13 12.1
LongLLMLingua 25.92 33.25 20.97 56.51 3422 34.17 9.8
Activation Beacon 35.63 36.70 24.46 60.63  45.13 40.18 6.9
AdaKV 37.21 35.21 21.23 65.31 51.20 41.38 9.5
DAST 36.23 36.91 20.32 63.12  40.21 39.30 11.3
ASP (Ours) 39.53 38.49 24.94 66.94 5491 44.25 7.8

Table 1: Performance on the LongBench benchmark (Bai et al., 2024). This benchmark includes at least two datasets
for each task type to ensure robust evaluation. Bold indicates the best performance, and underline indicates the
second-best performance among compression methods for each task.

Multi-Document QA tasks, outperforming all task-
aware and task-agnostic implicit/explicit compres-
sion baselines. By better preserving task-relevant
semantic information and prioritizing task-critical
content, ASP ensures that the model retains high-
quality knowledge under strict context limitations.

2) ASP delivers strong results in tasks requiring
global context retention. On Summarization,
ASP matches the full-context fine-tuned models
on Llama-3-8B-FT (0.06 points) and falls within
2.33 points on Qwen-2.5-7B-FT. This finding high-
lights ASP’s ability to maintain comprehensive
task-relevant content and logical integrity without
explicit query signals during compression. Simi-
larly, ASP overtakes all compression baselines in
Code tasks, indicating that its adaptive selection en-
ables the model to keep both granular task-critical
details and high-level structural information neces-
sary for accurate code generation.

3) ASP achieves a remarkable balance between
task performance and inference efficiency. For

Llama-3-8B-Instruct, ASP closes the performance
gap with the full-context fine-tuned model to just
1.33 absolute points, while delivering a 3.3 x end-
to-end speedup over the uncompressed prompt.
Compared with naive compression, ASP yields
an 8.69-point improvement in average task perfor-
mance for Llama-3-8B-Instruct and a 6.65-point
gain for Qwen-2.5-7B-Instruct, all while maintain-
ing latency competitive with or lower than most
SOTA compression baselines. These results af-
firm that ASP efficiently identifies and preserves
task-critical information, achieving both high task
quality and high inference efficiency.

4.3 Ablation Studies

To quantify the contribution of each component
within ASP, we conduct comprehensive ablation
studies using the Qwen-2.5-7B-Instruct backbone
on the SingleDoc and Summarization tasks from
LongBench. The results are summarized in Table 3.

First, we validate the effectiveness of our two-
stage training strategy. Omitting the pre-training
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1 Turn (765 tokens) 2 Turn (3006 tokens) 3 Turn (6491 tokens)

Method

PPL| ROUGE-L PPL, ROUGE-L PPL|, ROUGE-L
LLMLingua 4.563 42.12 3.892 31.01 3.523 30.21
LLMLingua-2 4312 43.26 3.731 33.52 3.313 32.16
LongLLMLingua 4.231 43.52 3.612 32.96 3.213 36.13
Activation Beacon 3.072 48.99 2.572 37.82 2.557 42.80
AdaKV 3.261 46.20 2.413 35.21 2.389 41.20
DAST 3.125 50.21 2.398 39.32 2.401 40.63
ASP (Ours) 2.875 51.26 2.331 41.61 2.346 44.50

Table 2: Experiments in dialogue scenarios on ShareGPT dataset (Chiang et al., 2023).

phase reduces performance by 4.98 points on Sin-

‘ Compression Constraint

. .. Method
gleDoc and 3.83 points on Summarization. Remov- | ~2x ~d X ~8 X ~16 x
ing the fine-tuning stage leads to even more pro- Llama-3-8B
nounced drops of 6.13 and 4.69 points on Single-
ps o1 ©.1. p g LLMLingua | 4523 | 3926 | 3326 | 3151
Doc and Summarization, respectively. These con- LLMLingua-2 | 46.16 | 4331 | 39.15 36.28
sistent declines across both tasks confirm that the LongLLM. 63.68 | 5721 | 41.61 37.58
two stages are highly complementary: pre-training Activation. 7431 | 62,69 | 52.04 | 30.08
aligns the semantic space of the compressed to- giaslfrv ;Zgz 28';3 gg'g? ‘5‘(2)'(5)?
kens with the frozen LLM backbone, while fine- i i i i
tuning adapts the method to instruction-driven task ASP (Ours) | 79.73 | 7927 | 7605 | 64.64
requirements. Qwen-2.5-7B
LLMLingua 41.70 32.08 31.14 29.79
Ablation Setting SingleDoc  Summ. LLMLingua-2 | 45.18 35.21 33.20 30.09
LongLLM. 55.20 42.66 38.01 38.93
Full ASP (O 39.53 24.94
o) Activation. 6389 | 5655 | 4472 | 2435
w/o Pre-training Stage 34.55 21.11 AdaKV 71.37 61.67 53.65 3921
w/o Fine-tuning Stage 3340 20.25 DAST 6521 | 5835 | 49.63 | 46.12
w/o Semantic-Preserving Segmentation 36.62 22.31
w/o Adaptive Budget Allocation 37.57 23.31 ASP (Ours) | 76.09 | 7421 | 67.94 | 60.38
w/ PPL-based Unsupervised Scoring 38.82 23.59

Table 3: Ablation study results on Qwen-2.5-7B-Instruct
backbone, evaluated on LongBench.

Next, we evaluate our two core modules. Replac-
ing our Semantic-Preserving Segmentation with
fixed-length chunking ( a common practice in prior
work such as Longl.LMLingua (Jiang et al., 2024)
and DAST (Chen et al., 2025)) degrades perfor-
mance by 2.91 points on SingleDoc and 2.63 points
on Summarization. This decline occurs because
fixed-length chunking risks ignoring and fracturing
the underlying semantic structure. Furthermore,
ablating the Adaptive Budget Allocation (i.e., re-
verting to a fixed, uniform compression rate) im-
pacts SingleDoc slightly more than Summarization
(a 1.96-point versus 1.63-point drop). This dispar-
ity suggests that dynamic budget prioritization is
particularly beneficial for sparse, long documents
where task-relevant information is unevenly dis-

Table 4: Evaluation of different compression on MSC.

tributed.

Finally, we replace our instruction-aware scor-
ing with an unsupervised PPL-based metric to as-
sess robustness when no task query is available at
compression time. ASP maintains 38.82 on Single-
Doc and 23.59 on Summarization, only 0.71 and
1.35 points below the full instruction-aware version,
confirming that the method extends seamlessly to
instruction-free scenarios.

4.4 Evaluation with Different Compression

As shown in Table 4, we further analyze perfor-
mance under varying compression constraint on the
Multi-Session Conversation (MSC) dataset (Packer
et al., 2023), using ROUGE-L to evaluate response
quality. Across both Llama and Qwen models, ASP
consistently outperforms all other baselines. No-
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Figure 3: Evaluation of Long-Term and Fine-grained Information Compression on Topic Retrieval and NaturalQues-

tions.

tably, while a competitive method like Activation
Beacon performs well at 2x compression, its effec-
tiveness sharply declines as compression becomes
more aggressive. In contrast, ASP demonstrates
robust performance, maintaining high-quality out-
puts even under stringent compression constraints,
which highlights its superior efficiency.

4.5 Evaluation in Multi-turn Dialogue

To evaluate the performance of context compres-
sion in multi-turn dialogue scenarios, we conducted
experiments on the ShareGPT dataset (Chiang
et al., 2023). The evaluation spanned three con-
secutive turns, with the average context length scal-
ing progressively from 765 to 6,491 tokens. We
utilized PPL to assess the linguistic integrity of
the model’s responses and ROUGE-L to quantify
information retention following compression.

As shown in Table 2, ASP consistently outper-
forms all established baselines across all conver-
sational turns. Under the same compression con-
straint, ASP maintains the lowest PPL and the high-
est ROUGE-L scores, demonstrating superior ro-
bustness as the context grows. Notably, in the 3-
turn setting, ASP achieves a ROUGE-L of 44.50,
significantly surpassing AdaKV and LongL.LM-
Lingua. This performance gap suggests that ASP
can preserve critical information more accurately
than other compression approaches as the dialogue
complexity increases.

4.6 Long-Term and Fine-grained Information
Compression

To evaluate ASP’s ability to retain and retrieve spe-
cific information regardless of its position in a long
context, we conducted two targeted experiments.

Long-Term Memory We first use the Topic Re-
trieval benchmark (Li et al., 2023a) to assess the
model’s memory. In this task, the model is asked to

recall the first topic as the length of context is pro-
gressively increased. As shown in Figure 3, ASP
demonstrates clear superiority over all baselines
at 4x compression. Crucially, despite the growth
of context, our method still achieves solid perfor-
mance, a result that highlights the effectiveness of
ASP in long-term information memory.

Fine-grained Information Next, we conduct a
more fine-grained analysis to assess performance
sensitivity to the position of the relevant informa-
tion. For this, we use the NaturalQuestions (NQ)
dataset (Kwiatkowski et al., 2019) to synthetically
construct test cases by placing the answer-bearing
context at different locations (e.g., beginning, mid-
dle, end) within a long document. Using recall
as the evaluation metric at 4x compression, the
results again confirm ASP’s advantage. It consis-
tently outperforms all baselines and, more impor-
tantly, maintains high recall across all tested po-
sitions. This demonstrates ASP’s robustness to
positional bias, showcasing the precision of our
compression approach in preserving key informa-
tion wherever it may appear.

5 Conclusion

In this paper, we propose the ASP compressor, a
novel method designed to significantly preserve se-
mantic integrity while selectively focusing on the
most critical information during context compres-
sion. ASP’s effectiveness stems from two core inno-
vations. First, Semantic-Preserving Segmentation
partitions context along natural sentence bound-
aries while maintaining the morphological atom-
icity of words, thereby preserving the semantic
integrity. Second, our task-aware Adaptive Bud-
get Allocation dynamically assigns compression
budget to each sentence based on its relevance to
the task instruction, moving allocation granularity
from the block level used by prior adaptive methods
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down to the sentence level. Our extensive exper-
iments demonstrate that ASP consistently outper-
forms state-of-the-art context compression meth-
ods across various benchmarks and compression
ratios, establishing a superior balance between task
performance and efficiency.

Limitations

First, ASP’s Semantic-Preserving Segmentation
and Adaptive Budget Allocation operate at sen-
tence granularity. Exceptionally long sentences
and sentences with internal noise therefore receive
a single budget assignment, with no mechanism for
intra-sentence redistribution. Extending this to a
hierarchical allocator that operates jointly at clause
and sentence levels (preserving the soft-allocation
paradigm while gaining finer control) is a natural
next step.

Second, the Adaptive Budget Allocation is task-
aware by construction, following the standard de-
sign adopted by recent task-aware compression
methods (Jiang et al., 2024; Chen et al., 2025;
Liskavets et al., 2025): a task instruction must be
available at compression time. For instruction-free
deployment scenarios (e.g., document indexing),
our PPL-based unsupervised variant (Table 3) re-
covers within 0.71 / 1.35 points of the full version
and serves as a drop-in replacement; explicit in-
struction is therefore only required for the most
performance-critical settings.

Finally, we focus our multilingual evaluation
on English and Chinese (Appendix H, Table 11),
where ASP already exceeds the fine-tuned back-
bone on average. Extending the evaluation to mor-
phologically rich languages, low-resource scripts,
and writing systems without explicit sentence
boundaries is a direction we are pursuing.
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A Building Morphological Atomicity of
Word Indices

Algorithm 1 details how we compute the word-
to-token index mapping used by the Semantic-
Preserving Segmentation module (Section 3.3). For
each sentence, it incrementally grows a window
of subword tokens until the decoded surface form
matches the next word, yielding an index list / that
constrains (C7T') insertion to word boundaries.

Algorithm 1 Building Morphological Atomicity of
Word Indices

Require: Context C, Tokenizer T
Ensure: WordTokenIndices I
1: function BUILDINDICES(C, T)

2: S« Split(C) > Split context into sentences

3: I+ ]

4: for each sentence s; in S do

5: start < 0

6: end < 1

7 Split s; into words W;

8: Tokenize s; into tokens t;

9: for each word w in W; do

10: while T.decode(t;[start : end]).strip() #
w and end < |t;| do

11: end < end + 1

12: end while

13: I.append([start, end))

14: start < end

15: end < end + 1

16: end for

17: end for

18: return /

19: end function

B Experiment Setting

Backbone LLMs Llama-3-8B-Instruct and
Qwen-2.5-7B-Instruct are employed as the
backbone LL.Ms. In Appendix K, we also utilized
the Llama-2-7B-Chat and Qwen-2.5-14B-Instruct
models to compare the performance of our method
across different model architectures and sizes.
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Implementation ASP adopts the two-stage train-
ing protocol from Activation Beacon and DAST
(Zhang et al., 2025; Chen et al., 2025) to ensure
a fair comparison. The first stage involves pre-
training on 1B tokens from the RedPajama dataset
(Weber et al., 2024) with a learning rate of Se-
5. This is followed by a fine-tuning stage on a
mixed dataset comprised of LongAlpaca (Chen
et al., 2024), BookSum (Kryscinski et al., 2022),
and 16,000 synthetic samples generated via GPT-
3.5 (Zhang et al., 2025), using a learning rate of
le-5 and a batch size of 8. We run each experiment
10 times with different random seeds and report
the average results. Unless otherwise noted, all
performance gaps between ASP and the next-best
baseline reported in our result tables are statistically
significant under a paired ¢-test at p < 0.05 across
10 seeds. All experiments are conducted using the
Hugging Face framework on eight NVIDIA A100
(80GB) GPUs. During pretraining, the maximum
sequence length is set to 20,000 tokens and the
minimum to 2,400 tokens; for fine-tuning, the max-
imum is also 20,000 tokens, with a minimum of
7,200 tokens. The AdamW optimizer is used, with
a single training epoch. To ensure comparability
across methods, we apply the same overall com-
pression ratio to all baselines and unless otherwise
specified, we apply 8 x compression to Llama-3-
8B and Qwen-2.5-7B. Following established prac-
tices (Zhang et al., 2025; Chen et al., 2025), the
maximum block size is set to 1,024 for Llama and
2,048 for Qwen (In Appendix D, we compared
the performance of different window sizes). For
a rigorous comparison, all baseline results are
re-implemented using their official open-source
code with the same hyperparameter settings.

Baselines We conduct comprehensive compar-
isons against both task-aware and task-agnostic
context compression methods. Specifically, we in-
clude task-aware approaches: LLMLingua (Jiang
et al., 2023), LongL.LMLingua (Jiang et al., 2024),
DAST (Chen et al., 2025) and AdaKV (Feng
et al., 2025), as well as task-agnostic approaches:
LLMLingua-2 (Pan et al., 2024) and Activation
Beacon (Zhang et al., 2025). Additionally, to estab-
lish upper-bound references, we fine-tune the origi-
nal LLMs using the same training data; these are re-
ferred to as LLM-FT (Llama-3-8B-FT and Qwen-
2.5-7B-FT). For a fair comparison under com-
pression constraints, we also evaluate these fine-
tuned models with applied compression, denoted

as LLM-Compressed (Llama-3-8B-Compressed
and Qwen-2.5-7B-Compressed).

Evaluation Benchmark

Primary Long-Context Benchmarks To rigor-
ously evaluate the performance and efficiency of
ASP, we leverage two widely recognized long-
context evaluation suites: LongBench (Bai et al.,
2024) and InfiniteBench (Zhang et al., 2024).
LongBench presents a diverse collection of tasks
challenging models’ understanding abilities over
extended input sequences, spanning single and mul-
tiple document question answering as well as sum-
marization and code tasks, with contexts reaching
up to 32K tokens. In parallel, infiniteBench cov-
ers a variety of multi-task evaluations where input
lengths routinely surpass 200K tokens, placing sub-
stantial demands on both context processing and
model scalability.

Supplementary Scenario-specific Benchmarks
Beyond core long-context comprehension, we
further analyze ASP across several specialized
datasets targeting dialog compression, retrieval,
and task diversity:

LongBench v2 As arecent addition to the suite
of long-context evaluations (Bai et al., 2025), Long-
Bench v2 encompasses six task types spanning
input sizes from 8,000 tokens to as high as 2 mil-
lion. Evaluation adopts a four-way multiple-choice
format, using classification accuracy to quantify
model performance.

MSC This dataset, adapted from the MemGPT
framework (Packer et al., 2023), consists of ex-
tended, multi-session human dialogue exchanges,
with typical conversation sequences averaging
2,000 tokens.

ShareGPT ShareGPT assembles authentic user-
driven ChatGPT interactions from a broad spec-
trum of conversational and linguistic backgrounds
(Chiang et al., 2023).

NaturalQuestions The NaturalQuestions bench-
mark (Kwiatkowski et al., 2019) replicates a real-
world retrieval-augmented QA pipeline, challeng-
ing models to locate the correct answer within a
cluster of relevant documents. Prompts mirror ac-
tual user queries from Google search logs, and
answers are human-annotated Wikipedia extracts.
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LongBench v2

Methods

SingleDoc MultiDoc ICL History Code Data AVG
Qwen-2.5-7B-FT 343 25.6 31.0 33.0 36.2 240 30.7
Qwen-2.5-7B-Compressed 18.2 19.9 20.8 23.0 322 183 221
LLMLingua (Jiang et al., 2023) 15.3 16.1 10.2 3.1 123 125 11.6
LLMLingua-2 (Pan et al., 2024) 16.1 15.3 12.1 2.1 135 15.6 125
LongLLMLingua (Jiang et al., 2024) 16.2 18.3 12.6 6.2 15.6 139 13.8
Activation Beacon (Zhang et al., 2025) 20.6 21.6 24.5 5.1 16.0 182 17.7
AdaKV (Feng et al., 2025) 313 24.5 256 182 280 232 25.1
DAST (Chen et al., 2025) 29.1 25.6 21.2 10.9 120 153 19.0
ASP(Ours) 354 27.2 247 308 30.0 243 28.7
Table 5: Experiment results (%) on LongBench v2 (Bai et al., 2025).
Topic Retrieval This framework (Li et al., . ROUGE-L
2023a) systematically probes models’ ability to Chunk Size | Ax 8x 16x
manage variable-length multi-turn dialogue and
adapt to fluctuating compression requirements, us- 128 8032 7623 75.01 62.35
ing structured exchanges between human partici- 256 79.31 78.36 7531  65.02
pants and conversational Al agents. 512 78.51 80.12 77.12 63.21
1024 79.73 7927 76.05 64.64
C More Analysis Experiments std. 066 145 081 108

C.1 Evaluation on LongBench v2

Table 5 presents the performance on 8§x com-
pression constraint of all methods across six sub-
categories and the overall average. Our proposed
ASP method achieves the highest average score,
outperforming previous SOTA approaches under
the same compression constraint. In particular,
ASP demonstrates strong generalization, achieving
the best performance in SingleDoc, MultiDoc, His-
tory, Code, and Data tracks. Compared to Qwen-
2.5-7B-Compressed, yields substantial improve-
ments in all categories, especially in complex tasks
such as MultiDoc (+7.3%) and History (+7.8%).
ASP also surpasses explicit compression methods
such as LL.MLingua and LongLLMLingua by a
large margin (average improvement over 10%),
highlighting its effectiveness in preserving essential
information after aggressive compression. Among
specialized long-context optimizations, AdaKV
and Activation Beacon achieve competitive results,
with AdaKV particularly excelling in ICL tasks.
However, ASP maintains stronger and balanced
performance across diverse scenario categories, in-
dicating robust adaptability.

C.2 Evaluation on InfiniteBench

Table 7 presents a comprehensive evaluation on
InfiniteBench, a challenging benchmark designed

Table 6: The performance of different chunk size on
MSC.

to assess long-context performance with inputs of
up to 200K tokens. Our proposed method, ASP,
achieves the highest average score of 28.95%. This
result not only surpasses all other compression
baselines but, remarkably, also exceeds the average
performance of the uncompressed, fine-tuned base-
line, Qwen-2.5-7B-FT (28.15%). Compared to the
strongest compression baseline, AdaKV (26.31%),
ASP shows a clear advantage. Specifically, ASP’s
superiority is evident as it achieves SOTA per-
formance among all evaluated methods on sev-
eral demanding tasks, including En.MC (65.20%),
Code.D (26.40%), and R.Num (37.46%).

Furthermore, when compared to explicit com-
pression methods like LLMLingua and LongL.LM-
Lingua, ASP demonstrates a significant perfor-
mance leap (+14.3% and +11.97% in average score,
respectively), particularly in retrieval-intensive
tasks like En.QA and R.Num. These results col-
lectively demonstrate that by leveraging a dy-
namic budget allocation and a semantic-preserving
method, ASP effectively maintains information in-
tegrity.
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InfiniteBench

Methods En.Sum En.QA EnMC EnDia Code.D MathF R.Num AVG
Qwen-2.5-7B

Qwen-2.5-7B-FT 14.71 27.75 61.14 6.50 23.86 36.00 27.12  28.15
Qwen-2.5-7B-Compressed ~ 10.53 20.41 56.33 6.00 18.43 16.86 6.78 19.33
LLMLingua 5.31 10.30  48.31 2.03 12.16 5.83 18.61  14.65
LLMLingua-2 6.50 12.12 4521 1.60 15.32 3.29 19.21 14.75
LongLLMLingua 6.26 12.53 51.20 3.12 18.92 7.21 19.60 16.98
Activation Beacon 10.22 20.75 64.10 5.50 24.62 10.86 1542 21.64
AdaKV 13.39 27.65 61.57 6.50 25.13 32.65 17.28  26.31
DAST 8.16 23.21 63.52 4.13 20.36 8.71 20.63 21.25
ASP (Ours) 14.19 25.25  65.20 5.00 26.40 29.14 3746 28.95

Table 7: Evaluation on InfiniteBench (Zhang et al., 2024). Bold indicates the best performance, and underline
indicates the second-best performance among compression methods for each task.

D Impact of Chunk Size

As shown in Table 6, we conduct experiments to
investigate the impact of varying chunk sizes on
Llama3-8B’s summarization performance. Under
2x to 16 x context scaling constraints with Llama3-
8B as the backbone, we observe that the model
maintains competitive ROUGE-L scores across
all tested chunk size configurations on the MSC
benchmark. The low standard deviations demon-
strate minimal performance variance across differ-
ent chunk granularities, highlighting the robustness
and reliability of chunked processing with Llama3-
8B in practical long-form conversation summariza-
tion deployment scenarios.

E Analysis of Dynamic Budget Allocation

To characterize the compression budget allocation
mechanism of ASP and uncover its underlying dis-
tribution patterns, we construct controlled synthetic
test cases based on the NaturalQuestions dataset.
Each test case consists of a set of input documents,
among which exactly one ground-truth document
contains the complete answer corresponding to the
given instruction. The core design of ASP is to dy-
namically allocate compression budgets based on
the semantic relevance between each sentence and
the input instruction, meaning budget assignment
is entirely determined by the semantic content of
sentences relative to the task objective, rather than
a pre-defined fixed scheme.

In our experimental setup, we fix the ground-
truth answer document at the 5th position in the
input sequence to eliminate positional bias as a
confounding variable in budget allocation. We

set a fixed per-document compression budget of
128 tokens for the uniform allocation baseline, and
align the total global compression budget across
all compared methods to ensure fair comparison.
For answer sentence localization, we adopt an ex-
act ground-truth span matching strategy to iden-
tify core answer-bearing sentences. Considering
that accurate answer comprehension often relies
on adjacent contextual sentences that provide com-
plementary semantic information, we also include
these relevant contextual sentences into the target
answer span for evaluation. We then conduct a
head-to-head comparison between our ASP and the
uniform budget allocation strategy (Activation Bea-
con), focusing on two core dimensions: the amount
of compression budget allocated to the ground-
truth answer document and answer-bearing sen-
tences, and the corresponding end-to-end retrieval
performance measured by Recall score. Quantita-
tive results are summarized in Table 8.

Methods Doc. Sen. Recall Score
Activation Beacon 128 13 39.10
ASP (Ours) 258 35 48.19

Table 8: Average compression budget allocated to the
ground-truth answer document (Doc.) and core answer-
bearing sentences (Sen.), along with the final Recall
score, with the answer document fixed at the Sth position
in the input sequence.

Experimental results demonstrate that our
method improves performance by allocating more
compression budget to answer-bearing documents
and sentences (and less to irrelevant ones).
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Memory | Compression | Inference
Method

Usage Latency Latency
Original Prompt | 23.212.5 | - 8.7
LLMLingua 30,415.0 5.1 2.3
LLMLingua-2 36,231.2 6.1 2.3
LongLLMLingua | 31,521.1 5.2 24
Activation Beacon | 22,4229 2.6 1.8
AdaKV 26,315.1 5.6 1.8
DAST 23,215.2 5.8 1.8
ASP | 26330 38 | 18

Table 9: The comparison of Latency (s) and Memory
Usage (MB) of 4x constraint on NQ.

F Efficiency and Resource Analysis

Beyond model accuracy, the practical utility of a
long context compression method hinges on its
computational efficiency. We therefore analyzed
ASP’s performance in terms of GPU memory usage
and inference latency. The results, benchmarked
against other methods, are presented in Table 9.
Compared with the implicit compression method,
ASP avoids significant memory overhead while
maintaining consistent efficiency. It is worth noting
that since explicit compression methods rely on
external models for calculation and compression,
they result in greater memory usage and higher
latency.

G Performance on Short-Context

Table 10 presents results on three widely adopted
short-context benchmarks: MMLU (Hendrycks
et al., 2021), ARC-Challenge (ARC-C) (Bhaktha-
vatsalam et al., 2021), and GSM8K (Cobbe et al.,
2021), using Qwen-2.5-7B as the backbone. ASP
consistently outperforms DAST across all three
tasks, achieving an average score of 66.0 compared
to 64.7 for DAST. ASP recovers 97.3% of the fine-
tuned backbone’s average performance, demon-
strating that ASP preserves general reasoning abil-
ity even when the input length is limited and the
compression ratio is inherently higher.

H Multilingual Generalization Ability

Table 11 reports results on three Chinese NLP
tasks—single-document QA (SingleDoc), multi-
document QA (MultiDoc), and summarization
(Summ.)—using Llama-3-8B as the backbone.
ASP outperforms DAST on all three tasks, and

Method MMLU ARC-C GSMSK

Qwen-2.5-7B-FT  67.1 60.5 75.8
DAST 65.1 58.2 70.8
ASP (Ours) 66.3 59.1 72.5

Table 10: Performance on short-context benchmarks
with Qwen-2.5-7B backbone. The best compression
result in each column is bolded.

notably surpasses the fine-tuned backbone on both
SingleDoc QA (46.9 vs. 45.8) and MultiDoc QA
(23.3 vs. 22.3). On summarization, ASP achieves
15.0, slightly below the backbone’s 16.1 but sub-
stantially ahead of DAST’s 12.9. Overall, ASP
attains the highest average score (28.4), exceed-
ing both the fine-tuned backbone (28.1) and DAST
(26.2).

CN CN CN
Method SingleDoc MultiDoc Summ.
Llama-3-8B-FT 45.8 22.3 16.1
DAST 45.0 20.6 12.9
ASP (Ours) 46.9 233 15.0

Table 11: Performance on Chinese benchmarks with
Llama-3-8B backbone. The best compression result in
each column is bolded.

I FLOPs Calculation

Let s denote the number of tokens in the current
block, and let scache be the cached token count from
previous blocks. The quantity h, indicates the num-
ber of query heads, whereas hj is the number of
key/value heads. We denote the hidden representa-
tion size by D, the dimensionality of each head by
d, the intermediate (feed-forward) expansion size
by I, and V for the vocabulary cardinality. We can
compute the FLOPs calculation as follows:

Fayy = Foiy + Fox + Fsoftmax + Fav + Fout,
Fow=2sDdhg+4sDdhy,
Fyx =2hg 5 (5 + Scache) d,
Froftmax = hq (s + Scache)”
Fav =2hg s (s + Scache) d,

Fout =2sdhy D
(15)
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FOth:Fup+Fgate+Fdown+ﬂm7

Fop=4sDI,
Fyate = 51, (16)
Faown =2sD 1,

Fn=2sDV

J Additional Parameters

To rigorously quantify the parameter overhead in-
troduced by our ASP method, we present a detailed
calculation of additional trainable parameters, tak-
ing the Qwen-2.5-7B architecture as the testbed.
This architecture adopts Grouped-Query Attention
(GQA); to ensure compressed tokens and raw text
tokens are processed independently without mu-
tual interference, ASP introduces a set of dedicated
projection matrices (W, W/, W) exclusively for
compressed tokens. The core architectural speci-
fications of Qwen-2.5-7B are summarized in Ta-
ble 13 for reference.

Based on these specifications, we first derive the
per-head dimension of the attention module, the
core basis for subsequent parameter calculation.
For the GQA mechanism, the per-head dimension
is calculated as:

doder 3584

=128
Nhead 28

dhead = (17

Projection Matrices (Per Transformer Layer)
For each transformer layer, the dedicated query
projection matrix for compressed tokens retains the
full hidden dimension consistent with the original
model design, while the key and value projection
matrices follow the reduced KV head count defined
by the GQA architecture. The parameter volume

of each projection matrix is calculated as follows:

Wé = dmodel X dmodel
= 3584 x 3584
= 12,845,056
(18)
W, =W/
- dmodel X Ny _head X dhead
= 3584 x 4 x 128
= 1,835,008
Bias Terms (Per Transformer Layer) The bias

terms match the output dimensions of the corre-
sponding projection matrices. The total number of

additional bias parameters per layer is calculated
as:

Bias' = dpodet + (Mkv_head X Ahead X 2)
= 3584 4+ 512 x 2
— 4,608

(19)

Total Additional Parameters We first aggregate
the additional parameters of a single transformer
layer, including the projection matrices and corre-
sponding bias terms:

Paramsjyyer = W, + Wy, + W, + Bias'
= 12,845,056 + 1,835, 008
+ 1,835,008 + 4, 608
= 16,519,680
~ 16.52 M

(20)

Given that Qwen-2.5-7B consists of 28 trans-
former layers, we further calculate the total addi-
tional parameters introduced by ASP across the full
model:

Total Additional Parameters = njayer X Paramsjayer
= 28 x 16,519, 680
= 462,551,040
~ 462.56 M
21
Impact on Model Inference Notably, the addi-
tional parameters introduced by ASP do not impair
the model’s inference performance on raw text in-
puts, including both generation quality and infer-
ence efficiency. The core reason is that the original
projection matrices (W,, Wy, W,,) and the newly
introduced dedicated matrices (W, Wy, W) are
completely decoupled in the inference pipeline: the
original weight matrices are exclusively used for
processing raw text tokens, while the additional
matrices are only activated when processing com-
pressed tokens. For standard text-only inference
tasks, the additional parameters are not involved
in forward computation at all, thus introducing no
extra computational overhead.

K Diverse model architectures and scales

The main experiments evaluate ASP on two
instruction-tuned models of comparable scale and
release date (Llama-3-8B-Instruct, Qwen-2.5-7B-
Instruct). To test whether the gains transfer beyond
this setting, we re-run the LongBench protocol with
two additional backbones: Llama-2-7B-Chat, an
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LongBench

Methods Single. Multi. Summ. Few. Code AVG | Single. Multi. Summ. Few. Code AVG
Llama-2-7B Qwen-2.5-14B
LLMLingua 20.01 1739 18.88 4381 29.82 25.71 | 2632 3635 21.69 58.71 43.63 36.89
LLMLingua-2 19.12 1842 1932 4521 2531 2549 | 23.19 3720 2231 59.02 4532 36.84
LongLLMLingua  23.52 2142 20.56 4691 2624 27.84 | 31.53 38.61 2332 6021 4531 39.40
Activation Beacon  25.32  26.50 20.50 4432 2926 29.17 | 41.35 4093 25.14 61.78 3998 41.97
AdaKV 27.02  25.12  19.13 3321 28.13 2641 | 42.15 3821 2021 6321 4223 41.13
DAST 2321 2522 1851 4621 2721 28.13 | 40.23 38.71 22.01 6521 4632 4222
ASP(Ours) 29.30 2991 21.27 60.24 31.52 34.66 ‘ 4328 41.76 2530 71.30 51.23 46.23
Table 12: Evaluation on LongBench in different models and different scale.

Layer (nlayer) Hidden Size (dmodel)

Attention Heads (1pead)

KV Heads (ny_nead)

Attention Style

28

3,584

28

4

GQA

Table 13: Specifications of the Qwen2.5-7B Architecture

earlier-generation model with a different tokenizer
and chat template, and Qwen-2.5-14B-Instruct,
which doubles the parameter count of the main
Qwen backbone. Each of the six compression base-
lines is re-trained on the same data and schedule as
ASP. Results are reported in Table 12.

ASP is the strongest compression method at
both scales. On Llama-2-7B-Chat, ASP exceeds
the next-best baseline (Activation Beacon, 29.17)
by 5.49 points on average, with per-task margins
ranging from 0.77 on Summarization to 13.33 on
FewShot. On Qwen-2.5-14B-Instruct, ASP ex-
ceeds the next-best baseline (DAST, 42.22) by 4.01
points on average, with per-task margins ranging
from 0.16 on Summarization to 6.09 on FewShot.
No baseline wins any of the 10 task—backbone com-
binations evaluated here.

The advantage does not shrink with model size.
On Qwen-2.5-14B-Instruct, the margin over the
strongest competing method (+4.01) is in fact larger
than that on the 7B backbone (+2.87, Table 1),
showing that adaptive sentence-level budget alloca-
tion continues to contribute as the backbone scales

up.
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