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Abstract001

Retrieval-Augmented Generation (RAG) has002
become a widely adopted paradigm for enhanc-003
ing the reliability of large language models004
(LLMs). However, RAG systems are sensitive005
to retrieval strategies that rely on text chunking006
to construct retrieval units, which often intro-007
duce information fragmentation, retrieval noise,008
and reduced efficiency. Recent work has even009
questioned the necessity of RAG, arguing that010
long-context LLMs may eliminate multi-stage011
retrieval pipelines by directly processing full012
documents. Nevertheless, expanded context ca-013
pacity alone does not resolve the challenges of014
relevance filtering, evidence prioritization, and015
isolating answer-bearing information. To this016
end, we proposed M-RAG, a novel CHUNK-017
FREE retrieval strategy. Instead of retrieving018
coarse-grained textual chunks, M-RAG extracts019
structured, k-v decomposition meta-markers,020
with a lightweight, intent-aligned retrieval key021
for retrieval and a context-rich information022
value for generation. Under this setting, M-023
RAG enables efficient and stable query-key024
similarity matching without sacrificing expres-025
sive ability. Experimental results on the Long-026
Bench subtasks demonstrate that M-RAG out-027
performs chunk-based RAG baselines across028
varying token budgets, particularly under low-029
resource settings. Extensive analysis further030
reveals that M-RAG retrieves more answer-031
friendly evidence with high efficiency, validat-032
ing the effectiveness of decoupling retrieval rep-033
resentation from generation and highlighting034
the proposed strategy as a scalable and robust035
alternative to existing chunk-based methods.036

1 Introduction037

As a promising approach for improving the fac-038

tual reliability and adaptability of large language039

models (LLMs), Retrieval-Augmented Generation040

(RAG) has recently attracted increasing attention.041

By dynamically incorporating external, domain-042

specific knowledge during the generation process,043

Figure 1: Insight from our concerns: information frag-
mentation and structural loss caused by RAG chunking.
(Figure generated by Nano Banana (Team, 2025a))

RAG alleviates the inherent static-knowledge lim- 044

itations of LLMs, reduces hallucination, and has 045

demonstrated strong applicability in knowledge- 046

intensive domains (Louis et al., 2024; Wu et al., 047

2025; Zhang et al., 2023). 048

Typically, a RAG system follows a multi-stage 049

pipeline: given an input query, the system first re- 050

trieves a set of candidate documents or passages 051

from an external knowledge base using dense or 052

sparse retrieval models. These candidates are then 053

segmented into fixed-length or semantically de- 054

fined chunks, followed by optional re-ranking to 055

filter relevant sets. Consequently, selected chunks 056

with queries are fed into the LLMs to conduct the 057

generation process (Lewis et al., 2020; Guu et al., 058

2020; Kamradt, 2024; Gao et al., 2024). 059

Although effective, the designation of RAG 060

tightly couples retrieval granularity with generation 061

context construction, making RAG systems sensi- 062

tive to the choice of chunking strategy. For instance, 063

fixed-length segmentation often fragments coher- 064
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ent semantic units and introduces irrelevant noise.065

While adaptive chunking methods such as semantic-066

based approaches like PIC (Wang et al., 2025c)067

or trained mixtures like MoC (Zhao et al., 2025)068

attempt to dynamically aggregate sentences, they069

remain fundamentally constrained by local context070

windows and struggle to preserve document-level071

causal, temporal, or hierarchical structures. More072

critically, chunking constitutes an inherently lossy073

preprocessing operation. By predefining informa-074

tion boundaries and granularity prior to retrieval,075

it limits the capacity of LLMs to reason over com-076

plete contextual dependencies, as illustrated in Fig-077

ure 1. Recent studies, such as DOS RAG (Laiten-078

berger et al., 2025), suggest that retaining the orig-079

inal document structure and abandoning complex080

chunking strategies can lead to more robust per-081

formance, which is increasingly feasible with the082

availability of long-context LLMs. Thus, a critical083

issue is naturally raised: if model "see" the entire084

document, is the RAG process still necessary?085

The answer should be affirmative: long-context086

capability does not eliminate the need for RAG,087

but rather shifts its role from overcoming mem-088

ory extension limitations to enabling efficient,089

relevance-aware knowledge utilization (Hsieh et al.,090

2024; Wang et al., 2024; Asai et al., 2024; Nu-091

engsigkapian, 2025; Wang et al., 2025a). While092

extended context windows relax hard token con-093

straints for LLMs, they do not inherently provide094

mechanisms for relevance filtering or evidence pri-095

oritization. Recent work CFIC (Qian et al., 2024)096

supports this view by proposing a chunk-free, in-097

context retrieval approach that identifies evidence098

text via autoregressive decoding over document099

representations. Although our method adopts a dif-100

ferent problem-solving perspective, both lines of101

work acknowledge that RAG explicitly structures102

the interaction between external knowledge and103

generation, allowing selective access to relevant104

information and controlled knowledge injection.105

As a result, RAG remains essential as a principled106

framework, but asking for more efficient and robust107

knowledge-retrieval mechanisms.108

To this end, we propose M-RAG, a novel109

CHUNK-FREE retrieval strategy within the RAG110

framework that fundamentally departs from text111

chunking. Instead, M-RAG leverages off-the-shelf112

LLMs (e.g., DeepSeek-V3.2 (DeepSeek-AI, 2025))113

to extract structured marker entries directly from114

complete documents. Each marker entry, a.k.a.115

meta-marker, is decoupled into two complementary116

components: a lightweight retrieval key k, which 117

serves as an efficient "anchor" for similarity match- 118

ing when retrieved, and a context-rich information 119

value v, which preserves the corresponding content 120

for future generation. Unlike existing paragraph- or 121

chunk-level retrieval, this key-value decomposition 122

enables lightweight retrieval while providing sta- 123

ble, intent-aligned access to contextual information. 124

Our main contributions are summarized as: 125

• We propose M-RAG, a novel and principled 126

CHUNK-FREE retrieval strategy within the 127

RAG framework that fundamentally departs 128

from text chunking and rethinks knowledge 129

injection in the long-context era. 130

• We design a decoupled K-V MARKER that en- 131

ables lightweight and efficient retrieval with- 132

out sacrificing contextual fidelity and, to our 133

knowledge, is the first retrieval strategy to ex- 134

plicitly separate retrieval representations from 135

generation content within the RAG system. 136

• Experiments on LongBench subtasks demon- 137

strate strong performance, and in-depth anal- 138

yses indicate that the proposed retrieval strat- 139

egy offers a scalable and robust alternative to 140

chunk-based RAG methods. 141

2 Methodology 142

In this section, we introduce M-RAG, a novel 143

retrieval strategy that eliminates traditional text 144

chunking in conventional RAG. As shown in Fig- 145

ure 2, the whole workflow consists of two stages: 146

1) Marker Extractor, which drives concise, seman- 147

tically and retrieval-optimized meta-markers from 148

documents, is the main contribution of this work, 149

and 2) meta-marker retrieval and response genera- 150

tion, where the most query-relevant meta-markers 151

are selected under a fixed token budget to guide 152

response generation. We next detail the design of 153

each module. 154

2.1 Marker Extractor 155

With simplicity and effectiveness in mind, M- 156

RAG is designed as a model-agnostic, drop-in re- 157

placement for existing RAG systems. 158

Conception. Intuitively, a user query reflects an 159

underlying information need associated with their 160

core intent. Considering the same information 161

need may be expressed through many semantically 162

equivalent queries, effective retrieval must be ro- 163

bust to substantial surface-form variability. In this 164
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Figure 2: The overall architecture of M-RAG.

context, aligning queries to fixed or semantically165

aggregated text chunks is unnecessarily heavy. We166

therefore argue that, rather than requiring align-167

ment with textual chunks, effective retrieval should168

match user queries to lightweight semantic cues169

that capture the core intent of the information need.170

This perspective motivates the design of M-RAG,171

which operates intent-aligned semantic cues as re-172

trieval units in place of textual chunks.173

Specifically, we first derive a set of meta-174

markers mi to form an n-markers entry MD =175

{m1, · · · ,mn}, where each mi is a self-contained176

textual string with its length li, and both the n and177

li are unconstrained. Herein, each meta-marker mi178

is decoupled into two complementary components:179

• ki, a lightweight retrieval key, serves as an180

intent-aligned semantic cue optimized for181

matching anticipated queries and maximizing182

retrieval recall.183

• vi, a context-rich information value, preserves184

the substantial factual or relational content and185

provides grounding for generation.186

Thus, a complete meta-marker mi can be formed187

as mi = ki⊕vi, where ⊕ is textual concatenation.188

Implementation. Before extraction, a position tag189

will be inserted into every token-based segment190

(e.g., 128 tokens) in each document D to make use191

of the order information and enable precise cover-192

age validation post-extraction, denoted as [Para-193

graph N] with N starting from 0. Subsequently,194

we formulate a prompt to instruct an off-the-shelf195

LLM to derive the marker MD for each corpus196

D. The prompt dynamically specifies an expected197

minimum meta-marker count, calculated as the doc-198

ument’s total token count divided by the segment199

size, to guide the LLM toward sufficient granularity 200

and coverage. A representative prompt template is 201

shown in Table 1 (see Appendix C for details). 202

The output of the prompted-LLM is then parsed 203

to extract individual meta-markers, each consist- 204

ing of its retrieval key ki, an information value vi, 205

and the associated paragraph indices indicating the 206

source paragraphs in the original corpus (denoted 207

as [paragraph N]). To ensure extract quality, we 208

define coverage as the proportion of paragraph seg- 209

ments that appear in the paragraph indices of at 210

least one meta-marker. If coverage falls below a 211

threshold (0.95 in this work), the extraction is re- 212

tried using the same prompt for up to three attempts. 213

If all attempts fail, we select the output with the 214

highest coverage and apply a conservative fallback 215

strategy: each uncovered paragraph is converted 216

into a meta-marker with ki = vi set to the para- 217

graph content, and the corresponding paragraph 218

indices assigned. 219

Formally, the marker extractor is defined as: 220

MD = LLM(D, P ), (1) 221

where P refers to the prompt and MD = 222

{(ki,vi)}ni=1 is the set of extracted meta-markers 223

for document D. Subsequently, each retrieval 224

key ki is encoded to a dense vector to form an 225

"anchor" tensor eK = {eki , · · · , ekn}, where 226

eki = 1
|ki|E(ki) ∈ Rdm , E(·) refers to any em- 227

bedding model, such as BAAI/bge-m3 (Chen et al., 228

2024a), and dm denotes the embedding dimension. 229

Thus, anchor ki is prepared for similarity-based 230

retrieval, and its corresponding context-rich infor- 231

mation vi is reserved for generation. 232
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Table 1: Prompt Structure for Marker Extraction

Component Content

Extraction Rules 1. Fine-Grained Segmentation - STRICT PARAGRAPH LIMIT:
- Each meta-marker MUST use 1-3 paragraphs ONLY. NO EXCEPTIONS.
- Prefer 1-2 paragraphs per meta-marker for best quality.
- If you need to cover 10 paragraphs, create 5-10 separate meta-markers, NOT one big meta-marker.
- Overlap is REQUIRED: Reuse the same paragraphs across multiple meta-markers to ensure coverage.
2. Resolution and Binding:
- No pronouns: Replace with explicit names where ambiguity exists (e.g., ’he’ → ’Keith Nichol’).
- Bind attributes: For people (birth date, roles, relationships), organizations (location, founding year), works
(author, year), events (dates, figures), stats (exact values).
3. v (Information Block) - FOCUSED AND CONCISE:
- A self-contained paragraph (200-300 words) covering ONE SPECIFIC aspect or fact.
- Keep it narrow and atomic - don’t try to cover too much.
- Include necessary context but maintain a tight focus.
- Extract v first, then generate k to match it.
4. k (Summary Query) - GENERATE ONE DETAILED QUESTION THAT SUMMARIZES v:
- Generate ONE question that BOTH summarizes the content AND serves as a retrieval query.
- The question can be longer and more detailed - include key entities, names, dates, and concepts mentioned in v.
- k should capture the essence of v, acting as both a summary and a search query.
- The question should be specific enough to match this block’s content and rich enough to stand alone.
- Think: "What detailed question would both describe AND help retrieve this information?"
5. paragraph_indices (Source Paragraph Indices) - MAXIMUM 3 PARAGRAPHS:
- List the paragraph numbers (0-based) where this meta-marker’s information comes from.
- ABSOLUTE MAXIMUM: 3 paragraphs per meta-marker. Arrays with 4+ elements are INVALID.
- PREFERRED: 1-2 paragraphs per meta-marker for highest quality.
- Paragraphs MUST be reused across multiple meta-markers to achieve full coverage.

Reference Examples {examples}

2.2 Retrieval and Generation233

When retrieval, given a user query q, M-RAG first234

generates its embedding eq = E(q). Then, re-235

trieval identifies candidate meta-markers via simi-236

larity matching over anchors, namely,237

M̂ c = σ(eq, eK), (2)238

where σ is a similarity function, such as cosine239

similarity. M-RAG further follows previous works240

to leverage HNSW (Malkov and Yashunin, 2018)241

for efficient approximate nearest neighbor search.242

Next, we dynamically select the top-ranked meta-243

markers M c = {kc,vc} from M̂ c until the cumu-244

lative token of vc exceeds a predefined token bud-245

get B (computed via tiktoken). For post-filling dur-246

ing context construction, we apply two re-sorting247

strategies on retrieval keys: position-based order-248

ing, which follows the original document order ac-249

cording to paragraph indices, and similarity-based250

ordering, which ranks retrieval keys by their seman-251

tic relevance to the user query. Due to the space252

limitations, the impact of two sorting strategies is253

reported in Appendix D.254

After retrieval key is obtained, the generation255

stage follows the standard RAG pipeline. The corre-256

sponding information values are incorporated into257

generation by prompting an instruction-tuned LLM258

with the retrieved content, as: Using the following 259

retrieved information [vc] answer the query [q]. 260

2.3 Advantage Statement 261

M-RAG decouples retrieval representation from 262

generation content, enabling lightweight and robust 263

retrieval while preserving context-rich information 264

for generation. By retrieving lightweight, intent- 265

aligned semantic keys instead of coarse-grained 266

textual chunks, M-RAG avoids an inherent granu- 267

larity mismatch in existing RAG systems, where 268

fine-grained user queries are matched against large 269

and semantically heterogeneous text chunks. In 270

addition, our marker extraction process is guided 271

by a zero-shot or few-shot prompting paradigm, 272

designed as a drop-in pre-process module with- 273

out task-specific samples, reducing prompt com- 274

plexity and computational overhead. Together, 275

these designs yield an efficient and robust retrieval- 276

augmented framework, particularly well-suited for 277

long-context settings. 278

Concretely, relative to chunking-based RAG, M- 279

RAG yields several key advantages: 1) by holis- 280

tically processing documents and avoiding pre- 281

defined textual segmentation, the proposed strategy 282

mitigates chunk-induced fragmentation and bet- 283

ter preserves long-range interdependencies that are 284
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often disrupted by segmented retrieval, 2) the ex-285

plicit decomposition between retrieval anchor and286

generation content enhances query-key alignment287

while reducing irrelevant context injection, thereby288

achieving higher retrieval effectiveness and cleaner289

augmented contexts for generation. Moreover, M-290

RAG is designed as a model-agnostic, drop-in re-291

placement for existing RAG pipelines, enabling292

seamless integration without altering model archi-293

tectures or retrieval infrastructures, while remain-294

ing compatible with diverse prompting and deploy-295

ment settings.296

3 Experiment297

3.1 Setup298

Benchmark. We evaluate M-RAG on the QA sub-299

tasks of LongBench (Bai et al., 2024), a multitask300

benchmark designed for long-context understand-301

ing. Specifically, we use NarrativeQA (Kočiský302

et al., 2018) and Qasper (Dasigi et al., 2021) for303

single-hop QA, and 2WikiMultihopQA (Ho et al.,304

2020) for multi-hop QA, each consisting of 200305

samples. These subtasks span single- and multi-306

document scenarios, with average context lengths307

exceeding 3k tokens.308

Baselines. We compare against representative309

chunking-based RAG methods: Fixed-Size RAG310

that segments documents per 128 tokens, Seman-311

tic RAG that uses similarity for dynamic chunk-312

ing (Kamradt, 2024), PIC RAG that employs313

summary-sentence similarity for adaptive group-314

ing (Wang et al., 2025c), and recent DOS RAG315

that preserves original document structure without316

multi-stage processing (Laitenberger et al., 2025).317

All models use the same BAAI/bge-m3 retriever318

with token budget constraints (128×1, 128×3,319

128×5 tokens) for fair comparison.320

Implementation Details. In M-RAG, marker321

extraction is conducted using DeepSeek-322

V3.2 (DeepSeek-AI, 2025), with a unified prompt323

template across all benchmarks as specified in324

Table 4. For retrieval, we adopt the BAAI/bge-m3325

embedding model (Chen et al., 2024a). Gener-326

ation is performed using the instruction-tuned327

Qwen3-30B-A3B-Instruct-2507 (Team, 2025b).328

To ensure deterministic behavior and minimize329

stochastic variation, both the marker extractor330

and the generation model are configured with the331

temperature set to 0. All experiments are repeated332

five times to account for the variability introduced.333

Additional details and information on source code334

availability are provided in Appendix A. 335

3.2 Main Results 336

Table 2 reports the end-to-end QA performance 337

of different RAG paradigms across LongBench 338

subtasks under varying token budgets. Overall, 339

M-RAG demonstrates consistently strong perfor- 340

mance, with particularly clear advantages under 341

low-budget settings, where chunk-based methods 342

suffer from fragmentation and retrieval noise. On 343

NarrativeQA at 128×1, M-RAG achieves a score 344

of 0.0736, substantially outperforming Fixed-Size, 345

Semantic, and PIC by 11.5%, 19.3%, and 19.1%, 346

respectively, and ranking second only to DOS. M- 347

RAG’s advantage further expands as the budget 348

increases, while it surpasses all baselines at 128×5. 349

Similar trends are observed on Qasper, where M- 350

RAG achieves the best performance at 128×1 and 351

maintains competitive results at higher budgets, re- 352

flecting the benefit of marker-based retrieval in pre- 353

serving information when only limited context can 354

be injected. On 2WikiMultihopQA, M-RAG out- 355

performs baselines in most configurations. Across 356

all experiment settings, M-RAG achieves top-1 or 357

top-2 results in 7 out of 9 settings, empirically val- 358

idating the key–value decoupling design, which 359

reduces retrieval noise while preserving expressive 360

generation context. 361

3.3 Analysis 362

Document Coverage. To evaluate the comprehen- 363

siveness and quality of marker extraction in M- 364

RAG, we analyze document coverage rates in Ta- 365

ble 3. As shown, both zero-shot and few-shot 366

prompting achieve consistently high document cov- 367

erage across all benchmarks, with average coverage 368

rates exceeding 99.8%, and fallback usage remain- 369

ing below 1%. The results directly support that 370

the marker extraction strategy almost always iden- 371

tifies at least one marker covering each paragraph, 372

and the unconstrained generation of markers does 373

not lead to systematic content omission. We also 374

provide a random instance to further figure out 375

the reason when fallback is active, which is illus- 376

trated in Figure 3. This case is from document 377

Qasper_54 (Habernal and Gurevych, 2017), where 378

fallback is triggered in the Conclusions section due 379

to insufficient semantic content for meta-maker ex- 380

traction. In addition, while few-shot prompting 381

slightly reduces variance in some cases, the zero- 382

shot prompting achieves comparable mean cov- 383

erage across benchmarks, indicating that marker 384
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Table 2: The performance comparison, where the best gain is highlighted in bold while the second best is underlined.
M-RAG reports performance under zero-shot and few-shot† prompting, with both position sorting (-P) and similarity
sorting (-S), respectively.

NarrativeQA Qasper 2WikiMultihopQA

128×1 128×3 128×5 128×1 128×3 128×5 128×1 128×3 128×5

Fixed-Size .0660 ± .0000 .0952 ± .0002 .1094 ± .0001 .1316 ± .0000 .1908 ± .0000 .2425 ± .0006 .2220 ± .0000 .3239 ± .0038 .3832 ± .0023
Semantic .0617 ± .0000 .1200 ± .0002 .1449 ± .0009 .1654 ± .0008 .2482 ± .0007 .2683 ± .0003 .1875 ± .0005 .3125 ± .0030 .3831 ± .0013
PIC .0618 ± .0009 .1092 ± .0001 .1226 ± .0005 .1581 ± .0006 .2530 ± .0036 .2838 ± .0021 .2066 ± .0000 .3236 ± .0015 .3947 ± .0026
DOS .0843 ± .0000 .1191 ± .0000 .1398 ± .0001 .1643 ± .0009 .2269 ± .0009 .2635 ± .0024 .2023 ± .0000 .3255 ± .0004 .4110 ± .0028

M-RAG-P .0684 ± .0006 .1279 ± .0018 .1459 ± .0022 .1436 ± .0018 .2317 ± .0013 .2456 ± .0013 .2134 ± .0016 .3229 ± .0030 .3494 ± .0057
M-RAG-S .0657 ± .0025 .1214 ± .0014 .1476 ± .0031 .1390 ± .0037 .2308 ± .0032 .2655 ± .0055 .2170 ± .0077 .3237 ± .0069 .3582 ± .0035
M-RAG†-P .0736 ± .0029 .1247 ± .0030 .1381 ± .0018 .1806 ± .0043 .2370 ± .0037 .2693 ± .0061 .2232 ± .0039 .3301 ± .0003 .3948 ± .0006
M-RAG†-S .0644 ± .0004 .1208 ± .0029 .1357 ± .0013 .1820 ± .0025 .2224 ± .0041 .2690 ± .0015 .2321 ± .0015 .3290 ± .0000 .3560 ± .0006

Rank of M-RAG 2 1 1 1 3 2 1 1 2

Doc: qasper_54

Figure 3: The sole fallback instance from document
Qasper_54. Red-box highlights the retreated content.

extraction generalizes well under zero-shot settings.385

These results demonstrate that M-RAG can reliably386

extract comprehensive markers without relying on387

pre-defined chunking or task-specific exemplars,388

with fallback mechanisms activated only in rare389

edge cases.390

Table 3: Statistics on average coverage rates under zero-
shot (ZS) and few-shot (FS) prompting.

Benchmark Prompting Avg. Cover. Variance Fallback (%)

NarrativeQA
ZS 99.80 0.4040 0.7
FS 99.87 0.1948 0.2

Qasper
ZS 99.93 0.2316 0.9
FS 99.90 0.2776 0.1

2WikiMultihopQA
ZS 99.80 0.5379 0.0
FS 99.84 0.3648 0.5

Retrieval Efficiency. Figure 4 isolates the time391

consumption of similarity matching between user392

queries and retrieval units, i.e., keys vs. chunks,393

directly reflecting the efficiency of the retrieval394

interface. First, M-RAG consistently achieves395

the lowest retrieval latency across all benchmarks,396

supporting our conception that matching queries397

against lightweight retrieval keys is substantially398

more efficient than matching against chunk-based399

representations. Specifically, user queries are short400

and intent-focused, whereas chunk-based retrieval401

strategies require computing similarity against long,402

semantically heterogeneous text spans. This granu- 403

larity mismatch increases both embedding compu- 404

tation and the compaction of dense content. In 405

contrast, M-RAG performs similarity matching 406

exclusively over compact retrieval keys, yielding 407

lower per-candidate computation and faster con- 408

vergence during similarity search. Moreover, from 409

a scalability perspective, the unstable retrieval la- 410

tency of Fixed-size, PIC, and DOS across differ- 411

ent benchmarks stems from their reliance on data- 412

dependent chunking or paragraph-level retrieval 413

units, whereas size, count, and semantic hetero- 414

geneity vary significantly with document structure 415

and domain characteristics. Semantic chunking 416

alleviates this issue by heuristically improving seg- 417

ment coherence, but its retrieval efficiency remains 418

sensitive to domain-dependent chunking behavior. 419

In comparison, M-RAG bounds retrieval complex- 420

ity by design, performing similarity matching ex- 421

clusively over compact, intent-aligned retrieval 422

keys, which yields more stable and predictable re- 423

trieval latency across benchmarks. These results 424

indicate that M-RAG efficiently reduces the cost 425

of query-key similarity matching, validating our 426

design choice of decoupling compact retrieval keys 427

from context-rich information values. 428
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Figure 4: Retrieval time comparison.

Token Length of k, v. To evaluate whether M- 429

RAG enforces a clear and stable separation be- 430

tween retrieval key and information value effi- 431
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ciency and contextual richness, we showcase statis-432

tics under zero-shot (ZS) and few-shot (FS) prompt-433

ing in Figure 5. We have the following observa-434

tions. (1) Across all benchmarks and prompting435

regimes, retrieval keys remain consistently com-436

pact (approximately 19-20 tokens), while informa-437

tion values are substantially longer (about 50-65438

tokens), indicating that the proposed strategy suc-439

cessfully decouples retrieval representation from440

generation content. Towards retrieval keys, the441

standard deviation is relatively low, echoing our442

claim that retrieval keys serve as lightweight se-443

mantic cues to make similarity search efficient and444

robust to surface-form variation. Values consis-445

tently contain 2.5-3× more tokens than keys, which446

showcases their ability to take advantage of suffi-447

cient context for further generation. (2) The k-v448

decomposition exhibits a consistent yet domain-449

adaptive pattern. Retrieval keys are concise across450

all benchmarks, showcasing that, regardless of doc-451

ument style or task complexity, k reliably captures452

concise, intent-aligned semantic cues. In contrast,453

information values illustrate domain-sensitive vari-454

ability. NarrativeQA favors shorter values to re-455

flect local related-context; Qasper requires longer456

values, which we conjecture M-RAG needs to en-457

capsulate more information for academic expla-458

nations; and 2wikimqa yields the longest values,459

which we acknowledge that this phenomenon is460

consistent with its multi-hop and cross-document461

demands. Importantly, this adaptive behavior of v462

does not affect the expression of k, supporting our463

conception that the decomposition design of k-v464

in M-RAG fully unleashes the advantages of RAG,465

which preserves retrieval efficiency while flexibly466

allocating context where task complexity demands467

it. In brief, the clear length asymmetry between468

retrieval keys and information values suggests the469

effectiveness of our core idea on k-v decomposi-470

tion. Moreover, comparable statistics under ZS and471

FS prompting demonstrate strong cross-domain472

generalization of our marker-extraction strategy,473

supporting that M-RAG preserves expressive ca-474

pacity without domain-specific adaptation.475

Case Study. We conduct case studies using sam-476

pled documents from each benchmark. The Fig-477

ure 6 (a) visualizes three samples using t-SNE vi-478

sualizations, including user query and the corre-479

sponding markers generated by M-RAG. An ob-480

viously consistent pattern can be observed first:481

retrieval keys from localized, query-aligned neigh-482

borhoods, whereas information values present a483
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Few-shot Key
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Figure 5: Token length of k, v across benchmarks,
where boxes show quartiles, whiskers extend to 1.5
IQR, and outliers are marked.

broader and more diffuse region of the embedding 484

space. This geometric separation directly supports 485

our main conception of k-v decomposition, where 486

retrieval keys act as compact semantic "anchor" 487

for retrieval, and information values retain richer 488

contextual content for the downstream generation 489

without any influencing query-key similarity match- 490

ing. Furthermore, key distributions are compact 491

around the query across all benchmarks. Despite 492

the inherent complexity of multi-hop reasoning in 493

2wikimqa, the query is still closely matched to a 494

cluster of keys, while values are dispersed, reflect- 495

ing the need to retain cross-document relations, 496

but retrieval remains focused and stable. Few-shot 497

prompting serves as a regularizer on geometry, in- 498

ducing more compactness of keys, especially in 499

2wikimqa. This aligns with the above quantitative 500

findings, demonstrating that few-shot prompting 501

is capable of reducing variance, further improving 502

consistency and stability of retrieval. 503

A concrete case randomly selected from Qasper 504

is provided in Figure 6 (b). The user query is 505

a definition-seeking question regarding the term 506

"robustness". Typically, the retrieval target is a 507

sentence-level conceptual statement, e.g., "what 508

robustness means in this paper", not a procedural 509

description. While the chunks retrieved by Fixed- 510

Size and Semantic are information-rich, they do not 511

explicitly state the definition of robustness. Rather 512

than being incorrect (the highlighted red text is 513

accurate, while greens are fragmentation), these 514

passages are too coarse for the user queries, as 515

they mix multiple themes such as regularization, 516

practical robustness, illustrative examples, and ref- 517

erence details. We therefore conjecture that these 518

embeddings capture blended topics, resulting in 519

insufficient semantic focus for effective retrieval 520

and downstream generation. In contrast, our meta- 521

marker retrieval matches the query to an intent- 522

aligned key and returns a value that explicitly en- 523
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"question": "How do they define 

robustness of a model?"

"answers": ["ability to accurately 

classify texts even when the amount 

of prior knowledge for different 

classes is unbalanced, and when the 

class distribution of the dataset is 

unbalanced",

"Low sensitivity to bias in prior 

knowledge"]

Doc: qasper_123

“k": ["How does the paper 

investigate the robustness problem 

in leveraging prior knowledge 

using the Generalized Expectation 

Criteria framework?"],

“v": "This paper investigates the 

problem of robustness to biased 

prior knowledge within the 

framework of Generalized 

Expectation Criteria (GE). The 

study aims to reveal factors that 

reduce sensitivity to prior 

knowledge and make the model 

more robust. An example is given 

where neutral feature words (like 

\"player\") that are not strong 

indicators of any class can be 

supplied to boost performance.",

Meta-Marker

“…… prior knowledge and 

therefore to make the model more 

robust and practical. To this end, 

we introduce auxiliary 

regularization terms in which our 

prior knowledge is formalized as 

distribution over output 

variables. …(omit 64 words)… 

\nMore attractively, we do not 

need manual annotation to label 

these neutral feature words in 

our proposed approach ……"

Fixed-size Chunk

"In this paper, we investigate into 

the problem in the framework of 

Generalized Expectation Criteria 

BIBREF7 . The study aims to 

reveal the factors of reducing the 

sensibility of the prior knowledge 

and therefore to make the model 

more robust and 

practical. …(omit 20 words)… 

Recall the example just 

mentioned, though we do not 

have enough knowledge to 

provide features for class hockey, 

it is easy for us to provide some 

neutral words, namely words that 

are not strong indicators of any 

class, like player here."

Semantic Chunk

(a) t-SNE visualization of meta-marker (b) A concrete case

Figure 6: Case studies.

codes the definitional statement, as the highlighted524

sentences in Figure 6. As a result, using the in-525

formation value for generation is predictably more526

answerable with reduced irrelevant content.527

4 Related Work528

RAG has fundamentally enhanced LLMs by in-529

corporating external knowledge retrieval. This ef-530

fectively mitigates hallucinations and knowledge531

obsolescence (Lewis et al., 2020; Guu et al., 2020).532

Foundational works established dense retrieval533

and end-to-end integration for knowledge-intensive534

tasks, paving the way for rapid advancements. Sub-535

sequent surveys have mapped its evolution (Fan536

et al., 2024; Gao et al., 2024), with the latest shift537

toward agentic RAG. Agentic RAG employs au-538

tonomous agents for planning, reflection, tool use,539

and collaboration in dynamic workflows (Singh540

et al., 2025; Li et al., 2025).541

As RAG scales, document chunking emerges542

as a key bottleneck. Fixed or rule-based methods543

disrupt contextual integrity, add noise, and fail to544

maintain global coherence or fine-grained relations545

like causality and hierarchy (Wang et al., 2025b).546

Metrics such as Boundary Clarity (BC) and Chunk547

Stickiness (CS) quantify these issues. These met-548

rics correlate with downstream QA performance549

and expose limitations in traditional and semantic550

chunking (Zhao et al., 2025). Structure-preserving551

baselines outperform multi-stage pipelines (Lait-552

enberger et al., 2025). Semantic chunking proves553

unstable and costly on real documents, favoring554

fixed methods in constrained settings (Qu et al.,555

2025). Recent refinements stay within segmenta- 556

tion, including adaptive PIC (Wang et al., 2025c), 557

trained MoC (Zhao et al., 2025), graph-enhanced 558

LightRAG (Guo et al., 2025), HeteRAG (Yang 559

et al., 2025), and DOS RAG (Laitenberger et al., 560

2025). Finer units like propositions improve recall 561

for long-tail queries (Chen et al., 2024b). Yet, these 562

inherit fragmentation and often demand training or 563

extra computation. More recently, the necessity of 564

chunking has been questioned, both CFIC (Qian 565

et al., 2024) and this work advocating chunk-free 566

RAG pipelines, highlighting a promising direction 567

for RAG systems. 568

5 Conclusion 569

This work revisits the chunk-based retrieval design 570

under the RAG framework and proposes a novel 571

model-agnostic, drop-in CHUNK-FREE retrieval 572

strategy, M-RAG. This strategy extracts structured 573

markers from original documents and creatively 574

decouples retrieval units from generation content, 575

enabling lightweight retrieval while providing sta- 576

ble, intent-aligned access to contextual information 577

for downstream generation. Extensive qualitative 578

and quantitative analyses show the strong perfor- 579

mance of M-RAG, suggesting that the proposed 580

strategy offers a scalable and robust alternative to 581

chunk-based RAG, and provides a feasible direc- 582

tion for future retrieval design in RAG systems. 583

Moreover, the explicit k-v separation highlights a 584

valuable extension: improving retrieval accuracy 585

by refining k alone, making targeted key refinement 586

a high-leverage and low-cost strategy. 587
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Limitations588

Marker extraction process relies on LLMs, which589

may introduce hallucination issues and yield in-590

formation value that are not fully consistent with591

the original documents. We partially mitigate this592

risk through paragraph indices, a coverage thresh-593

old, and the fallback mechanism, the impact of594

hallucination is not yet fully quantified. Although595

no such phenomenon has been identified through596

our observations, future work will involve manual597

validation of extracted markers and constructing598

a dedicated public benchmark for it. Moreover,599

due to computational resource constraints, we do600

not compare M-RAG with graph-based RAG meth-601

ods (e.g., GraphRAG (Edge et al., 2025) or Ligh-602

tRAG (Guo et al., 2025)), which construct knowl-603

edge graphs and may hold advantages in multi-604

hop reasoning tasks. Importantly, our goal is to605

propose a novel, CHUNK-FREE retrieval strategy606

that rethinks how retrieval units are constructed607

more effectively. Evaluating the complementary608

strengths of M-RAG and graph-based methods in609

large-scale settings is an interesting work for the610

future. Additionally, we utilize a single LLM for611

marker extraction and do not explore the impact612

of alternative models (e.g., GPT or Gemini fam-613

ilies) on extraction quality, which may introduce614

model-specific biases.615
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APPENDIX 822

A Availability 823

The source code for M-RAG, including the 824

marker extraction pipeline, retrieval implemen- 825

tation, and benchmark scripts, is publicly avail- 826

able at https://anonymous.4open.science/r/ 827

M-RAG-5904/ under the MIT License. The repos- 828

itory includes dependencies and instructions for 829

reproducing experiments on LongBench. Datasets 830

are sourced from the official LongBench repos- 831

itory (Bai et al., 2024). All experiments were 832

conducted on a server with NVIDIA A800 GPUs 833

(80GB), using DeepSeek-V3.2 API for marker gen- 834

eration and Qwen3-30B-A3B-Instruct-2507 for an- 835

swer generation. 836

B AI assistants statement 837

In the preparation of this manuscript, we utilized AI 838

assistants for specific tasks. We used Claude Code 839

to assist with programming, and Nano Banana to 840

generate Figure 1. We also used ChatGPT to polish 841

the grammar. 842

C Prompt 843

C.1 Prompt Structure for Marker Extraction 844

The full prompt template for marker extraction is 845

detailed in Table 4. It is dynamically populated 846

with the document content (content) and expected 847

marker count (calculated as total tokens / segment 848

size, e.g., 128). For few-shot prompting, the Ref- 849

erence Examples section is filled with benchmark- 850

specific examples (see Appendix C.2 for details). 851

C.2 Few-Shot Examples for Marker 852

Extraction 853

For few-shot prompting in marker extraction, we 854

use benchmark-specific examples to guide the 855

LLM. These examples are inserted into the {exam- 856

ples} placeholder in the prompt template (Table 4). 857

Below are the examples used for each benchmark, 858

presented in Table 5. 859

These examples are selected to represent typical 860

document structures and query types in each bench- 861

mark, ensuring the LLM generates markers with 862

appropriate granularity and coverage. 863

C.3 Prompt for Answer Generation 864

To generate answers from retrieved meta-markers, 865

we use the following zero-shot prompt template, 866
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Table 4: Prompt Structure for Marker Extraction

Component Content

Role Description You are a marker extraction expert tasked with creating high-quality meta-markers from the document to replace
standard text chunks in RAG systems. Your goal is to generate MANY fine-grained markers to ensure complete
document coverage with high-quality retrievable information blocks.

Input Format The document contains multiple segments, each marked with [Paragraph N] where N starts from 0.

Critical Constraint Each marker’s paragraph_indices array MUST contain AT MOST 3 paragraph numbers.
Examples of VALID paragraph_indices: ✓ [0] - ONE paragraph (BEST) ✓ [0, 1] - TWO paragraphs (GOOD)
✓ [0, 1, 2] - THREE paragraphs (MAXIMUM ALLOWED)
Examples of INVALID paragraph_indices: × [0, 1, 2, 3] - FOUR paragraphs (TOO MANY - REJECT) × [0, 1,
2, 3, 4, 5] - SIX paragraphs (TOO MANY - REJECT)
IF YOU NEED MORE PARAGRAPHS, CREATE MULTIPLE MARKERS INSTEAD.

Key Goals 1. Zero Information Loss: Preserve every detail, name, date, number, relationship, and fact exactly.
2. Fine-Grained Extraction: Create MANY small, focused markers rather than few large ones. Each marker
covers 1-3 paragraphs MAXIMUM.
3. Retrieval Optimization: Generate a search query (k) that would retrieve this information block (v).
4. Complete Coverage: Generate MANY markers (50-100+ for long documents) to cover ALL paragraphs.
Paragraphs MUST be reused across multiple markers to achieve full coverage.

Extraction Rules 1. Fine-Grained Segmentation - STRICT PARAGRAPH LIMIT:
- Each meta-marker MUST use 1-3 paragraphs ONLY. NO EXCEPTIONS.
- Prefer 1-2 paragraphs per meta-marker for best quality.
- If you need to cover 10 paragraphs, create 5-10 separate meta-markers, NOT one big meta-marker.
- Overlap is REQUIRED: Reuse the same paragraphs across multiple meta-markers to ensure coverage.
2. Resolution and Binding:
- No pronouns: Replace with explicit names where ambiguity exists (e.g., ’he’ → ’Keith Nichol’).
- Bind attributes: For people (birth date, roles, relationships), organizations (location, founding year), works
(author, year), events (dates, figures), stats (exact values).
3. v (Information Block) - FOCUSED AND CONCISE:
- A self-contained paragraph (200-300 words) covering ONE SPECIFIC aspect or fact.
- Keep it narrow and atomic - don’t try to cover too much.
- Include necessary context but maintain a tight focus.
- Extract v first, then generate k to match it.
4. k (Summary Query) - GENERATE ONE DETAILED QUESTION THAT SUMMARIZES v:
- Generate ONE question that BOTH summarizes the content AND serves as a retrieval query.
- The question can be longer and more detailed - include key entities, names, dates, and concepts mentioned in v.
- k should capture the essence of v, acting as both a summary and a search query.
- The question should be specific enough to match this block’s content and rich enough to stand alone.
- Think: "What detailed question would both describe AND help retrieve this information?"
5. paragraph_indices (Source Paragraph Indices) - MAXIMUM 3 PARAGRAPHS:
- List the paragraph numbers (0-based) where this meta-marker’s information comes from.
- ABSOLUTE MAXIMUM: 3 paragraphs per meta-marker. Arrays with 4+ elements are INVALID.
- PREFERRED: 1-2 paragraphs per meta-marker for highest quality.
- Paragraphs MUST be reused across multiple meta-markers to achieve full coverage.

Output Format (valid JSON): { "marker": [ { "v": "Focused paragraph with specific details on one narrow topic...", "k": ["The
query that would retrieve this information"], "paragraph_indices": [0, 1] }, ... ] }

Critical Requirements 1. Valid JSON only; ALL double quotes inside strings MUST be escaped with backslash.
Example: "substance into n̈othingness"̈ NOT "substance into "nothingness""
2. PARAGRAPH LIMIT - STRICTLY ENFORCED:
- Each marker’s paragraph_indices array MUST contain 1, 2, or 3 elements ONLY.
- Arrays with 4 or more elements are INVALID and will be REJECTED.
- If you need more paragraphs, CREATE SEPARATE MARKERS.
3. QUANTITY REQUIREMENT:
- Based on this document’s length, you should generate approximately {expected_marker_count} markers.
- This is the MINIMUM - generating MORE markers is encouraged for better coverage.
- Do NOT be conservative with marker count.
4. OVERLAP REQUIREMENT:
- Each paragraph should appear in MULTIPLE markers (1-3 times on average).
- Create different markers focusing on different aspects of the same paragraphs.
- Example: Paragraph 0 might appear in marker about person A, marker about event B, marker about location C.
5. OTHER REQUIREMENTS:
- k must be a question (interrogative sentence) that summarizes v.
- Ensure complete coverage: every paragraph must appear in at least one marker’s paragraph_indices.

Input Document INPUT DOCUMENT: {content}

Reference Examples {examples}
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Table 5: Few-Shot Examples for Each Benchmark

Benchmark Example

NarrativeQA { "v": "Soames declared passionately that if he could be projected into the
future, into the reading-room, just for one afternoon, he would sell himself body
and soul to the devil for that privilege. Soames imagined seeing pages and pages
in the catalogue under ’Soames, Enoch’ with endless editions, commentaries,
prolegomena, and biographies. At that moment, Soames was interrupted by a
sudden loud crack of the chair at the next table. A stranger, not an Englishman
but one who knew London well, addressed Soames directly by name and
revealed himself to be the devil, offering to make a deal with Soames.", "k":
["According to the deal Soames made, how would he find out whether his poetic
talent would have been recognized in the future?"], "paragraph_indices": [69,
71] }

Qasper { "v": "Deep Neural Networks (DNN) have been widely employed in industry
for solving various NLP tasks such as text classification, sequence labeling, and
question answering. However, when engineers apply DNN models to address
specific NLP tasks, they often face challenges that hinder productivity and result
in less optimal solutions. Before designing the NLP toolkit NeuronBlocks, the
authors conducted a survey among engineers to identify typical personas and
their challenges. There are several general-purpose deep learning frameworks
such as TensorFlow, PyTorch and Keras which offer huge flexibility in DNN
model design. However, building models under these frameworks requires a
large overhead of mastering framework details, and therefore higher level ab-
straction to hide framework details is favored by many engineers.", "k": ["How
do the authors evidence the claim that many engineers find it a big overhead
to choose from multiple frameworks, models and optimization techniques?"],
"paragraph_indices": [0, 3] }

2WikiMultihopQA { "v": "The Bag Man (also known as Motel or The Carrier) is a 2014 neo-noir
crime thriller film directed by David Grovic, based on an original screenplay
by James Russo. The film stars John Cusack, Rebecca Da Costa, Crispin
Glover, Dominic Purcell, Robert De Niro, and Sticky Fingaz. The Bag Man
premiered on February 28, 2014, in New York and Los Angeles. Una prostituta
al servizio del pubblico e in regola con le leggi dello stato (literally ’A prostitute
serving the public and complying with the laws of the state’, also known as
Prostitution Italian Style) is a 1970 Italian comedy-drama film written and
directed by Italo Zingarelli.", "k": ["Which film came out first, Una Prostituta
Al Servizio Del Pubblico E In Regola Con Le Leggi Dello Stato or The Bag
Man?"], "paragraph_indices": [18, 28] }

Table 6: Prompt Structure for Answer Generation

Component Content

User Question User Question: {question}

Retrieved Content Retrieved Marker:
{marker_text}

Instruction You MUST answer strictly based on the marker.

Answering Rules Answering Rules (MUST FOLLOW):
1. Output ONLY the final answer: one entity name, one date, one location or Yes/No.
2. Output MUST be JUST the answer text with no extra words.
3. NO full sentences.
4. NO explanations.
5. NO reasoning.
6. NO repeating the question.
7. If the metadata does not contain enough information, output exactly: "Insufficient information".

Response Constraint Your entire response must be ONLY the answer text.

Output Starter Answer:
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Figure 7: Performance comparison of sorting strategies and prompting regimes across benchmarks (token budgets:
128×1, 128×2, 128×3, 128×4, 128×5).

detailed in Table 6. This template enforces con-867

cise, evidence-based outputs to minimize halluci-868

nations and facilitate evaluation. It is dynamically869

populated with the query {question} and retrieved870

content {marker_text}.871

For baselines (e.g., Fixed-Size or Semantic872

chunking), the prompt is adapted by replacing873

{marker_text} with the corresponding chunk text,874

ensuring identical generation constraints. This875

adaptation maintains fairness in end-to-end QA876

evaluation, as the rules prioritize factual extraction877

over verbose reasoning.878

C.4 Prompt Sensitivity Analysis879

To demonstrate that M-RAG is robust to vari-880

ations in the extraction prompt, we evaluate881

three different prompts using the DeepSeek-V3.2882

model (DeepSeek-AI, 2025) on LongBench QA883

subtasks. We selected Qasper as the representative884

benchmark for this analysis due to its structured885

academic content, which tests the framework’s886

sensitivity in knowledge-intensive scenarios. We887

vary the token budget retrieval (BAAI/bge-m3) and888

use Qwen3-30B-A3B-Instruct-2507 as the genera-889

tor, measuring end-to-end QA performance in F1890

scores under few-shot prompting with position sort-891

ing. The prompts are:892

• Prompt A: The original prompt as detailed in893

Table 4.894

• Prompt B: A variation where the Output For-895

mat and Critical Requirements sections in Ta-896

ble 4 are swapped in position.897

• Prompt C: A variation where the Key Goals898

section in Table 4 is moved below the Critical899

Requirements section.900

Results in Table 7 show minimal variance, con- 901

firming insensitivity to prompt phrasing, as long 902

as core instructions (extraction count, focus on re- 903

trievable info) are preserved. 904

Table 7: Prompt Sensitivity on Representative Long-
Bench QA Subtask (F1 for Qasper). Results are based
on Few-shot Position Sort for different Token Budget
retrievals.

Token Budget Prompt A Prompt B Prompt C

128x1 0.1806 ± 0.0043 0.1866 ± 0.0004 0.1734 ± 0.0003
128x2 0.2210 ± 0.0018 0.2226 ± 0.0006 0.2105 ± 0.0022
128x3 0.2370 ± 0.0037 0.2370 ± 0.0004 0.2318 ± 0.0000
128x4 0.2612 ± 0.0056 0.2534 ± 0.0009 0.2571 ± 0.0010
128x5 0.2693 ± 0.0061 0.2560 ± 0.0019 0.2711 ± 0.0006

D Impact of Sorting Strategies 905

To examine the effects of sorting strategies 906

(position-based vs. similarity-based) under differ- 907

ent prompting regimes (zero-shot vs. few-shot), 908

we conducted experiments across the three bench- 909

marks. Figure 7 illustrates the F1 scores for each 910

combination over five token budgets (128×1 to 911

128×5). 912

Focusing on sorting strategies, position-based 913

sorting (PS) proves superior in structure-sensitive 914

benchmarks. In 2WikiMultihopQA, PS achieves an 915

average +0.9% over similarity-based sorting (SS), 916

with few-shot PS reaching 39.48% at 640 tokens 917

compared to 35.60% for SS. This advantage arises 918

from preserving document order, which supports 919

multi-hop reasoning by maintaining sequential and 920

hierarchical dependencies. Similarly, in Qasper, 921

PS dominates mid-to-high budgets (e.g., 26.93% 922

for few-shot PS at 640 tokens), aligning with the 923

benchmark’s technical structure where order aids 924

in contextual coherence. 925
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Conversely, similarity-based sorting (SS) excels926

in open-ended narratives like NarrativeQA, partic-927

ularly at higher budgets. For instance, zero-shot928

SS attains 14.76% at 640 tokens, a +1.2% gain929

over PS, as it prioritizes query relevance over order,930

enabling more flexible evidence selection in less931

structured content. These patterns underscore the932

task-dependent efficacy of sorting in M-RAG: PS933

enhances reasoning in ordered domains, while SS934

boosts relevance in narrative-heavy tasks, offering935

adaptability for diverse applications.936
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