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Abstract

Large Language Models (LLMs) have achieved
remarkable performance across a wide range
of Natural Language Processing (NLP) tasks.
However, in long-context scenarios, they face
two challenges: high computational cost and
information redundancy. To address these
challenges, we propose GMSA, an encoder—
decoder context compression framework that
generates a compact sequence of soft tokens for
downstream tasks. GMSA introduces Group
Merging to achieve more uniform aggrega-
tion, mitigating semantic dominance during
autoencoder pretraining, and Layer Seman-
tic Alignment (LSA) to bridge the semantic
gap between high-level abstract semantics and
low-level input semantics. We first pretrain
GMSA as an autoencoder and then fine-tune
it for downstream tasks. Experiments demon-
strate that GMSA improves context reconstruc-
tion compared to existing soft prompt compres-
sion paradigm and outperforms baselines on
multiple long-context question answering and
summarization benchmarks across two back-
bone models, while maintaining low end-to-
end latency.

1 Introduction

Thanks to powerful reasoning and generalization
capabilities, Large Language Models (LLMs) have
achieved remarkable performance across various
Natural Language Processing (NLP) tasks (Qwen
et al., 2025; Team et al., 2025; Liu et al., 2025;
Zeng et al., 2025; Zhao et al., 2025a). However,
directly applying LLMs to long-context scenar-
ios presents two challenges: (1) Computational
inefficiency. When processing long prompts, the
quadratic complexity of the Transformer’s attention
mechanism (Vaswani et al., 2017) results in com-
putational inefficiency. (2) Redundant information.
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Much redundant information in long-context sce-
narios can degrade model performance (Shi et al.,
2023; Tang et al., 2025).

Prompt compression methods address these two
challenges by significantly reducing input length
and redundant information. It can be categorized
into hard prompt compression (Li et al., 2023;
Jiang et al., 2023; Pan et al., 2024; Jiang et al.,
2024; Tang et al., 2025; Zhou et al., 2025; Cao
et al., 2025; Chen et al., 2025; Zhao et al., 2025b)
and soft prompt compression (Mu et al., 2023;
Ge et al., 2024; Li et al., 2025; Liao et al., 2025;
Dai et al., 2025; Rau et al., 2025; Zhang et al.,
2025; Deng et al., 2025). Hard prompt compres-
sion methods achieve compression by deleting cer-
tain tokens from the original context or generat-
ing a summary. However, such explicit compres-
sion inevitably compromises semantic integrity. In
contrast, by leveraging the inherent redundancy in
semantic vectors (Ethayarajh, 2019; Aghajanyan
et al., 2021), soft prompt compression learns a set
of soft tokens that is much shorter than the original
context while preserving more complete semantic
information.

However, existing soft prompt compression
methods have two limitations: (1) Semantic dom-
inance in autoencoder pretraining process. LLM
tends to aggregate information on a few anchor to-
kens (Zhang et al., 2023; Xiao et al., 2023; Huang
et al., 2024; Qiu et al., 2025). As shown in Figure 1,
in existing soft prompt compression paradigm, the
appending randomly initialized tokens (“<CT1>"
and “<C72>”) learn summary vectors layer by
layer. The semantics of anchor token (“The’) is
emphasized layer by layer, resulting in the seman-
tics of the summary vectors being dominated by it
while the semantics of other tokens (“context”, “is”,
and “lengthy”) are diluted. This limits the retention
of complete semantics in autoencoder pretraining,
which is a common approach in soft prompt com-
pression (Ge et al., 2024; Cheng et al., 2024; Li
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Figure 1: Existing Soft Prompt Compression Paradigm vs. Compression by GMSA. (a) visualizes the attention
matrix when processing “The context is lengthy <CT1> <CT2>”, where <CT1> and <CT2> are randomly initialized
tokens. (b) represents existing soft prompt compression methods. It first learns summary vectors layer by layer,
and then either directly use the summary vectors as soft tokens (marked as “None” in (b)) or obtain soft tokens via
a MultiLayer Perceptron (MLP), where Ng,. denotes the number of encoder layers. (c) denotes the compression
paradigm of GMSA, which first learns summary vectors through group merging and completes semantic alignment

via the Layer Semantic Alignment (LSA) module.

et al., 2025; Liao et al., 2025; Dai et al., 2025; Rau
et al., 2025). (2) Ignoring the large semantic gap
between different layers of the LLMs (Liu et al.,
2024b; Jin et al., 2025), which cannot be directly
bridged by the MLP layer (as demonstrated by the
w/o LSA results in Tab. 3 and Fig. 7). The sum-
mary vectors, which represent high-level abstract
semantics, are directly treated as ordinary tokens
(i.e., as low-level semantics) and directly fed into
the decoder during training and testing, resulting
in a large semantic gap. Therefore, two research
questions naturally arise: (1) How can we mitigate
semantic dominance in soft prompt compression
pretraining process? (2) How can we bridge the
large semantic gap between different layers?

To this end, we propose GMSA, a context com-
pression framework based on the encoder-decoder
architecture that addresses these limitations via
Group Merging and Layer Semantic Alignment
(LSA). Specifically, group merging partitions the
input tokens into equal-sized groups and com-
presses each group via average pooling. This uni-
form aggregation mitigates the dominance of an-
chor tokens, therefore helping to preserve complete
semantics during pretraining. Furthermore, we
introduce a Layer Semantic Alignment (LSA) mod-

ule to bridge the semantic gap between high-level
abstract summary vectors and low-level input se-
mantics. LSA is implemented as a small stack of
Transformer blocks, initialized with the weights of
the lower decoder layers (Figure 2), thereby inherit-
ing the representation space of low-level semantics.
By feeding the summary vectors through LSA, we
project them from a high-level semantic space into
the lower-level space, which alleviates cross-layer
semantic gap. We first pretrain GMSA as an au-
toencoder to encourage the generated soft tokens
to retain complete semantics, and then fine-tune it
on downstream tasks.

Our contributions are threefold: (1) We identify
and analyze two limitations in existing soft prompt
compression paradigm: (i) semantic dominance in
soft prompt compression pretraining process, and
(i1) a semantic gap arising from the direct use of
high-level summary vectors as decoder inputs. (2)
We propose GMSA, a context compression frame-
work that introduces (i) Group Merging to miti-
gate semantic dominance in soft compression pre-
training process, and (ii) a Layer Semantic Align-
ment (LSA) module bridges semantic gap. (3) We
conduct extensive experiments on context recon-
struction, diverse benchmarks, demonstrating that
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GMSA achieves high semantic fidelity and superior
downstream performance compared to baselines,
while incurring low end-to-end latency.

2 Problem Formulation

Given a retrieval-augmented prompt X =
(Xins XX X9k X9), where X,
{X%}E  and X9 represent the instruction, con-
text, and input question respectively. The prompt
has a total token length L. The key aspect of the
context compression system lies in generating a
compressed prompt X with length L, where the
compression rate is defined as 7 = % Let y denote
the ground truth answer given the original input
X, and ¥ denote the answer generated by the large
language model (LLM) when input with the com-
pressed prompt . We aim for the distributions of
y and y to be similar under high compression rates
7. This can be formulated as:

min KL (P (37|)~() Py X)) G))

3 Related Work

Hard Prompt Compression. Hard prompt com-
pression refers to the removal of some less impor-
tant tokens from the original prompt or the gener-
ation of summaries to achieve compression. The
compressed prompt is explicit text. It can mainly
be divided into the following four categories: (1)
Perplexity-based methods. Selective-Context (Li
et al., 2023) removes certain lexical units based
on perplexity, while methods such as LLMLin-
gua (Jiang et al., 2023), LonglLLMLingua (Jiang
et al., 2024), and Perception Compressor (Tang
et al., 2025) adopt a coarse-to-fine framework to
gradually eliminate less important parts. (2) Bidi-
rectional semantic-based methods. Considering
the unidirectional nature of perplexity, some ap-
proaches employ bidirectional semantic informa-
tion for compression, such as LLMLingua-2 (Pan
et al., 2024), Provence (Chirkova et al., 2025),
and EFPC (Cao et al., 2025). (3) Methods based
on intrinsic attention mechanisms. Compression
is achieved through the intrinsic attention mecha-
nisms of LLMs, such as PIS (Chen et al., 2025)
and AttnComp (Zhao et al., 2025b). (4) Summary
generation. This involves generating linguistic sum-
maries that contain useful information for long text
content, such as CompACT (Yoon et al., 2024), RE-
COMP (Xu et al., 2024) and EXIT (Hwang et al.,

2025). Although these methods improve the compu-
tational efficiency of inference through prompt com-
pression, they compromise the semantic integrity
of the original prompt.

Soft Prompt Compression. Soft prompt com-
pression has become a research hotspot in the field
of Natural Language Processing (NLP). The goal
of soft prompt compression is to learn a set of soft
tokens (with a sequence length much shorter than
the original text) to achieve compression, where
the compressed soft prompts cannot be explic-
itly converted into text. Among existing methods,
xRAG (Cheng et al., 2024) focuses on process-
ing short texts and extreme compression. More
mainstream methods, such as GIST (Mu et al.,
2023), AutoCompressor (Chevalier et al., 2023),
500xCompressor (Li et al., 2024), ICAE (Ge et al.,
2024) and VoCo-LLaMA (Ye et al., 2024), learn
soft tokens in an autoregressive manner by append-
ing randomly initialized additional tokens. This
leads to the semantics of anchor tokens in the in-
put sequence being increasingly emphasized layer
by layer, while the semantics of other tokens are
diluted and cannot be fully preserved in the sum-
mary vectors. Moreover, these methods only use
Multilayer Perceptrons (MLPs) for coarse-grained
semantic alignment when semantic alignment is
required, ignoring the significant differences in rep-
resentations across different layers of large mod-
els. Our proposed method mitigates semantic dom-
inance during autoencoder pretraining via group
merging, which uniformly aggregates within each
equal-sized group. Moreover, it bridges the se-
mantic gap across LLM layers through a Layer
Semantic Alignment (LSA) module that inherits the
representation space of low-level semantics.

4 GMSA

In this section, we elaborate on the architec-
ture of our proposed context compression frame-
work, GMSA, which includes two key compo-
nents: group merging and layer semantic alignment
(LSA). GMSA undergoes a two-stage training pro-
cess: autoencoder pretraining and fine-tuning (see
Figure 2). First, GMSA ensures that the generated
soft tokens contain the complete semantic represen-
tation of the original text through the autoencoder
pretraining process. Then, it applies the knowledge
contained in the soft tokens to downstream tasks
via fine-tuning.
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Figure 2: The Training process of GMSA. GMSA consists of an encoder and a decoder and is trained in two
stages: (a) autoencoding pretraining, followed by (b) task-specific fine-tuning. During autoencoding training,
only the encoder and the Layer Semantic Alignment (LSA) module are trained to reconstruct the original context,
enabling GMSA to produce semantically complete compressed representations. During fine-tuning, only the
decoder is trained, and GMSA is optimized end-to-end on question answering format to enhance its ability to extract
knowledge from the compressed representations and improve downstream performance. Notably, a single LSA
layer is sufficient to preserve semantics effectively (see Appendix A), s0 kpsa << Npec.

4.1 Group Merging

Extraction of Semantic Features. We extract
the semantic features of the original text through a
language model (e.g., Qwen3-4B) as the encoder.
The encoder is trained using LoRA.

H = Encoder(X), 2)
where X is the original text and H is the obtained
last hidden state.

Merging. We divide the obtained H into several
groups according to the size of the compression
limit, as the group length L (e.g., when the com-
pression rate is 4, the group length is also 4). To
this end, original text representations are organized
as follows:

1 Nl 3)
= [HI:Lca s 7HNd—LG+1:Nd] .
We take the average of each dimension of each

group token to obtain the initial compressed repre-
sentation.

[Hg,,... Ha,]

1 1
|:LGZHG17”"LGZHGN} :

where H is the obtained initial compressed repre-
sentation.

H
“4)

4.2 Layer Semantic Alignment

The Layer Semantic Alignment (LSA) module is
used to complete the alignment from the soft tokens
generated by the encoder (high-level semantics) to
the primary semantics of the decoder. Given the
significant differences in semantic representation
between different layers of large language models
(LLMs), the LSA is trained via full fine-tuning in
autoencoding training stage.

m = ‘FkLSA (H)v &)
where H is the final compressed representation,
Flyss denotes Transformer blocks initialized with
the weights from the first £ layers of the decoder,
and m denotes the generated soft tokens. Just one
layer of LSA is sufficient to achieve excellent se-
mantic preservation (for space limitations, please
refer to Appendix A), so in this work, we can just
set krsa = 1.

4.3 Autoencoder Pretraining

The Autoencoder Pretraining process, which aims
to encode the complete information of the original
text into memory embeddings, is achieved through
autoencoder-based training. We hope to minimize
the loss of the reconstructed text, which can be
expressed as:

Lap=—» logpy (z: | M, X™ z5), (6)
i=1
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where py(+) is the decoder probability distribution
obtained after the softmax function, and z; is the
t-th token in the original text.

4.4 Fine-tuning

After completing autoencoder pretraining, we need
to teach the decoder how to utilize the soft tokens.
We achieve this by performing full fine-tuning of
the decoder, which can be expressed as:

n
Lep ==Y _logpy (ai | M, q1, ... qn, a<i)

i=1

(7

where py(+) is the decoder probability distribution

obtained after the softmax function, and a; denotes
the i-th token in the predicted answer.

5 Experiments

In this section, we attempt to answer the follow-
ing research questions (RQs): (1) How effective
is GMSA in context reconstruction (RQ1)? (2)
How does GMSA utilize knowledge compared with
other baselines (RQ2)? (3) How effective are the
individual components of GMSA (RQ3)?

5.1 Settings

Training. GMSA involves a two-stage training
process: autoencoder pretraining and fine-tuning.
We use datasets: PwC (Ge et al., 2024), Natu-
ralQuestions (Liu et al., 2024a), 2WikiMQA (Ho
et al., 2020), HotpotQA (Yang et al., 2018), Narra-
tiveQA (Kocisky et al., 2018), MultiNews (Fabbri
et al., 2019) (see more details on Appendix E).
Among them, we use PwC to evaluate the perfor-
mance of context reconstruction, while the other
datasets are employed to measure downstream
knowledge application. During training, we ran-
domly sample compression rates (i.e., 4x compres-
sion and 8x compression) for each training sample.
We set the batch size to 32 and trained all models
for one epoch. The learning rate is set to 1 x 104
during the autoencoder pretraining stage and to
1 x 1075 during the fine-tuning stage. We train
GMSA under two distinct experimental configura-
tions: (1) We perform autoencoder pretraining on
the PwC dataset to get GMSA-AE. (2) We develop
the general-purpose GMSA for all remaining tasks.
This is achieved through total training process: au-
toencoder pretraining followed by fine-tuning on a
balanced hybrid dataset. This dataset is constructed
by sampling 20,000 instances from each of the fol-

lowing sources: NaturalQuestions, 2WikiMQA,
HotpotQA, NarrativeQA, and MultiNews.

Implementation. GMSA is implemented based
on LLaMA-3.2-3B (Instruct) and Qwen3-4B (In-
struct). Due to the GPU memory constraints of
our computational resources, the maximum input
length is set to 12K tokens for autoencoding train-
ing and 32K tokens for fine-tuning. To ensure
fair comparison, all baseline results are obtained
from our re-implementations based on official open-
source code. All experiments are conducted on 8
NVIDIA H20 GPUs.

Evaluation Metrics. For the context reconstruc-
tion task on the PwC dataset, we use BLEU (Pa-
pineni et al., 2002), Prefix Exact Match, BERT
Score (Zhang* et al., 2020), and ROUGE (Lin,
2004) for evaluation. For the QA tasks on Natural
Questions, TriviaQA, and 2WikiMQA, we use Ex-
act Match (EM) (Lewis et al., 2020) and F1 (Yang
et al., 2018) score for evaluation. For Summary
task on MultiNews, we use F1 score too.

Baselines. For the task of context reconstruction,
we train a InContext AutoEncoder (i.e., ICAE-
AE) as a baseline only using autoencoder pretrain-
ing (Ge et al., 2024) and the same training hyperpa-
rameters as GMSA. In terms of downstream knowl-
edge application, we conduct comprehensive com-
parisons with various methods, including: Hard
prompt compression (e.g., LongLLMLingua (Jiang
et al., 2024), LLMLingua-2-large (Pan et al., 2024),
Provence (Chirkova et al., 2025), EXIT (Hwang
et al., 2025)), and soft prompt compression (e.g.,
ICAE (Ge et al., 2024), Activation Beacon (Zhang
et al., 2024)). Additionally, we compare against
the original input prompt and zero-shot prompting
to establish upper and lower bounds on original
model performance.

5.2 Main Result

We analyze the performance of GMSA along two
core dimensions: context reconstruction capability
and downstream task effectiveness under compres-
sion.

RQ1: Performance on context reconstruction
Task. As shown in Figure 3, GMSA-AE consis-
tently outperforms ICAE-AE across all evaluation
metrics on the context reconstruction task using
the PwC dataset. Specifically, under both 4x and
8x compression ratios, GMSA-AE achieves sig-
nificantly higher scores in token-matching metrics
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Figure 3: GMSA-AE vs. ICAE-AE on the context reconstruction task (PwC dataset). Sequence Length represents
different context reconstruction lengths (i.e., 128, 256, 512).

such as BLEU, Prefix Exact Match, and ROUGE-
1/2/L. For instance, at sequence length 512, GMSA-
AFE’s BLEU score exceeds that of ICAE-AE by
approximately 20-30%, demonstrating its superior
ability to precisely recover individual tokens. Fur-
thermore, GMSA-AE also maintains a consistent
5% advantage in BERT Score F1, which measures
semantic similarity, indicating that it better pre-
serves overall contextual semantics during com-
pression. This confirms GMSA’s effectiveness in
encoding and reconstructing semantic information
even under various compression.

RQ2: Effectiveness on Downstream QA and
Summarization Tasks under Compression. Ta-
ble 1 presents results on multiple long-context
QA and summarization benchmarks. GMSA supe-
rior performance under both 4x and 8x compres-
sion constraints across diverse models (LLaMA-
3.2-3B-Instruct and Qwen3-4B-Instruct). Notably,
despite employing a query-independent compres-
sion mechanism, GMSA consistently surpasses
query-dependent methods like LongLLMLingua,
Provence and EXIT. This highlights GMSA’s abil-
ity to extract knowledge without relying on query-
specific signals. Moreover, GMSA demonstrates
more robust and stable gains across varying com-
pression constraint and model scales, further val-

idating the generalizability and effectiveness of
GMSA. As shown in Table 2, we additionally fine-
tune the original prompt and a task-related strong
baseline, Provence, and find that even when GMSA
performs naturally below the Original Prompt (FT),
it still significantly outperforms Provence (FT).

5.3 Efficiency Analysis

In this section, we discuss the efficiency of our
proposed method. By using soft tokens instead
of the long original context to enhance the infer-
ence process, our method reduces the inference
cost of the original context during the generation
process by a factor of 7. The overall floating-point
operations (FLOPs) are calculated through two pro-
cesses: compression and generation.
The compression process can be expressed as:

FLOPsO™ — FEHCOder(L) + FLSA <’VL-‘> .

T

were L denotes the original context length; L,
refers to the question length, and F™*(-) represents
the FLOPs complexity measure for module *. The
symbol * indicates the architectural components,
where * € {Decoder, Encoder, LSA}. For the
generation process, assuming the answer length
is L, the generation process requires L, forward
passes. The FLOPs for the ¢-th forward pass are
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Table 1: Main results on benchmarks. We bold the optimal results. Closed-book indicates using only the input
question as the input, while Original Prompt indicates using original context as the input.

Methods \ NaturalQA 2WikiMQA HotpotQA NarrativeQA  MultiNews \ AVG
\ EM F1 EM F1 EM F1 EM F1 F1 \ EM F1
LLaMA-3.2-3B-Instruct
Closed-book 7.38 14.01 2.25 15.37 491 14.68 0.00 8.34 - 3.64 13.10
Original Prompt 37.55 48.00 1629 3234 3494 5135 1278 29.27 25.25 2539 37.24
4x Compression Constraint
ICAE 2512 2736 2520 2877 17.18 2490 2.07 11.18 18.89 17.39 22.22
LLMLingua-2-large | 25.76  36.55 15.09 20.00 26.79 38.22 9.02 17.90 28.40 19.17  28.21
Activation Beacon 34.05 46.53 3331 4092 3781 51.30 1035 19.09 27.98 28.88  37.16
Provence 3235 4228 30.12 3746 38,58 51.24 1041 18.64 28.79 27.87 35.68
EXIT 4440 5488 2726 3386 43,59 57.04 8.27 18.94 33.12 30.88  39.57
LongLLMLingua 4497 5501 21.38 27.11 31.08 44.08 3.76 13.55 25.99 2530 33.15
GMSA \ 56.87 5549 46.75 5354 4426 57.85 9.40 19.19 35.36 \ 39.32 44.29
8x Compression Constraint
ICAE 2546 27.83 25.61 2939 17.60 25.38 1.97 10.42 18.96 17.66  22.40
LLMLingua-2-large | 17.36  27.14 10.19 14.03 18.13 27.01 6.39 12.99 25.69 13.02  21.37
Activation Beacon 29.57 4259 3344 40.61 3474 47.52 6.19 16.68 25.48 2599 34.58
Provence 31.00 4099 27.63 3442 36.54 4833 6.97 16.53 24.54 25.54 3296
EXIT 44,67 5121 1978 25.10 37.67 5246 498 14.00 30.62 26.78  34.68
LongLLMLingua 3551 47.14 17.05 21.74 2577 3791 2.35 10.83 22.65 20.17  28.05
GMSA \ 53.18 52.59 45.16 5242 39.70 53.61 7.33 17.34 33.96 \ 36.34 41.98
Qwen3-4B-Instruct
Closed-book 1049 1744 1350 2336 1233  20.03 0.61 10.17 - 9.23 17.75
Original Prompt 3279 44.02 33.10 4348 4430 60.31 8.92 20.41 31.42 29.78  39.93
4x Compression Constraint
ICAE 18.64 20.64 2524 29.18 17.77 25.77 3.03 11.13 23.13 16.17  21.97
LLMLingua-2-large | 23.22 3525 25.58 31.15 2820 40.96 7.47 18.37 29.36 21.12  31.02
Provence 31.18 43.89 39.51 48.61 42.10 56.15 1135 2445 28.82 31.04 40.38
EXIT 40.00 5228 3697 4562 45.16 5747 4.99 15.61 32.03 31.78  40.60
LongLLMLingua 40.11 53.09 2692 3193 3028 43.36 3.29 11.88 24.27 25.15 3291
GMSA \ 60.38 58.09 55.75 63.07 5228 67.93 1297 24.12 36.26 \ 4535 49.89
8x Compression Constraint
ICAE 18.61 2141 2468 29.69 17.61 25.69 2.67 11.82 23.38 15.89  22.40
LLMLingua-2-large | 14.73  26.58 21.54 25.89 19.15 28.02 5.76 15.57 26.71 1530 24.55
Provence 31.12 4252 3757 4505 3732 4846 9.95 21.05 24.81 28.99 36.38
EXIT 4145 5338 29.63 35.01 3525 47.83 2.16 11.55 28.26 27.12  35.21
LongLLMLingua 3198 45.16 23.07 27.62 2400 3576 1.48 9.87 19.84 20.13  27.65
GMSA \ 50.02 5143 5030 57.83 4393 5948 10.24 21.18 33.94 \ 38.62 44.77
given by: 5.4 Ablation Study

FLOPs/ oo — fpDecoder ([LW ,Lq,i> .
T

Combining the costs of all components, the total
FLOPs complexity is:

Lo
FLOPs = » FLOPsP™ 4 FLOPs“"? .
=1

GMSA achieves the lowest end-to-end inference
latency against, which is approximately 5x faster
than original prompt input under 32x compression
rate on NaturalQuestions (see Figure 4 and Ap-
pendix G).

For RQ3, to investigate the impact of each com-
ponent in GMSA, we conduct the following four
ablation experiments (see Table 3): (1) Ours w/o
AE Training refers to directly perform fine-tuning
on GMSA without AutoEncoding (AE) training;
(2) Ours w/o Group Merging indicates that we re-
place group merging with appending learnable to-
kens when generating summary vectors; (3) Ours
w/o LSA means we do not use the Layer Seman-
tic Alignment (LSA) module, but instead directly
pass the summary vectors through an MultiLayer
Perceptron (MLP) to obtain the summary vectors;
(4) Ours w/ Rand. init. LSA denotes that the LSA
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Figure 4: Latency evaluation across methods. For context compression methods, end-to-end inference latency can
be decomposed into compression latency and inference latency. Activation Beacon does not explicitly decouple
these two phases and therefore reports only the end-to-end latency. Detailed numerical results are provided in

Appendix G.

Table 2: Experimental results are presented for four QA
benchmarks with Qwen3-4B-Instruct as the backbone,
focusing exclusively on Exact Match (EM). Here, “FT”
signifies the application of extra full fine-tuning to the
decoder atop the corresponding method.

Methods NaturalQA 2WikiMQA HotpotQA NarrativeQA

Origi. Prompt (FT) 72.43 61.78 60.88 17.01

4x Compression Constraint
Provence (FT) 43.69 46.56 42.12 14.38
GMSA 60.38 55.75 52.28 12.97

8x Compression Constraint
Provence (FT) 39.77 40.24 37.17 14.57
GMSA 50.02 50.30 43.93 10.24

Table 3: Ablation study on NaturalQuestions,

2WikiMQA under 4x compression constraint using
Qwen3-4B as backbone.

Methods | NaturalQA 2WikiMQA

| EM F1 EM F1
Default | 60.38 58.09 5575 63.07
w/o AE Training 48.81 51.65 37.51 42.01
w/o Group Merging | 21.88 2455 2833 32.02
w/o LSA 20.15 2230 27.74 31.21
w/ Rand. init. LSA | 19.47 2199 2875 3236

module is randomly initialized instead of inheriting
the pre-trained weights from the decoder.

In summary, removing any single component
leads to a significant performance drop, fully
demonstrating the necessity and effectiveness of
each component. Removing autoencoder pretrain-
ing makes it difficult for GMSA to generate sum-
mary vectors that capture complete semantics; re-
placing Group Merging with learnable appended
tokens increases the model’s learning difficulty;
discarding the Layer Semantic Alignment (LSA)
module results in misalignment between the high-

Performance
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Figure 5: Performance comparison and stress test of
GMSA and baselines across various compression rate
on the NaturalQuestions dataset, using LLaMA-3.2-3B
as the backbone.

level semantic information represented by the sum-
mary vectors and the low-level semantic space of
the decoder’s input; and randomly initializing LSA
fundamentally prevents it from inheriting the de-
coder’s initial input semantic space, thereby intro-
ducing a substantial semantic gap that is difficult to
bridge even through training. Further evidence is
provided in Appendix B: under all ablation settings,
loss convergence is significantly worse than that
of the Default setting, both during the autoencoder
pretraining phase and the fine-tuning phase.

5.5 Stress Test

As shown in Figure 5, we conduct stress tests
on GMSA and its baseline methods across mul-
tiple compression rates (2x, 4x, 8x, 16X, and 32x)
on the NaturalQuestions dataset. Experimental
results show that although certain methods (e.g.,
LongLLMLingua and Activation Beacon) suffer
significant performance degradation under high
compression, GMSA consistently maintains the
best performance across all compression ratios,
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with a smaller performance drop compared to most
baselines. Notably, while methods such as Prov-
idence and ICAE exhibit relatively stable perfor-
mance across different compression levels, their
overall accuracy remains substantially lower than
that of GMSA.

6 Conclusion

This paper introduces GMSA, a context compres-
sion framework based on an encoder-decoder struc-
ture. It effectively and efficiently learns summary
vectors and bridges the significant gap between
the semantics representation of different layers via
group merging, and a Layer Semantic Alignment
(LSA) module. GMSA first undergoes autoencoder
pretraining to ensure that the generated soft to-
kens contain complete semantics, and then adapts
to downstream tasks through fine-tuning. Experi-
ments demonstrate that GMSA has excellent con-
text reconstruction capabilities. It outperforms ex-
isting baselines by a large margin in downstream
tasks, paving the way for the efficient application
of LLMs.

Limitations

Although GMSA demonstrates strong performance
across diverse long-context benchmarks and com-
pression ratios, it has a limitation. Like most soft
prompt compression methods, GMSA currently re-
quires a two-stage training pipeline, consisting of
autoencoder pretraining followed by task-specific
fine-tuning, which incurs modest overhead com-
pared to training-free compression baselines. How-
ever, this design is difficult to avoid in task-agnostic
compression frameworks, and GMSA’s superior
downstream performance and inference efficiency
adequately compensate for this overhead.

Ethical Considerations and Societal Impact

This work presents GMSA, a context compression
framework for improving long-context efficiency
in large language models. The method is designed
to enhance computational efficiency and reduce re-
dundant information, and it does not introduce new
functionalities or deployment risks beyond those al-
ready present in existing context compression and
LLM systems. All datasets and backbone mod-
els used in this study are obtained from publicly
available sources under their respective licenses.
Therefore, we do not identify additional adverse

ethical or societal impacts introduced specifically
by this work.
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A Impact of Different Number of LSA
Layers

We conduct experiments to investigate the impact
of Layer Semantic Alignment (LSA) module with
varying numbers of layers on the retention of com-
plete semantics, and the results are shown in Fig-
ure 8. We can draw the following conclusions:
(1) Only one layer of LSA is sufficient to achieve
good retention of complete semantics (with a BERT
Score F1 close to 1, and it already performs the best
among different numbers of LSA layers); (2) When
the number of LSA layers becomes too high, e.g.,
using five layers of LSA, it may actually lead to a
decrease in the GMSA’s ability to retain semantics.
This is likely because as the LSA module becomes
deeper, it contains more high-layer semantics and
fewer low-layer semantics, thereby increasing the
difficulty of semantic alignment.

Table 4: Latency evaluation on NaturalQA using
LLaMA-3.2-3B as backbone. Each compression
method’s total latency can be divided into compression
latency and inference latency.

Methods \ Compression Constraint

| 4x 8x 16x 32x

Compression Latency (s)

ICAE 048 034 043 0.33
Provence 0.44 043 043 043
LongLLMLingua | 0.68 048 0.55 0.62
GMSA \ 031 028 0.26 0.26
Inference Latency (s)
ICAE 026 022 022 0.20
Provence 0.27 0.19 0.12 0.10
LongLLMLingua | 0.14 0.12 0.10 0.08
GMSA \ 0.12 0.09 0.06 0.06
End-to-End Latency (s)
ICAE 0.74 056 0.65 0.53
Activation Beacon | 0.74 0.72 0.64 0.76
Provence 254 243 055 0.53
LongLLMLingua | 0.82 0.60 0.65 0.70
GMSA \ 043 037 032 0.32
Original Prompt | 1.51

B Training Loss Comparison

Figure 7a shows the loss curves during the autoen-
coder pretraining phase under four settings: De-
fault, w/o Group Merging, w/ Rand Init. LSA, and
w/o LSA. The Default setting converges substan-
tially faster and achieves a lower final loss, whereas
the other three settings exhibit similar loss trajecto-

. B LLaMA-3.2-3B (4x)
B LLaMA-3.1-8B (4x)
BN (LaMA-3.2-3B (8x)
BN (LaMA-3.1-8B (8x)

Exact Match (EM) Score (%)

NaturalQA 2WikiMQA

HotpotQA NarrativeQA

Figure 6: The impact of different model size across
different datasets.

ries with significantly higher losses. This indicates
that, compared to the default configuration, each of
these ablated variants incurs considerable semantic
degradation.

During the fine-tuning phase (Figure 7b), the
training loss of the three configurations (i.e., w/o
Group Merging, w/ Rand init. LSA, and w/o LSA)
are significantly higher than that of the Default set-
ting, with similar loss trajectories. This suggests
that these configurations are less effective at extract-
ing knowledge from the compressed representation
compared to the default setup.

C The Impact of Different Model Size

Experimental results in Figure 6 demonstrate that
GMSA exhibits significant scaling capability.
Specifically, when the backbone model is upgraded
from the smaller LLaMA-3.2-3B-Instruct to the
larger LLaMA-3.1-8B-Instruct, the performance
of GMSA achieves steady and continuous im-
provements across all evaluated tasks. This trend
strongly suggests that GMSA can effectively lever-
age more powerful foundational representations;
its performance gains do not suffer from diminish-
ing marginal returns as the model parameter scale
increases, thereby demonstrating remarkable poten-
tial.

D The Max Pooling Variant

We add a max-pooling variant for Group Merging
(GM) for a direct comparison. The setting is kept
the same except for the within-group aggregation
operator: instead of Eq. (7) (avg. pooling) in the
main paper, we compute the compressed token by
taking the element-wise max over each group win-
dow.

We observe consistent and substantial drops in
both Prefix Exact Match (EM) and ROUGE-L
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(b) Loss comparison during the fine-tuning stage.

Figure 7: Loss comparison of two training stage. (a) and (b) show loss comparisons during autoencoder pretraining
and fine-tuning stages, respectively. Note: w/o Group Merging, w/ Rand init. LSA, and w/o LSA show nearly

identical loss curves in both stages.

Table 5: Comparison between avg. pooling and max-
pooling on PwC context reconstruction (4x compres-
sion constraint).

Methods | Prefix EM ROUGE-L
GM w/ avg. pooling 62.01 96.05
GM w/ max pooling 43.68 87.21

when replacing avg. pooling with max pooling
(Table 5), suggesting that max pooling is detri-
mental to complete information preservation in the
compressed representations. This result supports
our interpretation that max pooling over-amplifies
a small number of salient activations within each
fixed-size group, which in turn makes the result-
ing compressed token less faithful to the aggregate
semantics expressed by the entire group. Since
the autoencoder pretraining objective requires re-
constructing the original context from these com-

pressed soft tokens, such reduced semantic faithful-
ness directly degrades token-level reconstruction
quality. In contrast, GM (avg. pooling) is designed
to mitigate this failure mode: uniform aggregation
attenuates semantic dominance and promotes more
complete semantic retention within each group.

E Datasets Details

PwC dataset. In the PwC dataset (Ge et al.,
2024), each sample is a triplet (context, prompt,
answer), where the context is sampled from the
Pile and the prompt and answer are generated by
GPT-4. The training set contains 241,564 samples,
the test set contains 18,146 samples.

NaturalQuestions. NaturalQuestions (Liu et al.,
2024a), in which each question corresponds to 20
relevant documents, 19 of which are distractors
and only one contains the ground truth answer. The
training set contains 75,322 samples, the test set
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Figure 8: The impact of different number of layers of LSA on semantic retention in GMSA-AE. Sequence Length is

set to 512

contains 2,655 samples.

HotpotQA. HotpotQA (Yang et al., 2018) is a
two-hop reasoning dataset, where the answers are
scattered across two documents. Specifically, each
question corresponds to 10 relevant documents,
two of which are the ground truth documents. The
training set contains 89,609 samples, the test set
contains 7,345 samples.

2WikiMQA. Compared with  HotpotQA,
2WikiMQA (Ho et al., 2020) includes more
complex reasoning paths, and the combination of
structured and unstructured data, usually involving
two or more hops and having higher difficulty. The
training set contains 167,454 samples, the test set
contains 12,576 samples.

NarrativeQA. NarrativeQA (Kocisky et al.,
2018) is a reading comprehension dataset designed
to evaluate deeper narrative understanding, where
models must answer questions about stories by
reading entire books or movie scripts rather than
relying on shallow lexical matching. The dataset in-
cludes document-level metadata (e.g., story URLs
and approximate word counts), Wikipedia sum-
maries, and question-answer pairs. We use the test
set to evaluate the model’s performance, filtering
out test samples longer than 32K.

MultiNews. MultiNews (Fabbri et al., 2019) is
a multi-document summarization dataset, where
each sample consists of multiple news articles
paired with a human-written summary. The dataset

provides 44,972 training examples, 5,622 valida-
tion examples, and 5,622 test examples. We use
the test set to evaluate model performance.

F Autoencoder Pretraining Cost

We report the wall-clock time for autoencoder pre-
training on a 64 NVIDIA H100 GPUs. Specifically,
the pretraining costs are: (1) Qwen3-4B-Instruct
backbone: 2h 33m 39.47s; (2) LLaMA-3.2-3B-
Instruct backbone: 2h 04m 00.34s.

G Numerical Latency Evaluation Results

Table 4 presents the numerical results correspond-
ing to Figure 4. We can see that GMSA consistently
achieves the lowest compression latency, inference
latency, and end-to-end latency, and is significantly
faster than the original prompt, e.g., up to 8x faster
under an 8x compression constraint.

H Language Model Usage Statement

A large language model was used during
manuscript preparation solely for editorial support.
Its contributions were limited to language polishing
and clarity enhancement (e.g., rephrasing, tighten-
ing explanations, and improving the presentation
of formulas/derivations), and it did not generate
the underlying research content. All central con-
cepts, methodological decisions, experimental pro-
cedures, and empirical findings are the authors’
original work.
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