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Abstract001

Efficient context compression is crucial for im-002
proving the accuracy and scalability of question003
answering. For the efficiency of Retrieval Aug-004
mented Generation, context should be delivered005
fast, compact, and precise to ensure clue suf-006
ficiency and budget-friendly LLM reader cost.007
We propose a margin-based framework for008
query-driven context pruning, which identifies009
sentences that are critical for answering a query010
by measuring changes in clue richness when011
they are omitted. The model is trained with a012
composite ranking loss that enforces large mar-013
gins for critical sentences while keeping non-014
critical ones near neutral. Built on a lightweight015
encoder-only Transformer, our approach gener-016
ally achieves strong exact-match and F1 scores017
with high-throughput inference and lower mem-018
ory requirements than those of major baselines.019
In addition to efficiency, our method yields ef-020
fective compression ratios without degrading021
answering performance, demonstrating its po-022
tential as a lightweight and practical alternative023
for retrieval-augmented tasks.024

1 Introduction025

Retrieval-augmented generation (RAG) has026

emerged as a powerful paradigm for enhancing027

large language models (LLMs) with external028

knowledge, significantly improving factual029

accuracy and reducing hallucinations (Lewis030

et al., 2020; Ram et al., 2023). However, as031

RAG systems scale to handle more complex032

queries, a fundamental issue arises: retrieving033

more documents improves coverage of relevant034

information but also introduces computational035

overhead and potential distraction that can degrade036

performance (Shi et al., 2023; Liu et al., 2023).037

Context compression has emerged as a potential038

solution to this challenge, enabling RAG systems to039

retain essential information while reducing compu-040

tations (Li et al., 2023; Wingate et al., 2022). Cur-041

rent approaches fall into two categories: abstractive042

Figure 1: Answering performance (EM, F1) and compression
efficiency (QpS, Saved %) across compressors. Questions Per
Second (QpS) is from compression latency; Context Saved is
100% – Compression ratio.

methods that generate condensed summaries (Yoon 043

et al., 2024; Xu et al., 2024; Li et al., 2024) and 044

extractive methods that select relevant text seg- 045

ments (Jiang et al., 2023). While abstractive meth- 046

ods achieve high compression ratios, the token-by- 047

token generation process incurs substantial latency 048

overhead. This often exceeds the time saved from 049

reduced context length. Extractive methods offer 050

faster compression but typically rely on rigid selec- 051

tion criteria, fail to adapt to query complexity, or 052

miss model inter-sentence dependencies. 053

Recent work has sought to address some of 054

these limitations. EXIT (Hwang et al., 2024) in- 055

troduces context-aware extractive compression that 056

leverages full-document context to make sentence- 057

level decisions in parallel, thereby reducing latency. 058

However, it relies on decoder-based LLMs, creat- 059

ing unnecessary computational overhead for what 060

is essentially a classification task, and it inflates 061

inputs by repeating the inspected sentences. Mean- 062
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Query 
(q) 🔎Retriever Lightweight Context 

Pruner (Compressor)  Reader Answer 
(a)

1Sentence segmentation

750 Seventh Avenue is a 615 ft (187m) tall Class-A 
office skyscraper in New York City. It was completed in 
1989 in the postmodern style and has 36 floors. Kevin 

Roche John Dinkeloo & Associates designed the 
building, and it is owned by Hines, a Texas-based real 
estate investment company…. It is also LEED certified.

750 Seventh Avenue is a 615 ft (187m) tall Class-A 
office skyscraper in New York City [1]. It was 

completed in 1989 in the postmodern style and has 36 
floors [2]. Kevin Roche John Dinkeloo & Associates 
designed the building, and it is owned by Hines, a 

Texas-based real estate investment company [3]…. It 
is also LEED certified [n].

   

decompose chunk to sentences
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skyscraper in New York City [1] [kept]   
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Figure 2: Overview of our framework. Our proposed lightweight context pruner includes three steps. (1) each retrieved document
is segmented into sentences. (2) We measure the importance of sentences by calculating the change in clue richness, denoted as
∆, when a sentence is omitted. A larger ∆ indicates that the sentence is more critical. (3) We apply an adaptive threshold τ to
retain most essential sentences while pruning others, dynamically.

while, comparative studies show that encoder-only063

models can match or surpass decoder-only models064

on various natural language understanding (NLU)065

tasks (Benayas et al., 2025; Nielsen et al., 2024).066

Differently, Provence (Chirkova et al., 2025) at-067

tempts to prune for efficiency but relies on a token-068

level objective that is fundamentally misaligned069

with sentence-level utility. By propagating rele-070

vance labels to every token in a relevant sentence,071

including common words, it introduces gradient072

noise, forcing the model to learn superficial cor-073

relations that are a suboptimal proxy for actual074

relevance. It also relies on token-level classifica-075

tion aggregated via a sentence rounding heuristic076

to approximate sentence selection, potentially over-077

looking the text’s structural semantic meaning.078

In this work, we address these limitations by re-079

visiting the fundamental design choices in sentence-080

level pruning. We assume that encoder-only mod-081

els are sufficient and more efficient for relevance082

classification, and propose leave-one-out delta scor-083

ing to provide a more principled measure of sen-084

tence importance than binary classification, such085

as EXIT and Provence. Specifically, we suggest086

using a lightweight encoder-only model based on087

ModernBERT (Warner et al., 2024) to score query-088

context pairs, then measuring each sentence’s con-089

tribution as the drop in answerability when that sen-090

tence is removed. We also introduce a gap-based091

selection rule that identifies natural breakpoints in092

the relevance score distribution and automatically093

adapts the compression rate to each query. Our 094

main contributions are as follows: 095

1. We introduce LOO-∆ scoring, an intu- 096

itive framework that quantifies sentence im- 097

portance based on its marginal contribu- 098

tion to document answerability that lever- 099

ages lightweight encoder-only architectures. 100

This framework enables parallelized scoring, 101

which accelerates computation even for long 102

contexts, with low memory requirements. 103

2. We further propose a adaptive gap-based se- 104

lection strategy that adaptively selects valu- 105

able sentences to keep for each query while 106

maintaining good compactness. 107

3. We conduct rigorous evaluations across five 108

standard QA benchmarks using both open- 109

source and proprietary LLM readers. Our re- 110

sults consistently show that our method main- 111

tains high answer fidelity while achieving su- 112

perior compression speeds and significantly 113

more compact context lengths than existing 114

baselines. 115

2 Related Work 116

2.1 Retrieval-Augmented Generation 117

Retrieval-Augmented Generation (RAG) (Lewis 118

et al., 2020; Ram et al., 2023; Gao et al., 2023; 119

Khattab et al., 2022; Trivedi et al., 2022a) en- 120

hances large language models (LLMs) by incorpo- 121
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rating information retrieved from external knowl-122

edge sources rather than relying solely on paramet-123

ric knowledge. Recent approaches introduce iter-124

ative, multi-hop, and recursive retrieval (Khattab125

et al., 2022; Trivedi et al., 2022a; Shao et al., 2023),126

which refine search queries or gather additional127

documents during generation to access dispersed128

evidence. While these methods improve recall,129

they increase computational cost and latency and130

often expand the token budget with irrelevant de-131

tails, thereby reducing precision (Liu et al., 2023).132

Consequently, increasing attention is being paid to133

token-reduction and document-compression tech-134

niques that retain only essential information, aim-135

ing to balance comprehensive evidence with low-136

latency, high-quality generation in RAG.137

2.2 Context Compression in RAG138

Current context-compression methods can be clas-139

sified into two main categories: soft and hard com-140

pression. Soft compression works at the embedding141

level to shorten token representations (Mu et al.,142

2023; Ge et al., 2023). Although these methods143

maintain semantic fidelity and allow for precise144

control over compression rates, they require exten-145

sive fine-tuning or architectural modification. This146

makes these methods impractical for closed-source147

LLMs.148

Hard compression serves as a filtering mech-149

anism that shortens text by selectively retaining150

crucial natural-language tokens or rephrasing con-151

tent, primarily to preserve information relevant to152

the task. This approach encompasses abstractive153

and extractive methods. Abstractive techniques use154

generative models to summarize retrieved passages155

(Zhao et al., 2020; Xu et al., 2024; Yoon et al.,156

2024), enabling substantial token reduction. For157

instance, RECOMP-Abst (Xu et al., 2024) utilizes158

a T5 model to summarize context, which has spe-159

cific training requirements related to the dataset.160

Similarly, CompAct(Yoon et al., 2024), Refiner (Li161

et al., 2024) increase quality and compactness us-162

ing bigger decoder-only models, but also increase163

resource demands and slow inference significantly.164

In contrast, extractive methods have been pro-165

posed, such as RECOMP-Extr (Xu et al., 2024)166

and the LLMLingua family (Jiang et al., 2023; Pan167

et al., 2024). These methods focus on selecting168

salient sentences or tokens from the retrieved doc-169

uments, preserving the original text and reducing170

hallucination. However, their query-agnostic selec-171

tion strategies often disrupt semantic coherence or172

omit critical information. LongLLMLingua (Jiang 173

et al., 2023) addressed the limitation by propos- 174

ing query-awareness and configurable compression 175

rates. However, these methods still struggle to 176

achieve a balance between coverage and efficiency. 177

Recently, EXIT (Hwang et al., 2024) employs an 178

extractive approach to prune context based on query 179

relevance with sentences under the full-context con- 180

dition. While enabling parallel processing, EXIT 181

incurs high computational costs for compression 182

due to its architecture, and inflexible thresholding 183

in direct binary classification achieves only mod- 184

est compression gains, retaining too much of the 185

original context to realize meaningful efficiency. 186

Meanwhile, Provence (Chirkova et al., 2025) 187

improves efficiency via token-level pruning, but 188

its token-centric supervision is only an indirect 189

proxy for sentence-level salience and can introduce 190

noisy training signals when relevance is broadcast 191

to all tokens in a sentence. Moreover, aggregat- 192

ing token predictions with a heuristic to approxi- 193

mate sentence selection may miss discourse- and 194

structure-level cues that are important for coher- 195

ent, utility-driven extraction. Another approach, 196

TPC (Liskavets et al., 2025), proposes an RL-based 197

refinement; its reward is defined by behavior preser- 198

vation relative to a single frozen reference LLM, 199

which can make the learned compression policy 200

inherently model-dependent and potentially less 201

robust when transferred to different target settings. 202

Computing this reward also requires repeated evalu- 203

ations of the reference model during tuning, thereby 204

increasing training complexity and computational 205

overhead relative to straightforward approaches. 206

To avoid the slow inference and high memory 207

footprint of hard compression, we formulate query- 208

driven context pruning as extractive sentence se- 209

lection. We hypothesize that this subtask does not 210

require billion-parameter LLMs to work effectively. 211

Accordingly, we use a modest encoder-only back- 212

bone with an intuitive yet effective loss to train, and 213

a novel clue-richness score to filter sentences, pre- 214

serving critical clues and faithfulness to retrieved 215

evidence while remaining efficient and scalable. 216

3 Methodology 217

Our approach frames query-driven context prun- 218

ing as an extractive sentence selection problem, 219

aiming to identify the subset of sentences that are 220

critical for answering a given query. Unlike gener- 221

ative compression, ours is extractive and preserves 222
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the original text, ensuring faithfulness to the evi-223

dence. The core mechanism relies on computing224

a delta score, the change in answerability when a225

sentence is omitted relative to the full chunk. These226

deltas are computed independently, enabling par-227

allelization and efficient inference on long docu-228

ments. To capture broader semantic dependencies,229

each delta is derived with respect to the full con-230

text, allowing the model to leverage global cues231

while assessing partial evidence. The framework232

illustrated in Fig. 2 is built upon ModernBERT,233

where flash-attention support reduces memory con-234

sumption and enhances speed, making it scalable235

and practical for real-world applications.236

Problem Formulation In RAG, a language237

model M is tasked with producing an output238

y given an input query q along with a set239

of k retrieved passages (e.g, chunks) Dk =240

{d1, d2, . . . , dk}. The model generates a response241

conditioned jointly on the query and the context,242

i.e., M(y | q,Dk).243

However, when the retrieved documents are244

large, directly passing Dk to M significantly in-245

creases the token budget and computational cost,246

motivating the compression of retrieved texts into247

a compact representation that preserves query-248

relevant evidence while discarding redundancy.249

Formally, the objective is expressed as:250

argmax
π

M
(
y | q, Cπ

)
, Cπ = π(q,Dk),251

where Cπ denotes the compressed context obtained252

through a compression function π. The token253

length l(Cπ) should satisfy l(Cπ) ≪ l(Dk) while254

Cπ retains critical information.255

RAG Pipeline with Compression A RAG256

pipeline works with compression as follows: Given257

a query q and a document collection C, a re-258

triever first identifies the top-k relevant documents:259

D = {d1, . . . , dk} = Retriever(q, C). D is then260

processed by a compression component to create a261

shortened set:262

D′ = Compressor(q,D); s.t. l(D′) ≪ l(D).263

Finally, the compressed set D′ is provided to264

the language model as context to generate the final265

answer.266

For compression in RAG to be effective, it267

should: (1) Evidence Retention – preserve all essen-268

tial information for accurate query answering; (2)269

Processing Efficiency – remain lightweight and fast270

to avoid heavy resource use and latency; (3) Token 271

Efficiency – produce a context D′ with far fewer 272

tokens, lowering cost and speeding inference. 273

Sentence-level Pruning Our pipeline applies 274

sentence-level pruning to avoid key-phrase frag- 275

mentation and preserve entity relationships often 276

lost in token-level compression. Operating at sen- 277

tence granularity keeps both syntax and meaning 278

intact. Each retrieved chunk is segmented into 279

sentences with a rule-based tool such as spaCy 280

(Honnibal et al., 2020), yielding for each document 281

di ∈ D a set Si = {si1, si2, . . . , sin}, where sij is 282

the j-th sentence (see step 1 in Fig. 2). 283

3.1 Leave-One-Out Delta-based Sentence 284

Classification 285

From this step, we reframe context pruning by mea- 286

suring the marginal contribution of each sentence 287

to the overall answerability of the passage. Rather 288

than predicting the relevance of a sentence in iso- 289

lation, our method evaluates the information loss 290

incurred when that sentence is removed. This ap- 291

proach mimics the intuition that redacting a critical 292

clue significantly degrades the semantic richness 293

of a passage, whereas removing irrelevant noise 294

leaves the core meaning intact. To operationalize 295

this, we train an encoder-only model to predict a 296

scalar “clue richness” score, optimizing it to assign 297

high scores to complete contexts and significantly 298

lower scores to redacted versions. This maximizes 299

the score gap ∆ specifically when essential evi- 300

dence is missing. 301

3.1.1 Formal Loss Function 302

Let fθ be our encoder model parameterized by θ 303

that outputs a scalar score measuring clue richness 304

of an input sequence. For a question q and passage 305

P = {s1, s2, ..., sn} of n sentences, we define: 306

▷p0 = fθ(q, P ): clue richness score for the full 307

context. 308

▷p\k = fθ(q, P \ {sk}): score when sk is re- 309

moved. 310

▷∆k = p0 − p\k: score gap from removing sk. 311

▷yk ∈ {0, 1}: label for sk (1 if critical, 0 not). 312

Our loss function has two cases based on the 313

type of passage: 314

For clue-filled passages (where ∃k : yk = 1) 315

The loss combines ranking and classification ob- 316

jectives: 317

Lyes = Lrank+λ ·BCE(p0, 1) (0) 318

where Lrank = αLord + βLcrit + γLnon with: 319
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Lord =
∑
i:yi=1

∑
j:yj=0

max(0,m1 − (∆i −∆j))320

Lcrit =
∑

k:yk=1

max(0,m2 −∆k)321

Lnon =
∑

k:yk=0

max(0,∆k +m3)322

where Lord enforces larger gaps for critical sen-323

tences; Lcrit ensures significant drops (≥ m2)324

when removing critical sentences; and Lnon penal-325

izes large changes for noncritical ones. Margins326

m1,m2,m3 > 0 are training hyper-parameters327

with m3 << m2,m1.328

For clue-free passages (where ∀k : yk = 0)329

Binary Cross Entropy loss (BCE) is used to deal330

with the case where none of the sentences within a331

passage has valuable intelligence for the question.332

Thus, the loss at (0) and (1) has BCE included,333

where (1) enforces low scores and minimal varia-334

tion for such a passage without clue for the query:335

Lno = λ
(

BCE(p0, 0) +
∑
k

BCE(p\k, 0)
)

336

+ γ
∑
k

max(0, |∆k| −m3) (1)337

For training efficiency, we sample m sentences,338

where n > m > number of critical sentences. This339

sampling reduces memory requirements while pre-340

serving all critical sentences for loss-function com-341

putation, particularly for extremely long passages342

with a large number of sentences.343

3.1.2 Inference Strategy344

At inference, the encoder fθ scores clue richness345

for a question–passage pair and uses leave-one-out346

deltas to identify critical sentences.347

Large ∆k indicates that drop sk harms clue rich-348

ness; near-zero or negative ∆k indicates little or349

no contribution. A passage with n sentences takes350

n + 1 forward passes independently as step 2 in351

Fig 2: compute {p0, p1, .., pn} in parallel (2a), then352

compute ∆1,∆2, ...,∆n as (2b).353

As there is a BCE term in the loss, to quickly354

detect clue-free passages, we use σ(x) = 1
1+e−x355

on p0 with a threshold dmin, formal predicate as:356

σ(p0) < dmin to label the whole passage non-357

critical. Otherwise, we proceed following the be-358

low core strategy like step 3 in Fig. 2:359

Adaptive threshold (gap-based). Let δmin > 0 360

be a minimal significance level, and D+ = {∆k : 361

∆k > δmin}. 362

1. If D+ = ∅, label all sentences non-critical. 363

2. Else: sort D+ in descending order ∆[1] ≥ 364

· · · ≥ ∆[m]; compute gaps gi = ∆[i]−∆[i+1] 365

for i = 1, . . . ,m− 1. Let i⋆ = argmaxi gi. 366

3. Set the adaptive threshold τ = 367

max{δmin, ∆[i⋆+1]}. 368

4. Classify sk as critical if ∆k > τ ; otherwise 369

non-critical. 370

If ∆ is uniformly high – no clear gap, the rule 371

defaults to τ = δmin, preserving more content. The 372

gap heuristic adapts per passage, maintaining high 373

precision on informative sentences while filtering 374

redundancy. dmin, δmin are inference hyperparam- 375

eters that we use grid search to tune. 376

4 Experiment 377

4.1 Experimental Setup 378

Training Phase We use a random subset 28897 379

out of 90447 questions from the original Hot- 380

potQA (Yang et al., 2018) train set to train with 381

a 9:1 split, where there are passages (and anno- 382

tated critical sentences) for each question. The Hot- 383

potQA dev set (distractor) is used for grid search to 384

find best dmin, δmin that gain the most F1 of classi- 385

fication. We merged very short passages into longer 386

ones to mitigate the dataset’s severe passage-length 387

imbalance, shorten training time, and enable addi- 388

tional data augmentation. Training is done on one 389

NVIDIA RTX 4090 GPUs (multiple similar work- 390

stations) using LoRA (Hu et al., 2022) to finetune 391

the model with the standard separator token (e.g. 392

[SEP]) by ModernBERT automatically defined. 393

RAG Configuration The main pipeline con- 394

sists of 3 primary components. The Contriever- 395

MSMARCO (Izacard et al., 2021) was used as 396

chunk retriever on the 2018 Wikipedia corpus 397

(dataset) (Karpukhin et al., 2020) to create passages 398

for each question from Question Answering (QA) 399

datasets. Our compressor is based on an encoder- 400

only model – ModernBERT (Warner et al., 2024), 401

large version (395M) used as default, base (139M) 402

used in ablation. For reading to answer, we mainly 403

employed Llama-3.1-8B-Instruct, Llama-3.3-70B- 404

Instruct (Dubey et al., 2024); with Google Gemini- 405

2.5-flash (Comanici et al., 2025), Moonshot Kimi 406
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K2 (Team et al., 2025) and OpenAI GPT-5-mini407

for further exploration. Vertex AI, OpenRouter,408

and OpenAI API services were used to provide the409

mentioned reader APIs.410

To evaluate, HotpotQA (HQA) (Yang et al.,411

2018), 2WikiMultihopQA (2WIKI) (Ho et al.,412

2020), and Musique (Trivedi et al., 2022b) datasets413

as multi-hop QA tasks; and Natural Questions (NQ)414

(Kwiatkowski et al., 2019), TriviaQA (TQA) (Joshi415

et al., 2017) datasets as single-hop QA were se-416

lected. The evaluated sets are the same as (Yoon417

et al., 2024; Hwang et al., 2024).418

Baselines We compare our method against419

the following 7 context compression methods:420

RECOMP-Abs (Xu et al., 2024) uses T5-based421

while RECOMP-Ext employs a dual Contriever-422

based transformer; CompAct (Yoon et al., 2024)423

used Mistral-7B-based iterative compression; Re-424

finer (Li et al., 2024) uses Llama2-7B-based com-425

pression; LongLLMLingua (Jiang et al., 2023)426

(LongLLMLin) uses Llama2-7B at 0.4 dynamic427

compression rate; EXIT (Hwang et al., 2024) with428

Gemma-2B and Provence (Chirkova et al., 2025).429

For fair comparison, we applied the same prepro-430

cessing; we enabled flash attention (Dao, 2024) for431

baselines (if available); used the same number of432

threads for multi-threading, and increased aggres-433

sive truncation limits to avoid context cutoffs.434

Evaluation Metrics Exact Match (EM↑) and435

F1↑ score are used to measure effectiveness in ques-436

tion answering. Compression latency (Time↓, in437

seconds), compression ratio (Rate↓) are used to438

evaluate compression speed and efficiency. The439

latency here is the compressed duration measured440

in an end-to-end manner to simulate a realistic pro-441

cessing timeline. The compression rate is defined442

as the ratio of the length of the compressed se-443

quence to the length of the original sequence using444

cl100k_base tokenizer. Each experiment is run 3445

times (different batch sizes) on a single RTX 4090446

GPU and then takes the average.447

4.2 Main Results448

Tab. 1 shows evaluation results across 5 datasets449

by 2 commonly used readers. Note that the com-450

pression latency (Time) and ratio (Rate) depend451

on the top-k value and are repeated for the 2 read-452

ers. Although trained only on HQA questions with453

the original HQA context corpus, our pruner gen-454

eralizes well across datasets (both single-hop and455

multi-hop). Compared with other compressors, our456

method mostly yields best or second best at QnA 457

metrics on datasets on different readers and dif- 458

ferent numbers of top chunks context. We also 459

achieved approximately equal answer quality or 460

surpassed Raw baselines on several occasions on 461

nearly all datasets except NQ. Regarding the com- 462

pression efficiency, our method always achieves 463

rapid responsiveness (2nd best, < 0.05s at top-5 464

and < 0.2s at top-20); whereas context reduction 465

is at a decent level to save considerable token cost: 466

≤ 20% at top-5 and < 14% at top-20. 467

Meanwhile, existing methods struggle to have a 468

good trade-off in metrics, e.g., RECOMP-ext is al- 469

ways the fastest but usually retains lengthy content 470

and yields much lower answer quality. Similarly, 471

CompAct, RECOMP-abs, or Refiner compress con- 472

text to a very compact level but come at the cost of 473

substantially slower execution (up to 40 times). 474

For an overall view, we aggregate Tab. 1 into 475

a single metric vector per compressor as in Tab. 476

2. For each metric (EM, F1, Time, Rate), we take 477

unweighted means in 2 steps: (i) average across 478

the 4 experimental settings (2 readers × 2 retrieval 479

depths), then (ii) average across the 5 datasets (NQ, 480

TQA, HQA, 2Wiki, Musique). In general, we out- 481

performed all baselines on answer accuracy with a 482

clear gap to the next contenders (e.g., LongLLM- 483

Lingua) while holding the second-fastest position 484

and a compact ratio. 485

In Tab. 6 in the Appendix, we tried experiments 486

with a proprietary Gemini-2.5-flash, GPT-5-mini 487

and a mega-size Kimi-K2 as readers on HQA (intra- 488

domain) and 2Wiki (inter-domain) to have further 489

comparison. Results show a similar pattern: we 490

achieve the best answer quality and the second-best 491

latency, while our method yields much greater com- 492

pactness than LongLLMLingua (39.1% vs 8.5% in 493

HQA and 39.3% vs 6.4% in 2Wiki). 494

Robustness To assess the robustness of compres- 495

sion as the retrieved set enlarges, we increase the 496

number of top chunks k ∈ {5, 10, 20, 30} in exper- 497

iments on HQA dataset with Llama-3.1-8B reader 498

as in Fig. 3. Our approach consistently improves 499

EM, rising from 30.97 points at k = 5 to 32.82 500

points at k = 30, while avoiding the performance 501

degradation observed in RECOMP variants, Re- 502

finer at larger k. Across retrieval sizes, our ap- 503

proach outperforms the baselines, except at k = 10, 504

where it is lower than CompAct. Regarding effi- 505

ciency, we achieve competitive latency that scales 506

nearly linearly with k (0.037s to 0.241s). Com- 507
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Table 1: Performance across models and datasets by reader Llama-3.1-8B Instruct and Llama-3.3-70B Instruct. Best (bold) and
second-best (underlined) are determined using higher-precision values before rounding to shown decimal places.

NQ TQA HQA 2Wiki Musique

EM F1 Time Rate EM F1 Time Rate EM F1 Time Rate EM F1 Time Rate EM F1 Time Rate

Llama-3.1-8B Instruct Top-5 retrieved chunks

Raw 35.4 47.3 - 100 60.9 69.8 - 100 30.2 40.9 - 100 23.5 30.2 - 100.0 4.3 10.8 - 100
CompAct 31.4 42.0 2.573 12.1 60.0 69.1 2.594 12.0 28.1 37.5 2.517 11.9 22.1 28.8 2.354 10.6 6.1 13.6 2.781 11.9
EXIT 33.8 45.0 0.359 56.1 60.1 68.2 0.340 50.9 28.9 39.4 0.347 48.6 21.3 27.4 0.380 42.6 4.0 10.8 0.349 45.3
RECOMP-abs 33.5 45.1 0.765 7.8 53.8 63.5 0.578 7.6 28.3 39.4 0.527 7.0 24.4 29.6 0.436 5.5 4.3 11.8 0.499 6.6
RECOMP-ext 33.8 45.1 0.009 47.4 57.4 65.7 0.009 47.7 26.7 36.5 0.010 50.6 19.2 25.9 0.008 50.1 4.2 10.5 0.009 48.6
Refiner 33.2 44.9 2.403 15.3 60.3 69.4 1.967 13.2 29.7 40.5 1.624 10.4 22.2 28.2 1.325 8.3 5.3 12.0 1.436 8.9
LongLLMLin 29.8 41.2 0.345 46.2 59.6 68.2 0.344 45.9 28.6 38.5 0.329 47.1 21.5 27.0 0.339 36.9 4.4 10.9 0.347 46.3
Provence 33.4 44.8 0.059 26.4 59.9 69.1 0.056 25.4 28.7 39.4 0.056 19.5 21.5 27.7 0.059 15.5 4.5 11.2 0.056 14.7
Ours 33.4 44.9 0.036 20.0 60.6 69.7 0.037 20.1 31.0 42.0 0.038 15.9 22.3 28.8 0.037 12.2 5.7 12.7 0.038 10.8

Top-20 retrieved chunks

Raw 37.2 49.3 - 100 64.0 72.7 - 100 31.1 41.7 - 100 25.6 32.0 - 100 4.6 11.1 - 100
CompAct 33.8 45.4 4.312 3.7 60.0 69.0 4.102 3.5 30.9 42.1 4.696 3.7 21.6 28.2 4.905 3.5 5.3 12.4 5.869 4.1
EXIT 34.6 45.8 1.414 51.6 58.6 66.4 1.452 45.4 29.9 39.8 1.474 41.9 23.1 28.9 1.619 37.6 4.2 10.9 1.480 41.9
RECOMP-abs 32.9 44.9 1.223 2.1 55.9 65.3 1.332 2.0 28.5 39.8 1.206 1.8 22.4 28.2 1.145 1.4 5.2 11.9 1.393 1.6
RECOMP-ext 30.9 41.3 0.036 11.4 54.8 62.6 0.037 11.5 23.3 32.1 0.035 12.4 15.8 22.3 0.036 12.2 4.0 9.7 0.037 12.0
Refiner 31.0 42.0 6.727 8.8 59.1 68.0 5.013 6.5 29.1 39.3 3.915 4.4 22.2 28.1 3.219 3.7 5.1 11.6 4.551 5.0
LongLLMLin 33.4 45.5 1.335 39.0 62.8 70.8 1.436 39.1 30.9 41.7 1.357 39.1 24.9 30.7 1.357 39.3 4.7 11.4 1.343 39.4
Provence 34.2 46.2 0.188 20.8 63.2 71.7 0.189 18.9 30.0 40.5 0.199 13.8 22.5 28.6 0.197 11.9 5.3 11.9 0.196 12.2
Ours 34.4 46.5 0.153 13.8 63.9 72.2 0.161 12.9 32.4 43.7 0.158 8.5 25.0 30.8 0.159 6.4 6.5 13.8 0.164 7.0

Llama-3.3-70B Instruct Top-5 retrieved chunks

Raw 36.8 51.1 - 100 65.8 75.2 - 100 35.6 47.8 - 100 27.2 34.9 - 100 8.2 16.8 - 100
CompAct 35.3 48.4 2.573 12.1 65.2 74.6 2.594 12.0 36.6 48.6 2.517 11.9 27.0 34.6 2.354 10.6 9.2 17.8 2.781 11.9
EXIT 35.0 48.5 0.359 56.1 64.4 73.8 0.340 50.9 34.2 45.6 0.347 48.6 24.3 31.2 0.380 42.6 7.5 16.1 0.349 45.3
RECOMP-abs 33.9 46.6 0.765 7.8 56.9 66.9 0.578 7.6 32.2 44.3 0.527 7.0 26.7 32.3 0.436 5.5 6.5 14.2 0.499 6.6
RECOMP-ext 36.4 49.1 0.009 47.4 65.0 74.1 0.009 47.7 32.7 44.1 0.010 50.6 22.0 30.0 0.008 50.1 7.0 15.3 0.009 48.6
Refiner 35.1 48.6 2.403 15.3 65.6 75.2 1.967 13.2 35.8 47.6 1.624 10.4 25.7 32.7 1.325 8.3 8.3 16.6 1.436 8.9
LongLLMLin 32.8 46.3 0.345 46.2 65.7 74.9 0.344 45.9 34.4 46.2 0.329 47.1 25.1 31.8 0.339 36.9 7.9 16.5 0.347 46.3
Provence 35.8 49.8 0.059 26.4 66.1 75.6 0.056 25.4 35.2 47.3 0.056 19.5 27.0 33.7 0.059 15.5 6.9 16.3 0.056 14.7
Ours 35.1 48.8 0.036 20.0 66.8 76.3 0.037 20.1 37.3 50.1 0.038 15.9 31.2 37.6 0.037 12.2 9.5 18.8 0.038 10.8

Top-20 retrieved chunks

Raw 39.1 53.4 - 100 68.8 77.9 - 100 38.2 50.3 - 100 30.6 38.5 - 100 10.0 18.9 - 100
CompAct 35.2 48.5 4.312 3.7 64.9 74.0 4.102 3.5 36.1 47.8 4.696 3.7 26.5 33.2 4.905 3.5 8.4 15.9 5.869 4.1
EXIT 37.0 51.3 1.414 51.6 66.3 75.8 1.452 45.4 36.2 48.2 1.474 41.9 27.4 34.7 1.619 37.6 8.7 17.7 1.480 41.9
RECOMP-abs 34.2 47.2 1.223 2.1 60.2 69.9 1.332 2.0 33.1 45.4 1.206 1.8 27.7 33.4 1.145 1.4 6.7 14.8 1.393 1.6
RECOMP-ext 33.5 45.7 0.036 11.4 64.0 72.6 0.037 11.5 28.3 38.9 0.035 12.4 17.1 24.6 0.036 12.2 6.0 14.1 0.037 12.0
Refiner 33.4 46.4 6.727 8.8 64.1 73.6 5.013 6.5 33.4 45.0 3.915 4.4 25.7 32.0 3.219 3.7 7.8 16.1 4.551 5.0
LongLLMLin 36.2 50.8 1.335 39.0 67.9 77.2 1.436 39.1 36.6 48.9 1.357 39.1 29.4 37.1 1.357 39.3 8.9 18.2 1.343 39.4
Provence 37.0 51.3 0.188 20.8 66.6 76.0 0.189 18.9 35.4 47.5 0.199 13.8 26.3 33.0 0.197 11.9 8.7 18.0 0.196 12.2
Ours 36.3 50.5 0.153 13.8 67.3 76.9 0.161 12.9 38.5 51.2 0.158 8.5 31.4 37.5 0.159 6.4 10.7 20.1 0.164 7.0

Table 2: Overall performance across compressors, via 2-stage
averaging: first over 4 settings (2 readers × 2 retrieved depths),
then over all five datasets.

EM F1 Time Rate

CompAct 32.2 41.6 3.670 7.7
EXIT 32.0 41.3 0.921 46.2
RECOMP-abs 30.4 39.7 0.910 4.3
RECOMP-ext 29.1 38.0 0.023 30.4
Refiner 31.6 40.9 3.218 8.5
LongLLMLin 32.3 41.7 0.853 41.8
Provence 32.4 42.0 0.126 17.9
Ours 34.0 43.6 0.098 12.8

pared to EXIT or LongLLMLingua, our method508

shrinks length by over 50% while achieving su-509

perior accuracy. Although our compression ra-510

tio is slightly higher than Refiner, CompAct, and511

Recomp-Abs, we find this trade-off to be justified,512

as ours outperforms theirs by clear margins in ac-513

curacy with high throughput. 514

For an overview of model comparisons, we 515

present Fig. 1, which compares EM, F1, Context 516

Saved %, and Questions per Second across models, 517

with mean values over all datasets at k = 20 us- 518

ing the Llama-3.1-8B reader. Although we cannot 519

outperform in all aspects, our broadest coverage 520

in the chart indicates a great balance between per- 521

formance and efficiency: it achieves competitive 522

compression savings while maintaining SOTA per- 523

formance, which existing works struggled to attain. 524

5 Ablation Study 525

To analyze the contribution of loss parts, we con- 526

duct a study by systematically removing them and 527

evaluating performance. As shown in Tab. 3, the 528
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Figure 3: Performance analysis on HQA at increasing top-k = {5, 10, 20, 30} by reader Llama-3.1-8B Instruct, comparing EM,
compression latency, and compression ratio between baselines and our proposed method.

Table 3: Performance over subsets 500 of datasets on our
model trained with different loss variants at top-10 chunks by
Llama-3.3-70B Instruct. Full uses the complete loss; -BCE
excludes all the BCE terms; -BCE -crit excludes both.

Variants
NQ TQA HQA 2Wiki Musique

EM F1 EM F1 EM F1 EM F1 EM F1

Full 36.8 51.8 69.2 76.7 38.6 51.1 30.8 35.4 10.6 18.8
-BCE 33.7 46.8 67.8 75.9 35.0 46.3 28.1 33.2 8.8 18.3
-crit 35.6 49.3 69.2 76.8 37.6 50.1 29.8 34.0 10.3 17.9
-BCE -crit 32.6 46.4 68.4 76.2 34.6 46.6 24.6 30.1 7.2 17.2

model trained by the complete loss function consis-529

tently achieves the best results across all datasets.530

Ablating BCE terms causes a more significant per-531

formance degradation than removing the Lcrit com-532

ponent, indicating that BCE terms are critical for533

model accuracy. While one might hypothesize that534

Lord is sufficient for creating a discriminative dis-535

tance between sentences, the performance drop536

from removing Lcrit confirms its essential role. As537

expected, excluding both components leads to the538

lowest performance, underscoring the synergistic539

value of each term in the final loss calculation.540

Table 4: Performance over subsets 500 of datasets on our
2 backbones: ModernBERT-large and ModernBERT-base at
top-10 chunks by Llama-3.3-70B Instruct. Compression time
(Lat) is in milliseconds.

NQ TQA HQA 2Wiki Musique
EM F1 EM F1 EM F1 EM F1 EM F1

-large 36.8 51.8 69.2 76.7 38.6 51.1 30.8 35.4 10.6 18.8
-base 33.2 46.5 66.9 75.1 34.8 47.4 26.8 32.2 9.1 17.2

Lat Rate Lat Rate Lat Rate Lat Rate Lat Rate

-large 72.5 16.1 78.5 16.6 78.1 11.4 78.4 8.5 80.7 8.4
-base 35.7 11.8 38.3 14.5 37.9 13.8 38.1 13.2 41.8 10.4

We also evaluate two backbone sizes, large and541

base, to analyze the trade-off between performance542

and efficiency in Tab. 4. The large variant con-543

sistently achieves higher EM and F1 scores across544

all datasets. Conversely, the base model demon-545

strates a significant speed advantage, with a latency546

around half that of the large model. This presents a547

clear choice between the superior accuracy of the 548

larger model and the lightweight of the base. 549

Table 5: Performance over subsets 500 on our model with
inference strategies at k = 10 by Llama-3.3-70B Instruct.
Adaptive-gap uses the (default) inference strategy as in Section
3.1.2; Margin-based use the native margins (m1,m2) from
training phase to classify.

Variants
NQ TQA HQA 2Wiki Musique

EM F1 EM F1 EM F1 EM F1 EM F1

Adaptive-gap 36.8 51.8 69.2 76.7 38.6 51.1 30.8 35.4 10.6 18.8
Margin-based 36.5 50.4 68.7 76.5 38.8 51.2 30.3 34.4 9.9 18.3

Across inference strategies (Tab. 5), the Adap- 550

tive gap yields slightly stronger overall perfor- 551

mance, delivering higher F1 and marginally im- 552

proving EM in most cases. In contrast, the native 553

margin-based rule, which leverages fixed training- 554

time margins, is competitive. Still, it tends to un- 555

derperform, suggesting that adaptive thresholds at 556

inference are better for generalization than directly 557

reusing (m1,m2). 558

6 Conclusion 559

We present a margin-based framework to enhance 560

context compression in RAG systems. Our frame- 561

work uses a query-driven pruning strategy to select 562

sentences vital for answering the query. We find 563

that encoder-only models are sufficient and more 564

efficient than decoder-based LLMs for sentence- 565

level compression. Through experiments, our ap- 566

proach outperforms recent methods in single-hop 567

and multi-hop QA tasks while achieving lower 568

memory usage, faster inference, and a more favor- 569

able compression ratio. Our method shows strong 570

zero-shot generalization and transfers across open- 571

source models of different scales when trained ex- 572

clusively on the HQA dataset. These results in- 573

dicate that our method can outperform larger and 574

more complex compression methods, offering a 575

practical solution for real-world RAG applications. 576
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Limitations577

Our approach relies on explicit sentence-level anno-578

tations for training, which in the HQA dataset were579

obtained manually. Although such labels could, in580

principle, be generated by advanced large language581

models (e.g., commercial systems such as GPT-5582

or Gemini-3), this raises concerns about the cost583

of API usage and the reliability of LLM-as-judge584

annotations.585

Moreover, because our method performs586

sentence-level pruning, complex sentences that are587

long, noisy, or contain extraneous details remain588

only partially optimized for length. We anticipate589

that a finer-grained strategy—such as pruning at590

the phrase or clause level—could address this limi-591

tation. However, the scarcity of high-quality anno-592

tations at that level presents a significant challenge.593
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Appendix783

In the Appendix, additional implementation details,784

supplementary results and analyses which are not785

covered in the main text is provided.786

A Extended Implementation Details787

This section reports our training environment and788

prompt templates. All training experiments are789

done on single NVIDIA RTX 4090 GPUs (multiple790

similar workstations: same GPU, similar CPUs and791

RAM sizes).792

A.1 Training Configuration793

We adopt LoRA (Hu et al., 2022) to finetune the794

pruning model at bfloat16 precision for parameter-795

efficient training while preserving generalization796

from the original weights. The model was trained797

with the following hyper-parameters:798

• Batch size: {1, 2, 4}799

• Gradient accumulation steps: 8800

• Learning rate: 7e-5801

• Weight decay: 0.02802

• Warmup steps: 200803

• Training epochs: up to 6804

• Optimizer: AdamW805

• LoRA configuration: Rank = 64, Scaling =806

16, Dropout = 0.1807

• m1 = m2 = 0.35, m3 = 0.035;808

α = 1.5, β = 1.25, γ = 1.0;λ = 0.75;809

BCE positive weight= 5.0810

• Max sampling m = 50 sentences (to curb811

memory usage in extremely long passages812

while still ensuring nearly the same effect813

compared with inspecting all n sentences of814

those)815

Regarding detail model architecture, our model816

is a lightweight scoring architecture built on a817

pretrained ModernBERT encoder plus a learnable818

multi-head attention pooling layer. Instead of CLS819

or mean pooling, H learned query vectors (one820

per pooling head; H = number of pooling heads821

= 8, with hidden size divisible by H) attend over822

the token sequence to produce head-specific sum-823

maries that are concatenated and linearly projected.824

Padding is masked before and after softmax for sta-825

bility. A dropout layer and a final linear unit map826

the pooled representation to a single scalar score.827

Model selection was guided by validation loss 828

and it took around 21 hours for each training (up 829

to 6 epochs). 830

A.2 Data Augmentation & Pre-processing. 831

We also add some data augmentation operations: 832

(1) Randomly drop extra non-critical sentences 833

when inspecting (dropping) a critical sentence: 834

10%; (2) Randomly drop extra non-critical sen- 835

tences when inspecting (dropping) a non-critical 836

sentence: 10%; (3) Randomly insert punctuation 837

between sentences: 20%; (4) Randomly add start 838

word(phrase), end word(phrase): 5%. We only 839

used the query and the corresponding context set 840

as the original HotpotQA set provided; no cross- 841

pairing (i.e., a query with a non-corresponding con- 842

text set) was used. 843

Some pre-processing we used: (1) merge over- 844

lapped chunks from a same document to reduce 845

duplication in parts and titles (not longer than 20 846

sentences); (2) too short chunks–having less than 847

4 sentences, were also merged to become longer 848

chunks for less extreme length imbalance in dataset 849

(not longer than 12 sentences). 850

A.3 More Inference Configuration 851

Document-level threshold and delta min dmin, δmin 852

were determined by grid search for each model 853

weight set as mentioned before. Our best result 854

weight set is with dmin = 0.12, δmin = 0.01 855

A.4 QA Prompt Template 856

Below Listing 1 is the QA prompt template for 857

LLM readers to consider the query with the pro- 858

vided compressed context and answer. 859

Listing 1: QA Prompt Template
860

Context information is: 861
```{Merged Compressed Context}``` 862

863
Given provided context (might not be 864

sufficient for below query), answer 865
the query without any explanation. 866

Query: `{question}` 867
Answer (in plain text): 868869

B Additional Experimental Results 870

Tab. 6 provided extra insight on compressor perfor- 871

mance with powerful LLM readers such as Gemini- 872

2.5-flash, Moonshot Kimi-K2, and GPT-5-mini 873

(low effort). 874

Tab. 7 is the averaged metrics on all 5 datasets 875

(NQ, TQA, HQA, 2Wiki, Musique) by compres- 876

sors at top-20 retrieved chunks by Llama-3.1-8B 877
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Table 6: Performance across compressing models on HQA
and 2Wiki datasets using Gemini-2.5-flash, Kimi-K2 and GPT-
5-mini (low effort) readers at top-20 retrieved chunks.

Model
HQA 2Wiki

R
ea

de
r

EM F1 Time Rate EM F1 Time Rate

Raw 37.1 48.3 - 100 29.4 35.8 - 100

G
em

in
i-

2.
5-

fla
sh

CompAct 30.1 39.5 4.696 3.7 16.6 22.6 4.905 3.5
EXIT 33.5 44.2 1.474 41.9 23.2 29.7 1.619 37.6
RECOMP-abs 30.0 40.5 1.206 1.8 23.0 27.6 1.145 1.4
RECOMP-ext 20.0 27.8 0.035 12.4 11.5 18.4 0.036 12.2
Refiner 29.3 38.6 3.915 4.4 19.8 24.8 3.219 3.7
LongLLMLin 34.3 45.4 1.357 39.1 25.4 31.5 1.357 39.3
Provence 31.9 42.3 0.199 13.8 19.0 26.2 0.197 11.9
Ours 36.5 47.5 0.158 8.5 24.7 30.4 0.159 6.4

Raw 40.8 53.4 - 100 34.4 41.6 - 100

K
im

i-
K

2

CompAct 36.1 46.8 4.696 3.7 23.9 29.0 4.905 3.5
EXIT 38.3 50.5 1.474 41.9 31.0 37.3 1.619 37.6
RECOMP-abs 34.2 46.1 1.206 1.8 29.0 33.5 1.145 1.4
RECOMP-ext 31.2 42.0 0.035 12.4 22.6 28.8 0.036 12.2
Refiner 34.7 45.8 3.915 4.4 28.9 34.0 3.219 3.7
LongLLMLin 39.2 51.7 1.357 39.1 32.4 39.0 1.357 39.3
Provence 38.3 50.1 0.199 13.8 30.7 36.7 0.197 11.9
Ours 41.0 53.5 0.158 8.5 33.4 39.2 0.159 6.4

CompAct 41.8 57.1 4.696 3.7 34.4 43.3 4.905 3.5

G
PT

-5
-m

in
i(

lo
w

)

EXIT 43.3 59.0 1.474 41.9 42.7 52.6 1.619 37.6
RECOMP-abs 38.5 53.1 1.206 1.8 35.8 43.3 1.145 1.4
Refiner 39.9 54.8 3.915 4.4 35.8 44.0 3.219 3.7
LongLLMLin 44.2 60.7 1.357 39.1 43.1 53.6 1.357 39.3
Provence 43.0 58.9 0.199 13.8 41.9 50.9 0.197 11.9
Ours 44.1 60.5 0.158 8.5 42.8 52.6 0.159 6.4

Table 7: Average metrics on all 5 datasets across compressors
at top-20 chunks by Llama-3.1-8B Instruct reader.

EM F1 QpS Save %

CompAct 30.3 39.4 0.2 96.3
EXIT 30.1 38.4 0.7 56.3
RECOMP-abs 29.0 38.0 0.8 98.2
RECOMP-ext 25.8 33.6 27.7 88.1
Refiner 29.3 37.8 0.2 94.3
LongLLMLingua 31.3 40.0 0.7 60.8
Provence 31.0 39.8 5.2 84.5
Ours 32.4 41.4 6.3 90.3

Instruct reader. Question per second QpS =878

1/Latency; Context Saved % is 100%−rate. This879

is the data that was used for the radar chart 1. Note880

that Tab. 7 is different with Tab. 2 because Tab. 7881

is average values at only one setting (Llama-3.1-8B882

at k = 5) while Tab. 2 are mean values across all 4883

settings. It make more sense to draw Fig 1 by data884

in Tab. 7 because at the same k, chunks across dif-885

ferent datasets are similar due to the same corpus886

and the same retriever, thus these values yield more887

stable trade-off profiles between compressors.888

To test the generalization on different retrieval889

components, our experiments on HotpotQA with890

the BM25 retriever (Tab. 8), our method similarly891

achieves the best answer quality, outperforming all892

baselines in both EM and F1 while maintaining low893

inference time. In terms of efficiency trade-offs,894

RECOMP-ext is the fastest but incurs a clear ac-895

curacy drop, whereas methods with stronger com- 896

pression (lower rate, e.g., RECOMP-abs) tend to 897

require substantially more time—highlighting a fa- 898

vorable quality–efficiency balance for our approach. 899

Table 8: Performance across compressors using LLama-3.1-
8B Instruct at k = 10 by the BM25 retriever on HotpotQA.

EM F1 Time Rate

CompAct 31.8 42.9 2.787 6.5
EXIT 29.8 40.8 0.701 44.5
RECOMP-abs 29.9 42.4 0.698 3.6
RECOMP-ext 28.2 37.3 0.016 27.3
Refiner 32.4 43.3 2.750 8.3
LongLLMLin 31.9 41.8 0.617 40.7
Provence 30.0 41.0 0.099 19.0
Ours 33.6 45.3 0.078 12.2

900

Figure 4: Peak memory vs. end-to-end latency for all compres-
sors (lower-left indicates better efficiency) on HQA subset 500
at k = 10 by Llama-3.1-8B Instruct. Each point represents
one model; ours is highlighted with a black ring, where our
method is among the low-computationally required methods.

The Fig. 4 illustrates the lightweight nature of 901

our approach compared with the baselines. In the 902

latency–memory space, ours lies close to the lower- 903

left region, indicating low end-to-end latency while 904

maintaining a small peak-memory footprint. Over- 905

all, the plot highlights that our method achieves a 906

notably favorable efficiency trade-off among the 907

compared techniques. 908

The codebase and model checkpoints will be 909

released after the review session. 910
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