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Abstract
Large Language Models (LLMs) demonstrate
exceptional capability across diverse tasks.
However, their deployment in long-context sce-
narios is hindered by two challenges: computa-
tional inefficiency and redundant information.
We propose RAM (Read As HuMan), a context
compression framework that adopts an adap-
tive hybrid reading strategy, to address these
challenges. Inspired by human reading behav-
ior (i.e., close reading important content while
skimming less relevant content), RAM parti-
tions the context into segments and encodes
them with the input query in parallel. High-
relevance segments are fully retained (close
reading), while low-relevance ones are query-
guided compressed into compact summary vec-
tors (skimming). Both explicit textual segments
and implicit summary vectors are concatenated
and fed into decoder to achieve both superior
performance and natural language format in-
terpretability. To refine the decision boundary
between close reading and skimming, we fur-
ther introduce a contrastive learning objective
based on positive and negative query–segment
pairs. Experiments demonstrate that RAM out-
performs existing baselines on multiple ques-
tion answering and summarization benchmarks
across two backbones, while delivering up to a
12× end-to-end speedup on long inputs (aver-
age length 16K; maximum length 32K).

1 Introduction

The rise of Large Language Models (LLMs)
has profoundly reshaped the paradigm of Natu-
ral Language Processing (NLP), demonstrating
remarkable generalization across a wide range
of tasks (Yang et al., 2024; DeepSeek-AI et al.,
2025; Team et al., 2025; Lv et al., 2025; Zhao
et al., 2025b; Liu et al., 2025a; Zhan et al.,
2026a,b). However, with the widespread adop-
tion of prompt engineering techniques such as
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Figure 1: Comparison of RAM with other task-aware
context compression methods. Existing task-aware
methods either require loading the entire input sequence
at once for compression (Figure 1a) or rely on autore-
gressive compression (Figure 1b), both of which suf-
fer from computational inefficiency. In contrast, RAM
processes all segments and the query in parallel and
adaptively decides (based on relevance) which segments
to close reading and which to skim (Figure 1c).

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020; Zhan et al., 2025), input prompts are
increasingly long, even exceeding tens of thou-
sands of tokens. Deploying LLMs in such long-
context scenarios faces two challenges: (1) Com-
putational inefficiency. Mainstream models (e.g.,
Qwen, DeepSeek) rely on the Transformer archi-
tecture (Vaswani et al., 2017), whose self-attention
mechanism incurs quadratic time complexity with
respect to input sequence length. (2) Information
redundancy. Natural language is inherently redun-
dant (Shannon, 1948), and this redundancy is ex-
acerbated in long context, thereby degrading per-
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formance (Liu et al., 2024b; Jiang et al., 2024; Ge
et al., 2024; Tang et al., 2025a,b).

Context compression has emerged as a promis-
ing direction to address these challenges by sub-
stantially reducing sequence length while filtering
out irrelevant content. Existing methods can fall
into two categories: task-agnostic context compres-
sion methods (Liao et al., 2025; Li et al., 2025b;
Dai et al., 2025; Choi et al., 2025; Zhang et al.,
2025; Tang et al., 2025b) and task-aware context
compression methods. Task-agnostic methods lack
query guidance and are prone to losing key infor-
mation (relevant to query). In contrast, task-aware
methods leverage the query to guide compression
and better preserve key information. However, ex-
isting task-aware methods face two key challenges:
(1) Low computational efficiency. As shown in
Figure 1, most existing methods either process the
entire long context at once (Cao et al., 2024; Hwang
et al., 2025a; Zhao et al., 2025c; Liskavets et al.,
2025; Fang et al., 2025), resulting in highly in-
efficient computation on long sequences, or rely
on autoregressive compression (Yoon et al., 2024;
Jiang et al., 2024; Tang et al., 2025a), which also
limits computational efficiency. (2) A trade-off be-
tween key information retention and interpretabil-
ity. Some methods directly prune low relevance
segments or tokens (Yoon et al., 2024; Jiang et al.,
2024; Hwang et al., 2025a; Tang et al., 2025a;
Zhao et al., 2025c; Liskavets et al., 2025; Fang
et al., 2025), risking loss of key information, while
others compress the context into implicit seman-
tic vectors (Cao et al., 2024), sacrificing the inter-
pretability of the natural language format. This mo-
tivates the following research question: How can
we achieve efficient context compression that pre-
serves as much key information as possible while
remaining natural language format interpretabil-
ity?

To address these limitations, we draw inspiration
from cognitive science and model human reading
behavior: when reading, humans typically perform
close reading on content highly relevant to their
current goal, while adopting a skimming strategy
for background information (Duggan and Payne,
2011; Wolf, 2018). Close reading focuses on the
full structural and semantic details of the original
context, thereby supporting deep comprehension.
In contrast, skimming extracts key information and
aggressively discards less relevant content, signif-
icantly reducing cognitive load while still captur-
ing the query-relevant semantic gist. Motivated

by this, we propose RAM (Read As HuMan),
which formalizes context compression as an ef-
ficient and adaptive hybrid reading strategy. Specif-
ically, RAM first partitions a long context into
multiple segments and processes all segments to-
gether with the input query in parallel, avoiding
the efficiency bottlenecks of existing methods that
either load the entire context at once or rely on
autoregressive compression. Subsequently, RAM
adaptively compresses the context based on query-
segment relevance: highly relevant segments are
fully retained (i.e., close reading) to ensure key
information is preserved in natural language for-
mat, while less relevant segments are compressed
via a query-guided mechanism into compact, im-
plicit summary vectors (i.e., skimming), capturing
only the query-relevant semantic gist while drasti-
cally reducing less relevant content. Then, RAM
concatenates the explicit close reading segments
with the implicit skimming summary vectors to
form a hybrid contextual representation, which is
fed into the decoder. This design not only pre-
serve as much key information as possible but also
maintains natural language format interpretabil-
ity. We further introduce a contrastive learning
objective that leverages annotated positive and neg-
ative query-segments pairs, optimizing the RAM’s
ability to distinguish between close reading and
skimming, which enables RAM to more faithfully
emulate human-like adaptive reading.

Our main contributions are threefold:

• We propose RAM, an efficient and inter-
pretable compression framework that com-
bines explicit and implicit representations. By
parallelizing segment encoding with the query
and applying differentiated treatment based on
relevance, RAM avoids the inefficiencies of
full-sequence loading or autoregressive com-
pression while maintaining interpretability.

• We introduce a contrastive learning object
for more adaptive compression. By model-
ing query-segment relevance as a contrastive
task, the model learns a more robust decision
boundary between close reading and skim-
ming.

• RAM achieves superior performance across
multiple QA and summarization benchmarks
under various compression budgets across
two backbones, offers approximately 12×
end-to-end speedup on long inputs (average
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length 16K; maximum length 32K) compared
to lightweight baseline Provence (Chirkova
et al., 2025).

2 Related Work

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 of work can further fall into
two categories: (1) Hard prompt compression,
which retains explicit textual tokens. Represen-
tative methods include metric-based pruning using
information entropy (Li et al., 2023; Jiang et al.,
2023) or bidirectional semantics (Pan et al., 2024),
and summarization-based approaches (Xu et al.,
2024) that train a query-agnostic summarizer. (2)
Soft prompt compression, which maps context into
non-lexical soft embeddings. Representatives in-
clude encoder-decoder frameworks (Ge et al., 2024;
Cheng et al., 2024; Rau et al., 2024; Tan et al., 2024;
Liao et al., 2025; Li et al., 2025b; Dai et al., 2025;
Choi et al., 2025; Tang et al., 2025b; Zhao et al.,
2025a; Liu et al., 2025b), attention mask modifica-
tion (Mu et al., 2023; Petrov et al., 2025; Ye et al.,
2025; Li et al., 2025a), and autoregressive mod-
eling (Chevalier et al., 2023; Zhang et al., 2025;
Deng et al., 2025; Chen et al., 2025) that treats com-
pression as sequence generation conditioned on
previously compressed tokens. Despite preserving
general semantics, these methods prone to discard
task-relevant information, degrading performance
due to the lack of query awareness.

Task-Aware Context Compression Methods.
Task-aware methods incorporate the query during
compression to retain task-relevant content. Repre-
sentative methods include generating query-guided
summaries (Yoon et al., 2024; Hwang et al., 2025a),
merging query-weighted tokens (Cao et al., 2024),
or pruning low query relevance tokens (Jiang et al.,
2024; Tang et al., 2025a; Liskavets et al., 2025;
Fang et al., 2025; Zhao et al., 2025c). While pre-
serving task-specific content, these methods either
require loading the full sequence at once or depend
on iterative autoregressive compression (both sig-
nificantly hindering efficiency) and face an inherent
trade-off between preserving key information and
maintaining natural language format interpretabil-
ity.

3 Method

We propose RAM, a novel context compression
framework that mimics human reading behavior:
close reading highly relevant segments while skim-
ming over less relevant ones via query-guided
compression. The method operates within an en-
coder–decoder architecture and consists of two
core stages: (1) query-aware parallel encoding of
context segments, and (2) adaptive compression
and training. Below, we detail each component.

3.1 Query-Aware Parallel Encoding
Given a query Q and a long context C segmented
into N equal-length chunks {S1, S2, . . . , SN}.,
RAM processes all segments in parallel with
the query using a shared encoder, avoiding the
quadratic cost of full-sequence attention and itera-
tive compression.

Parallel Encoding. The original input sequence
{S1, S2, . . . , SN , Q} is passed through a trainable
LLM-based encoder (e.g., LLaMA or Qwen) in
parallel to obtain contextualized hidden states. Let
H denote the last hidden states.

Representative Tokens for the Query and Seg-
ments. We construct a compact representation
for each text sequence by mean-pooling its last hid-
den states. For segment Si with length Lseg, its
representation is computed as

ri =
1

Lseg

Lseg∑

j=1

hi,j , (1)

where Lseg refers to the token length of each seg-
ment; hi,j denotes the last hidden state of the j-th
token in Si. The query representation rq is obtained
in the same way by mean-pooling the last-layer hid-
den states of the query tokens.

3.2 Adaptive Compression and Training
Based on relevance to the query, RAM dynami-
cally decides whether to preserve each segment
verbatim (“close reading”) or compress it into a
single vector (“skimming”), guided by a learnable
selection mechanism.

Query-Guided Attention. We compute cosine
similarity between rq and each ri, followed by a
softmax to obtain segment probabilities pi:

pi =
exp

(
r⊤q ri/τ

)
∑

j exp
(
r⊤q rj/τ

) . (2)
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Figure 2: Overview of the RAM framework. The framework consists of two main stages: (1) Query-Aware
Parallel Encoding: The query and segmented context are encoded in parallel. A query-guided attention mechanism
computes a relevance score for each segment, determining whether to retain it as original text (close reading) or
compress it into a compact vector (skimming), with the number of segments to retain derived from the compression
ratio via Eq. (3). (2) Adaptive Compression and Training: The retained text and compressed vectors are fed into a
decoder to produce the final output. The model is trained end-to-end using a language modeling objective Lnll and a
contrastive learning objective Lcon to jointly optimize overall performance.

Given a sampled compression rate α (i.e., sampled
from {2, 4, 8, 16, 32}), we determine the number
of segments k to fully preserve. k satisfies:

k = ⌊ Lorg

αLseg
⌋ , (3)

where Lorg is the token length of original input.
We select the top-k segments with highest pi for
retention; others are compressed.

Query-Guided Compression (Skimming). For
segments marked for skimming, we compute a
query-aware weighted average of token hidden
states:

wi,t = softmaxt
(
cos(hi,t, rq)

)
,

ci =

Lseg∑

t=1

wi,t hi,t.
(4)

where cos(·, ·) denotes cosine similarity. This
yields a single embedding ci ∈ Rd per skimmed
segment, where d is the hidden dimension.

Hybrid Compressed Representation Construc-
tion. Let K ⊆ {1, . . . , N} denote the set of seg-
ment indices selected for close reading, and let K̄
be its complement. For each segment i, we con-
struct its contribution to the compressed context

representation as

M̃i = I{i∈K} · e(Si) + I{i∈K̄} ·Walignci, (5)

where e(·) denotes the word embedding lookup in
the Decoder LLM; ci ∈ Rd is the query-guided
compressed vector obtained via query-guided com-
pression (skimming), and Walign ∈ Rd×d is a train-
able semantic alignment matrix applied only to
skimmed segments to bridge the representation gap
between explicit and implicit forms. The indica-
tor I{·} selects the appropriate representation path
per segment. The final compressed context is then
formed by concatenating all segment representa-
tions in their original order:

M =
[
M̃1; M̃2; . . . ; M̃N

]
∈ RLc×d, (6)

where Lc =
∑

i∈K Lseg + |K̄| is the total length
after compression. This hybrid representation pre-
serves verbatim tokens for high-relevance segments
while replacing low-relevance ones with compact,
query-guided skimming, thereby achieving both
fidelity and efficiency.

Training Objective. The compressed memory
M is concatenated with the query embeddings
and answer tokens, and fed into the decoder for
standard teacher-forced language modeling. Let
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Y = [y1, . . . , yNa ] denotes the answer token se-
quence. The language modeling loss is

Lnll = − 1

Na

Na∑

t=1

logP (yt | y<t,M, Q), (7)

where P (yt | ·) is derived from the softmax-
normalized logits, and loss is computed only over
answer positions.

To improve relevance discrimination, we intro-
duce a contrastive loss during training. Given
ground-truth positive/negative segment labels (e.g.,
from answer span annotations), we encourage
higher similarity between the query and positive
segments, and lower similarity with negative ones:

Lcon = − 1

|P|
∑

i∈P
log

exp(cos(rq, ri)/τ)∑N
j=1 exp(cos(rq, rj)/τ)

,

(8)
where P is the set of positive segment indices and
τ is a temperature parameter.

The total training objective combines both terms:

LRAM = Lnll + Lcon. (9)

This design enables RAM to achieve high com-
pression efficiency, strong task performance, and
natural language format interpretability.

4 Experiment

In this section, we aim to address the following
four research questions (RQs): (1) How does RAM
perform compared to baseline methods (RQ1)? (2)
How efficient is RAM (RQ2)? (3) How efficient
and robust is RAM under various compression ra-
tios in long-context scenarios (RQ3)? (4) How
effective is each component within RAM (RQ4)?

4.1 Settings
Training. RAM requires only a single training
to support diverse downstream tasks under various
compression ratios, including question answering
and summarization. We randomly sample 20,000
examples from each of HotpotQA (Yang et al.,
2018), 2WikiMQA (Ho et al., 2020), NaturalQues-
tions (Liu et al., 2024a), NarrativeQA (Kociský
et al., 2018), and MultiNews (Fabbri et al., 2019) to
construct the final training set (more details about
datasets in Appendix C). All training samples are
truncated to a maximum token length of 20K. Dur-
ing training, we use a batch size of 32 and a learn-
ing rate of 1 × 10−5 with a linear learning rate

decay schedule. We set the segment size to 50 to
enable finer-grained control over compression; in
practice, the segment size has minimal impact on
performance (see Appendix A). Following Chen
et al. (2020), τ is set to 0.1. The training paradigm
is illustrated in Figure 2. For each training sam-
ple, we randomly sample a compression rate from
the {2, 4, 8, 16, 32} to cover various compression
situations. We set the maximum test length for
NarrativeQA to 32K, resulting in a test set with an
average length of 16K.

Contrastive Learning Data Processing. We
convert ground truth positions from NaturalQues-
tions, HotpotQA, and 2WikiMQA into segments.
MultiNews is excluded as it is a summarization
dataset. For NarrativeQA (which lacks position an-
notations), we segment documents and use Qwen3-
235B-A22B-Instruct to label segments as answer-
containing or not (see Appendix B).

Implementation Details. Our implementation is
based on LLaMA-3.1-8B (Instruct) and Qwen3-4B
(Instruct). To ensure a fair comparison, all baseline
results are reproduced using the officially released
code. All experiments are conducted on 8 GPUs
with compute performance comparable to NVIDIA
H800, using the Hugging Face framework.

Evaluation Metrics. Following Hwang et al.
(2025b), for question answering tasks, we report
Exact Match (EM) and F1 score (Yang et al., 2018).
For summarization on MultiNews, performance is
measured using the F1 score.

Baselines. We conduct comprehensive compar-
isons against both task-specific and task-agnostic
text compression methods. Specifically, we in-
clude task-specific approaches (e.g., LongLLM-
Lingua (Jiang et al., 2024), Provence (Chirkova
et al., 2025), EXIT (Hwang et al., 2025b)) and
task-agnostic approaches (e.g., LLMLingua-2 (Pan
et al., 2024), Activation Beacon (Zhang et al.,
2025)). We compare with Activation Beacon un-
der the setting using LLaMA-3.1-8B-Instruct as
the backbone, as its open-source code only sup-
ports LLaMA-3.1-8B-Instruct. Additionally, we
also report model performance under the settings
of the original (uncompressed) prompt and zero-
shot prompting.

4.2 Main Results (RQ1)
As shown in Table 1, RAM demonstrates signifi-
cant advantages across multiple benchmarks. Our
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Table 1: Experimental results on four QA benchmarks and the MultiNews summarization benchmark. Closed-book
indicates using only the input question as the input, while Original Prompt indicates using original context as the
input. We bold the optimal results.

Methods NaturalQA 2WikiMQA HotpotQA NarrativeQA MultiNews AVG

EM F1 EM F1 EM F1 EM F1 F1 EM F1

LLaMA-3.1-8B-Instruct

Closed-book 14.05 21.98 17.14 23.42 10.77 19.21 1.03 9.00 - 10.75 18.40
Original Prompt 37.63 48.25 26.07 39.60 26.81 45.86 6.39 19.26 34.79 24.22 37.55

4x Compression Constraint

ICAE 35.82 37.57 32.66 37.78 26.18 36.17 4.70 12.46 28.16 24.84 30.43
LLMLingua-2-large 29.98 43.92 18.16 32.76 29.83 45.25 12.59 24.93 30.08 22.64 35.39
Activation Beacon 47.04 58.97 36.69 44.20 43.78 57.44 18.61 28.29 28.52 36.53 43.48
Provence 37.25 49.13 30.25 45.87 40.57 57.51 15.13 30.11 30.14 30.80 42.55
EXIT 43.31 57.70 28.43 42.25 45.55 58.81 11.00 24.17 29.71 32.07 42.53
LongLLMLingua 45.50 58.34 24.58 35.30 34.88 51.40 7.15 19.17 26.32 28.03 38.11

RAM 65.35 59.22 48.66 54.89 46.24 59.13 19.64 32.47 29.21 44.97 46.98

8x Compression Constraint

ICAE 36.13 38.31 33.42 37.78 26.92 35.77 4.41 12.41 27.92 25.22 30.44
LLMLingua-2-large 20.11 33.58 14.05 27.62 21.29 34.55 11.28 22.46 27.55 16.68 29.15
Activation Beacon 41.21 55.09 35.53 42.98 36.29 48.57 17.95 26.80 25.19 32.74 39.73
Provence 34.16 47.19 28.81 43.12 37.22 49.91 14.10 29.15 26.19 28.57 39.11
EXIT 43.88 55.42 22.94 33.33 32.16 50.19 6.86 18.62 27.15 26.46 36.94
LongLLMLingua 39.50 54.30 20.33 30.13 28.63 44.10 4.52 15.84 21.56 23.24 33.19

RAM 62.41 57.14 39.63 45.24 38.82 50.80 18.80 31.57 26.11 39.92 42.17

Qwen3-4B-Instruct

Closed-book 10.17 17.75 13.67 23.92 12.16 20.45 0.47 9.65 - 9.12 17.94
Original Prompt 32.77 44.44 32.94 43.60 44.33 60.47 8.55 20.06 32.09 29.65 40.13

4x Compression Constraint

ICAE 18.97 20.05 25.91 28.52 18.41 25.34 2.53 11.72 22.78 16.45 21.68
LLMLingua-2-large 23.09 35.72 25.17 31.58 28.20 41.02 7.89 19.03 29.56 21.09 31.38
Provence 31.11 43.39 39.52 48.32 42.38 56.11 11.00 24.46 28.30 31.00 40.12
EXIT 40.00 52.86 37.06 45.04 45.24 58.13 5.64 15.59 31.86 31.99 40.70
LongLLMLingua 40.23 53.01 26.81 32.68 30.13 42.86 2.82 12.20 24.15 25.00 32.98

RAM 66.59 59.97 50.39 56.47 46.37 59.28 19.45 31.92 32.07 45.70 47.94

8x Compression Constraint

ICAE 19.49 19.71 26.07 28.55 18.08 25.84 2.45 11.75 23.42 16.52 21.85
LLMLingua-2-large 15.37 26.67 21.37 25.57 18.60 28.23 6.20 15.99 26.41 15.39 24.57
Provence 31.30 43.01 37.25 44.72 36.74 48.71 10.71 24.34 24.47 29.00 37.05
EXIT 41.54 53.90 29.80 35.59 35.75 48.40 2.82 11.53 28.07 27.48 35.50
LongLLMLingua 31.41 45.27 23.65 27.91 24.45 35.51 1.88 9.76 20.48 20.35 27.79

RAM 61.09 56.15 40.24 45.66 37.90 49.15 19.92 31.22 28.50 39.79 42.14

main findings are summarized as follows: (1) Per-
formance superiority. Under both 4× and 8×
compression constraints, RAM consistently outper-
forms existing baselines on all benchmarks, and
achieves state-of-the-art results (bolded) on the EM
and F1 metrics in most cases. This indicates that
RAM has stronger semantic preservation capabil-
ity in long-context compression scenarios and can
better support question answering. As shown in
Table 2, we further fine-tune the Original Prompt
and a strong baseline Provence decoder that is re-
lated to the task (denoted as Provence(FT)). The
resulting performance shows that even when RAM
is slightly lower than Original Prompt (FT), it still

significantly outperforms Provence (FT). (2) Ro-
bustness. RAM maintains stable and strong per-
formance across different backbone models (i.e.,
LLaMA-3.1-8B-Instruct and Qwen3-4B-Instruct)
and different compression constraints (i.e., 4× and
8×). This confirms RAM’s adaptability to diverse
model architectures and compression strategies. (3)
Length extrapolation capability. Although RAM
is trained with a maximum input length of 20K
tokens, on NarrativeQA (with a maximum length
up to 32K tokens), RAM simultaneously outper-
forms the “Original Prompt” and other baselines.
This not only demonstrates its effectiveness in con-
textual compression, but also suggests that it can
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Table 2: Experimental results on four QA benchmarks
using Qwen3-4B-Instruct as the backbone. We report
Exact Match (EM) scores only. In all settings, “FT”
denotes additional full fine-tuning of the decoder on top
of 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

RAM 66.59 50.39 46.37 19.45

8x Compression Constraint

Provence (FT) 39.77 40.24 37.17 14.57

RAM 61.09 40.24 37.90 19.92

maintain semantic consistency and inference ac-
curacy on substantially longer inputs, highlighting
its strong generalization and extrapolation ability.
This extrapolation behavior is particularly promis-
ing for real-world applications, where input lengths
often exceed the training settings. This implies that
RAM learns compositional representations rather
than memorizing fixed-length patterns.

4.3 Efficiency Analysis (RQ2)
We analyze the computational efficiency of the
RAM framework. By segmenting the long con-
text and encoding each segment with the query in
parallel (followed by “skimming” low-relevance
segments via lightweight compression). RAM fun-
damentally avoids the bottlenecks of conventional
approaches that either process the full input in one
shot or rely on autoregressive iteration. This de-
sign drastically reduces inference cost. The entire
pipeline consists of two stages: (1) compression,
which includes query-aware parallel encoding and
adaptive compression, and (2) decoding, whose
floating-point operations (FLOPs) can be modeled
separately.

Compression Stage. This stage involves two
core components. First, the original context C
of length Lorg is split into N segments, each en-
coded in parallel alongside the query Q (length Lq).
Second, a query-guided attention mechanism com-
putes a relevance score for each segment to decide
whether to retain it as-is (“close reading”) or com-
press it into a compact vector (“skimming”). Com-
pressed segments are aggregated via a lightweight
operation (e.g., weighted average) into a single
summary vector. Let Lc denote the total effective
length fed to the decoder (i.e., sum of retained to-
ken lengths and number of skimmed vectors), and
α = Lc/Lorg the compression ratio. The FLOPs of

this stage are:

Table 3: Latency evaluation on NarrativeQA (average
length 16K; maximum length 32K) using Qwen3-4B
as backbone. Each compression method’s total latency
can be divided into compression latency and inference
latency.

Methods Compression Constraint

2x 4x 8x 16x 32x

Compression Latency (s)

EXIT 303.61 300.86 301.30 302.45 302.06
Provence 2.12 2.12 2.12 2.13 2.11
LongLLMLingua 24.30 10.69 6.96 5.25 4.66

RAM 0.10 0.09 0.09 0.09 0.08

Inference Latency (s)

EXIT 0.96 0.81 0.75 0.68 0.56
Provence 0.92 0.83 0.77 0.71 0.64
LongLLMLingua 0.87 0.68 0.65 0.59 0.48

RAM 0.33 0.20 0.15 0.13 0.12

End-to-End Latency (s)

EXIT 304.57 301.67 302.05 303.13 302.62
Provence 3.04 2.95 2.89 2.84 2.75
LongLLMLingua 25.17 11.37 7.61 5.84 5.14

RAM 0.43 0.29 0.24 0.22 0.20

Original Prompt 1.23

FLOPscomp = FParaEnc(Q,C)

+ FQueryAttn(Q,R),
(10)

where FParaEnc(Q,C) denotes the cost of parallel
encoding. Since each segment has length Lseg
and is processed independently, its complexity is
O(N ·L2

seg) = O(Lseg ·Lorg), which is substantially
lower than the O(L2

org) cost of full-sequence encod-
ing (note N ·Lseg = Lorg and Lseg ≪ Lorg). Mean-
while, FQueryAttn(Q,R) (i.e., the cost of query-
guided attention over N relevance scores) incurs
only O(N) computational overhead, which is lin-
ear in the number of segments.

Decoding Stage. Assuming the generated an-
swer has length La, decoding requires La forward
passes. The FLOPs of the i-th pass depend on the
compressed context length Lc and query length Lq:

FLOPsforward
i = FDecoder(M, Q, i), (11)

where M denotes the mixed input (retained tokens
and skimmed vectors). The total FLOPs are there-
fore:

FLOPs =
La∑

i=1

FLOPsforward
i + FLOPscomp. (12)
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Empirical results show that under the same 32×
compression constraint, RAM achieves signifi-
cantly lower end-to-end latency compared to task-
relevant baselines (see Table 3).
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Figure 3: Performance under different compression
rates on NarrativeQA. All methods use Qwen3-4B as
the backbone.

4.4 Robustness Across Compression Rates
(RQ3)

As shown in Figure 3, RAM consistently main-
tains a clear advantage across different compres-
sion rates (from 2x to 32x), indicating that RAM
can effectively adapt to varying compression lev-
els via a single run and exhibits strong robustness.
In contrast, baseline methods such as Provence,
LongLLMLingua, and EXIT exhibit a steady de-
cline in Exact Match (EM) scores as compression
becomes more aggressive, suggesting their sensitiv-
ity to high compression ratios. Notably, while all
methods use Qwen3-4B as the backbone, RAM’s
performance remains relatively stable, demonstrat-
ing its resilience and practical utility for real-world
applications requiring dynamic compression.

Table 4: Ablation study on NaturalQuestions,
2WikiMQA under 8x compression constraint using
Qwen3-4B as backbone.

Methods NaturalQA 2WikiMQA

EM F1 EM F1

Default 62.41 57.14 39.63 45.24

w/o Skimming 58.38 53.95 37.19 42.10
w/o Close Reading 46.40 45.97 34.28 39.31
w/ AP Skimming 59.54 54.10 37.21 42.30
w/o Contrast Learning 49.27 46.03 33.29 37.42

4.5 Ablation Study (RQ4)

To address RQ4, we conduct three ablation stud-
ies using Qwen3-4B as the backbone model to
examine the contribution of each component in
RAM to its overall performance: (1) The w/o Skim-
ming variant discards segments marked for com-
pression after parallel encoding and adaptive se-
lection, without generating any compressed tokens.
(2) The w/o Close Reading variant uniformly ap-
plies skimming to all segments. (3) The w/ AP
Skimming variant replaces the query-guided skim-
ming compression for each segment with simple
Average Pooling (AP). (4) The w/o Contrastive
Learning variant removes the contrastive learning
term from the total training objective. Removing
any component leads to a clear drop of the metric,
demonstrating the necessity and effectiveness of
each component. Discarding compressed tokens
inevitably results in greater loss of key information,
thereby degrading performance. Replacing query-
aware compression with average pooling dimin-
ishes RAM’s sensitivity to query-relevant content
within compressed segments, diluting key informa-
tion in the compressed representation. Removing
the contrastive loss weakens the model’s ability
to distinguish between segments that require close
reading or skimming, potentially leading to over-
compression of important content and consequent
performance degradation.

4.6 Case Study

RAM computes the relevance of each segment to
the query using query-guided attention and applies
close reading to highly relevant segments and skim-
ming to less relevant ones. As shown in Figure 4,
for the query “Who is the mother of the director
of film Polish-Russian War?” (the answer is Mał-
gorzata Braunek), segments S3 and S4 are pro-
cessed with close reading due to their high rele-
vance, while the remaining segments undergo skim-
ming.

5 Conclusion

Inspired by human reading strategies, we propose
RAM, a task-aware parallel context compression
framework. RAM adaptively compresses query-
irrelevant context segments (skimming) while pre-
serving important parts (close reading). We further
introduce a contrastive objective over the query
and multiple context segments to better distinguish
regions needing close reading from those suitable
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" Snow White and the Seven Dwarfs".The film was retitled Snow White
and the Three Clowns in Great Britain.This was Walter Lang ‘s final
directing film before his retirement.Olympic gold medalist

figure skater Carol Heiss starred as Snow White, who must flee her
home after The Evil Queen, her evil stepmother, wishes her to be
dead.Seeking refuge in the cottage of the seven dwarfs, she accidentally
meets the Stooges

, who are house sitting for them while they are away.
Xawery Żuławski Xawery Żuławski (born 22 December 1971 in Warsaw)
is a Polish film director.In 1995

 he graduated National Film School in Łódź.He is the son of actress
Małgorzata Braunek and director Andrzej Żuławski.His second feature
"Wojna polsko-ruska" (2009)

, adapted from the controversial best-selling novel by Dorota
Masłowska, won First Prize in the New Polish Films competition at the
9th Era New Horizons Film Festival in Wrocław. In 2013, he stated he
intends

Who is the mother of the director of film Polish-Russian War (Film)?

Step 1: Split Original Context to Segments
Relev. Score

Segments

Małgorzata Braunek

Step 2: Adaptive Compression

Step 3: LLM Generation

Query-Guided Attention

Figure 4: A case study from 2WikiMQA dataset.

for skimming, improving compression quality. Ex-
tensive experiments demonstrate that RAM consis-
tently outperforms strong baselines, delivering bet-
ter effectiveness with substantial efficiency gains.

Limitations

Although RAM demonstrates strong performance
across various long-context benchmarks and com-
pression rates, along with high efficiency and good
interpretability, it has certain limitations. Specif-
ically, the data labels used for contrastive learn-
ing on NarrativeQA are generated by the Qwen3-
235B-A22B-Instruct. While this model provides
high-precision labels, they are not guaranteed to be
fully accurate. Nevertheless, as shown in Table 4,
contrastive learning based on these labels remains
effective.

Ethical Considerations and Societal Impact

This work proposes RAM, a context compression
framework inspired by human reading strategies
for efficient long-context processing. Its primary
goal is to improve efficiency and information re-
tention, and we do not find evidence that it creates
additional ethical concerns beyond those associated
with existing large language models and context
compression methods. The experiments are con-
ducted using publicly available datasets and open-
source models in accordance with their intended
research use. Hence, we believe this work does not
pose extra negative societal impact in comparison
with prior approaches.
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A Impact of Segment Size

As shown in Table 5, we conduct experiments to
investigate the impact of varying segment sizes on
RAM’s performance. Under a 4x compression con-
straint with Qwen3-4B-Instruct as the backbone,
we observe that the model consistently achieves
strong and stable results across all three QA bench-
marks. The low standard deviations demonstrate
minimal performance variance across different seg-
ment granularities, highlighting the robustness and
reliability of RAM in practical deployment scenar-
ios.

Table 5: Experimental results with varying segment
sizes on three QA benchmarks using Qwen3-4B-Instruct
as backbone under 4x compression constraint.

Seg. Size 2WikiMQA HotpotQA NarrativeQA

EM F1 EM F1 EM F1

50 50.39 56.47 46.37 59.28 19.45 31.92
100 48.84 54.15 47.27 59.64 18.98 31.94
200 47.52 52.90 46.06 58.41 19.74 31.32

Std. 1.44 1.81 0.63 0.63 0.38 0.35

B Prompt Template of Annotation

We employ a prompt template (see Figure 5) to
instruct Qwen3-235B-A22B-Instruct to label each
segment in NarrativeQA as positive if it is helpful
for generating the ground-truth answer, and nega-
tive otherwise.

C Dataset Details

NaturalQuestions This dataset consists of real
queries issued to the Google search engine, paired
with entire Wikipedia pages. It requires models
to identify both a long answer (typically a para-
graph) and a short answer (one or more entities
or a boolean) within the document. The corpus
contains 307,373 training examples, 7,830 devel-
opment examples, and 7,842 test examples. It is
widely utilized for evaluating open-domain ques-
tion answering and machine reading comprehen-
sion under realistic information-seeking scenarios.
We select the processed version (Liu et al., 2024a;
Cao et al., 2024) where each question has 20 re-
lated documents and only one of them contains the
correct answer. The processed version has 2,655
test samples.

HotpotQA HotpotQA is a large-scale dataset de-
signed for multi-hop reasoning over Wikipedia ar-

ticles. Questions are constructed such that the an-
swer can only be found by performing reasoning
across multiple documents. It features 112,779
training samples and 7,405 validation samples. A
distinguishing factor of this dataset is the require-
ment for models to provide supporting facts (sen-
tences) to explain the reasoning process, which en-
hances the explainability of the question-answering
systems. We use the validation set to evaluate
model’s performance.

2WikiMQA This dataset focuses on multi-hop
question answering with structured evidence,
specifically utilizing Wikipedia and Wikidata. It
aims to minimize the presence of "reasoning short-
cuts" by using templates to generate complex ques-
tions that require synthesizing information from up
to four documents. The dataset includes 167,454
training instances, 12,576 validation instances, and
12,576 test instances. It includes four types of rea-
soning: compositional, inference, comparison, and
bridge. We use the test set to evaluate model per-
formance.

NarrativeQA NarrativeQA is designed to test
deep understanding of entire stories rather than lo-
cal surface-level matching. It contains questions
based on complete books and movie scripts. Unlike
datasets that rely on short snippets, this benchmark
requires models to capture long-range dependen-
cies. The collection includes 1,572 documents di-
vided into 1,102 for training, 115 for validation,
and 355 for testing. These documents correspond
to 46,765 total question and answer pairs.We use
the test set to evaluate the model’s performance,
filtering out test samples longer than 32K.

MultiNews As a large-scale multi-document
summarization dataset, Multi-News consists of
news articles and human-written summaries. Each
sample contains a summary paired with multiple
source articles from various news sites. The dataset
provides 44,972 training examples, 5,622 valida-
tion examples, and 5,622 test examples. It is a
standard benchmark for evaluating the ability of
models to consolidate redundant information and
resolve conflicting details across diverse sources.
We use the test set to evaluate model performance.

D Compared with RECOMP

RECOMP (Xu et al., 2024) is a method that is
prone to losing critical information because it re-
tains only a few of the most relevant sentences and
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Prompt Template

Given the following question and segment, determine whether the segment contains sufficient
information to answer the question. Respond with only “Yes” or “No”.

Question: {question}

Segment: {context}

Answer:

Figure 5: Prompt template of annotation used by Qwen3-235B-A22B-Instruct.

Table 6: Compared with RECOMP. “FT” denotes ad-
ditional full fine-tuning of the decoder on top of the
corresponding method.

Methods Compress. Lat. Infer. Lat. NQ-EM NQ-F1

4x Compression Constraint

RECOMP (FT) 0.0256 0.1155 39.10 48.25

RAM 0.0235 0.1075 66.59 59.97

8x Compression Constraint

RECOMP (FT) 0.0256 0.1081 30.92 40.81

RAM 0.0233 0.1057 61.09 56.15

then discards the remaining content. Building upon
RECOMP, we further fine-tuned the decoder for
comparison. The results (see Tab. 6) show that
RAM achieves higher EM and F1 scores on NQ
while remaining comparable to RECOMP in both
compression latency and inference latency.

E Language Model Usage Statement

In drafting this paper, we use a large language
model to assist with academic writing. Specifi-
cally, we use it to improve wording, organization,
and overall readability, including edits to the de-
scription of our methods and to the exposition of
mathematical derivations. The scientific contribu-
tions of this work, including its key ideas, experi-
mental setup, and reported results, are conceived,
executed, and verified by the authors.
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