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Abstract001

Existing frameworks remain trapped in a pas-002
sive and mechanical approach in construct-003
ing knowledge structure, which only allows004
them to uncover superficial associations be-005
tween chunks while lacking proactive explo-006
ration of deeper semantic relationships among007
them. To address the aforementioned issues,008
we propose Momoka-RAG (MCTS-Organized009
Mapping of Knowledge Associations for Long-010
Document Retrieval Augmented Generation).011
It employs the Momoka-Map to utilize Monte012
Carlo Tree Search (MCTS) to proactively un-013
cover connections among chunks and construct014
optimal semantic information paths with the015
objective of completing semantic relationships.016
On this basis, the Momoka-Trail Retriever017
further expands and filters the chunk candi-018
date pool to retrieve the chunks most rele-019
vant to the query. Experiments on datasets020
including Dragonball, SQUAD, NFCORPUS,021
SCI-DOCS, HotpotQA, and TriviaQA demon-022
strate that for long-document retrieval tasks,023
our framework achieves higher precision while024
maintaining competitive recall compared to025
other RAG frameworks.026

1 Introduction027

The RAG framework represents a groundbreaking028

paradigm in the field of natural language process-029

ing (Lewis et al., 2021), designed to address several030

inherent limitations of LLMs - such as hallucina-031

tion, outdated knowledge, and inadequate domain-032

specific adaptation (Augenstein et al., 2023) - by033

incorporating external knowledge.034

As LLMs evolve to handle complex long-035

document tasks, RAG has become essential, driv-036

ing a shift from fixed-length chunking to more so-037

phisticated strategies. Notable advancements in-038

clude Meta-Chunking (Zhao et al., 2024) which039

reformulates segmentation as binary classification,040

Dense X Retrieval (Chen et al., 2024) which uti-041

lizes minimal semantic ’propositions’, and Late-042

Figure 1: In the figure, the squares denote chunks. The
left panel illustrates that existing RAG frameworks, such
as RAPTOR and GraphRAG, adhere to fixed rules and
rely on statistical data features when organizing knowl-
edge structures. Consequently, they only uncover super-
ficial associations, failing to explore deep links among
chunks. In contrast, the right panel demonstrates that
Momoka-RAG, driven by semantic completion, suc-
cessfully identifies deep semantic connections between
chunks through active exploration.

Chunking (Günther et al., 2024) which innovatively 043

adopts an ’embed first, then chunk’ approach. 044

However, the fundamental reason why RAG 045

frameworks that rely solely on chunking methods 046

are unsuitable for long-document scenarios lies 047

in their failure to strike a balance between main- 048

taining local coherence of chunks and preserving 049

cross-paragraph semantic connections. 050

To establish the missing connections between 051

chunks, mainstream RAG frameworks have be- 052

gun attempting to reorganize knowledge struc- 053

tures. Representative works in this direction in- 054

clude the cluster-based RAPTOR and the graph- 055

based GraphRAG. Specifically, RAPTOR adopts 056

a bottom-up approach, employing Gaussian mix- 057

ture models to cluster chunks and generate sum- 058

maries to construct a hierarchical tree structure. 059

In contrast, GraphRAG utilizes LLMs to extract 060

entities and relationships within text windows to 061

build a global knowledge graph. Although these 062
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Figure 2: Framework of Momoka-RAG.

methods excel at capturing topic clusters or explicit063

entity relationships, as illustrated in Figure 1, we ar-064

gue that they remain trapped in "mechanistic" and065

"passive" constraints when constructing knowledge066

structures:067

The "mechanistic" is reflected in their reliance068

on fixed rules to construct structures, lacking adap-069

tive adjustments guided by semantic objectives.070

For instance, RAPTOR performs clustering based071

solely on vector similarities, treating all chunks as072

equally significant while neglecting their distinct073

roles within the logical chain; similarly, GraphRAG074

performs undifferentiated entity extraction within075

fixed windows, lacking active expansion guided by076

problem-solving goals.077

The "passive" stems from their reliance on sta-078

tistical data features — such as distances in vec-079

tor space or entity co-occurrence — to generate080

associations , rather than proactively exploring la-081

tent semantic dependencies. Consequently, these082

frameworks are often limited to capturing superfi-083

cial associations , struggling to uncover deep cross-084

paragraph causal relationships or implicit reasoning085

threads.086

Therefore, to address the aforementioned issues087

and explore how to proactively mine deep-seated088

semantic relationships between chunks guided by089

semantic completion, we propose Momoka-RAG,090

which consists of two components: Momoka-Map091

and Momoka-Trail Retriever. The specific proce-092

dure is shown in Figure 2.093

During the construction of the Momoka-Map094

component, we draw inspiration from the MCTS 095

method (Browne et al., 2012). Traditionally, when 096

MCTS is applied to RAG systems, it is commonly 097

used to optimize the retrieval process — as seen 098

in frameworks like MCTS-RAG (Hu et al., 2025), 099

where each retrieval step is treated as a node. How- 100

ever, Momoka-Map adopts a different perspective: 101

we treat each chunk segmented by the LLM as a 102

node and, guided by the goal of complementing 103

semantic information, use MCTS to explore the 104

connections between chunks, thereby constructing 105

a semantically enriched information path model. 106

Building upon the information path model pro- 107

vided by the Momoka-Map component, we further 108

design the Momoka-Trail Retriever. This compo- 109

nent first obtains initial relevant chunks through 110

static similarity retrieval. Subsequently, it executes 111

a Mixed-Granularity Expansion Strategy, leverag- 112

ing the path model to construct a semantically 113

rich enhanced candidate pool. Finally, to bal- 114

ance retrieval accuracy and efficiency, we employ 115

a Reranker for fine-grained semantic scoring and 116

ranking, thereby selecting the most precise context 117

based on the user query. 118

In Momoka-RAG, we shift the application of 119

MCTS from the retrieval phase to the indexing 120

phase. This design effectively mitigates the poor 121

real-time performance typically associated with 122

MCTS methods, avoiding the high latency issues 123

that would arise if applied during retrieval. At the 124

same time, it allows the retrieval component to ben- 125

efit from the precomputed path model, significantly 126

2



improving retrieval efficiency.127

To demonstrate the effectiveness of our proposed128

framework, we conducted experiments on care-129

fully selected datasets including Dragonball (Zhu130

et al., 2025), SQUAD (Rajpurkar et al., 2016), NF-131

CORPUS (Boteva et al., 2016), SCI-DOCS (Co-132

han et al., 2020), HotpotQA (Yang et al., 2018),133

and TriviaQA (Joshi et al., 2017). Evaluation met-134

rics such as Recall@k (Musgrave et al., 2020),135

MRR@k (Voorhees and Tice, 2000), Precision@k,136

EIR@k, F1@k, METEOR (Banerjee and Lavie,137

2005), ROUGE-L (Lin, 2004), BLEU (Papineni138

et al., 2002), time latency, as well as human eval-139

uation metrics specifically proposed for the Drag-140

onball dataset, were employed. Experimental re-141

sults indicate that our framework achieves compet-142

itive performance in long-document retrieval tasks143

compared to existing approaches.144

The main contributions of this work are as fol-145

lows:146

(1) We propose Momoka-Map, which applies147

MCTS to construct a semantically enriched infor-148

mation path model while shifting the high computa-149

tional cost of MCTS to the pre-processing indexing150

phase.151

(2) We propose the Momoka-Trail Retriever,152

which fully leverages the information path model153

to efficiently expand, retrieve, and filter the chunk154

candidate pool.155

(3) We demonstrate competitive performance on156

carefully selected datasets including Dragonball,157

SQUAD, HotpotQA, and TriviaQA. This also158

demonstrates its promising performance in long-159

document retrieval tasks.160

2 Related Work161

Today’s LLMs have demonstrated remarkable rea-162

soning capabilities and the ability to process ex-163

tremely long contexts. However, when applied to164

professional domain-specific question answering,165

they often produce factual inaccuracies due to a166

lack of relevant training data (Zhao et al., 2025).167

As a result, it becomes necessary to provide rele-168

vant knowledge alongside the user’s query. Yet, as169

the application scope of LLMs continues to expand,170

tasks involving long-document processing are in-171

creasingly common. In such scenarios, directly172

inputting the entire document content along with173

the user’s question is no longer feasible, since the174

length of these documents often exceeds the practi-175

cal context window of the models and introduces176

significant noise. Therefore, RAG technology has 177

become particularly critical. 178

Naive RAG represents the most fundamental and 179

widely used paradigm in RAG. This framework 180

typically segments documents into fixed-length 181

chunks and employs methods such as DPR, BM25, 182

or vector similarity search to retrieve the top-k most 183

similar chunks using k-nearest neighbors (KNN) 184

(Cover and Hart, 2006) algorithm. For instance, 185

the LangChain library (Chase, 2024) offers various 186

text splitters and embedding methods to facilitate 187

this process. While this paradigm is well-suited for 188

shorter documents with concentrated information 189

points, it often leads to issues such as contextual 190

fragmentation, redundancy, and introduced noise 191

when handling long documents. 192

To mitigate the issue of chunk fragmentation, 193

subsequent research has proposed more advanced 194

segmentation strategies. Meta-Chunking leverages 195

LLMs to generate chunks of flexible length and 196

coherent content by evaluating per-sentence per- 197

plexity or calculating probability differentials for 198

segmentation decisions, making it more suitable 199

for processing well-structured documents. Dense X 200

Retrieval, on the other hand, decomposes text into 201

finer-grained propositional units that encapsulate 202

individual fact fragments. However, these meth- 203

ods remain inadequate for long documents because, 204

despite improving chunk quality, they still fail to 205

establish semantic relationships between chunks. 206

Late-Chunking offers a straightforward yet ef- 207

fective approach to mitigate the isolation of chunks 208

by ensuring each chunk retains contextual informa- 209

tion from its surroundings. It adopts an "embed- 210

first, then chunk" strategy, which preserves both the 211

granularity of chunks and the integration of contex- 212

tual information into their embedding vectors. This 213

method demonstrates particular strength in process- 214

ing medium-length documents. However, when 215

applied to long documents, the increasing number 216

of tokens leads to information dilution at the em- 217

bedding level, ultimately compromising retrieval 218

performance. 219

In order to establish connections between 220

chunks, mainstream RAG frameworks have be- 221

gun to reorganize knowledge structures. RAPTOR 222

treats chunks as leaf nodes and employs Gaussian 223

mixture clustering combined with the summariza- 224

tion capability of LLMs to construct a tree structure 225

in a bottom-up manner. However, when applied to 226

long documents, the large number of chunks leads 227

to increased hierarchical levels, inevitably caus- 228
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ing loss of detail in higher-level summaries. On229

the other hand, during the clustering process, all230

chunks are treated as equally important and summa-231

rized indiscriminately, which amplifies the short-232

comings of the inherently rigid tree-like structure233

in long-document scenarios.234

Knowledge graph-based frameworks such as235

GraphRAG (Edge et al., 2024), LightRAG (Guo236

et al., 2025) and HippoRAG (Gutiérrez et al., 2025)237

construct graph structures by extracting entities238

and relationships from chunks. However, they pri-239

marily capture local and superficial associations240

within chunks, lacking a purpose-driven reasoning241

process aimed at semantic completion. This limita-242

tion prevents them from actively uncovering deeper243

semantic connections between chunks across doc-244

uments—a critical shortcoming especially promi-245

nent in long-document scenarios.246

3 Momoka-RAG247

In this section, we will introduce how Momoka-248

Map incorporates MCTS into the RAG framework249

to derive a semantic information path model, as250

well as how Momoka-Trail Retriever leverages this251

model to achieve efficient chunk retrieval and fil-252

tering.253

3.1 Momoka-Map254

Mainstream RAG frameworks often fall into two255

contrasting yet equally deficient paradigms when256

addressing semantic associations in long document.257

On one hand, approaches represented by RAPTOR258

and GraphRAG focus on constructing knowledge259

structures in a mechanistic and passive manner,260

which limits their ability to capture only local and261

superficial relationships between chunks. On the262

other hand, another line of research concentrates263

on dynamically optimizing the retrieval workflow264

itself through active exploration, yet without fun-265

damentally reorganizing the underlying knowledge266

structure. This led us to explore whether it is possi-267

ble to integrate active exploration into the construc-268

tion of knowledge structures. Inspired by MCTS,269

we treat each chunk as a node and, guided by the270

goal of semantic completion, proactively explore271

the optimal information path for each chunk to272

build a corresponding model. This shifts the focus273

from "which chunks are closer in the vector space"274

to "which chunks should be retrieved next to fully275

understand the meaning of this chunk?".276

The Momoka-RAG framework begins with an277

LLM-driven document parsing and segmentation 278

phase. Given a long document D, to mitigate po- 279

tential issues of missing subjects or ambiguous ref- 280

erences within individual chunks, we first leverage 281

the summarization capability of an LLM to gener- 282

ate a concise global title TD. Subsequently, utiliz- 283

ing deep linguistic understanding, we dynamically 284

decompose the document into a sequence of seman- 285

tically coherent chunks and explicitly prepend the 286

global title TD to the content of each chunk. Please 287

refer to Appendix D for the detailed prompts. This 288

process can be formally defined as follows: 289

C = FSegment(D) = {c1, c2, ..., cN}, (1) 290

where each text chunk ci is a triple: 291

ci = (TD ⊕ texti, pi, si), (2) 292

Here, ⊕ denotes the string concatenation opera- 293

tion. texti represents the original textual content of 294

the i-th chunk, while pi and si denote the paragraph 295

number and the sentence number of this chunk in 296

the original document D, respectively. 297

Building upon this foundation, the core task of 298

Momoka-Map is to construct a semantic informa- 299

tion path model Pi of each chunk ci in the sequence 300

C. To achieve this goal, we designed the following 301

MCTS framework guided by semantic completion, 302

treating each chunk ci as a node: 303

(1) Selection: Starting from the root node i, re- 304

cursively select the child nodes until a leaf node is 305

reached. To strategically choose the branch most 306

likely to yield high rewards, we balane the core 307

trade-off between "exploitation" and "exploration". 308

The selection strategy follows the Upper Confi- 309

dence Bound for Trees (UCT) (Kocsis and Szepes- 310

vari, 2006) formula: 311

UCT (i) =
Ri

Ni
+ C ·

√
lnNp

Ni
, (3) 312

where Ri is the cumulative reward of node i, Ni 313

is its visit count, Np is the visit count of its parent 314

node, and C is the exploration constant. 315

(2) Expansion: When a leaf node is selected and 316

is not fully explored - meaning there exist nodes 317

that have not yet appeared in the current path - 318

the algorithm random selects one such unexplored 319

node cnew as a child node for expansion. The rea- 320

son for adopting this randomized strategy is to in- 321

crease the breadth of exploration; most importantly, 322
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it simultaneously prevents the formation of cyclic323

paths.324

(3) Simulation: Starting from the currently ex-325

panded node, a random rollout is performed. In326

traditional MCTS simulations, the rollout process327

only considers the outcome of the final node to de-328

termine the reward. However, in the task of "seman-329

tic completion," following this rollout logic would330

imply that only the last node contributes meaning-331

fully, which clearly contradicts the objective of the332

task. Therefore, we design the rollout process such333

that each step contributes to the reward, ensuring334

that every expanded node along the path partici-335

pates in evaluating the semantic comlementation336

effect.337

At each step of the rollout, an LLM acts a "se-338

mantic referee" to make a binary judgment on339

whether cnew contributes to the semantic comple-340

tion of the root node ci. Simultaneously, incor-341

porating structural priors, we design a dedicated342

evaluation function:343

r = ILLM (ci, cnew)

+ α · 1

|pi − pnew|+ γ

+ β · 1

|si − snew|+ δ
,

(4)344

where ILLM (·) is an indicator function that out-345

puts 1 if determines a semantic completion rela-346

tionship exists between the two chunks, and o oth-347

erwise. α and β are weighting coefficients, while348

γ and δ are smoothing constants. This function de-349

sign ensures that the evaluation reward r captures350

both deep semantic associations and the structural351

logic of the document. The specific prompt for352

using an LLM to determine semantic completion353

relationships can be found in Appendix D.354

In this specific task, there is no termination con-355

dition such as "win/loss" as in traditional MCTS356

applications like board games. Nor can we allow357

the rollout to continue until all nodes are simulated,358

as doing so would be equivalent to retrieving the359

entire document, defeating the purpose of efficient360

retrieval. Therefore, we set a maximum rollout step361

limit Nrollout as the termination condition. The to-362

tal reward R for the entire rollout path is computed363

as the average of all step rewards, serving as the364

final return for the current simulation:365

R =
1

Lrollout

Lrollout∑
k=1

rk, (5)366

(4) Backpropagation: The reward R obtained 367

from the simulation is backpropagated along the 368

search path, updating the cumulative reward Ri and 369

visit count Ni for all nodes on the path. 370

After a substantial number of iterations, the al- 371

gorithm starts from the root chunk ci and selects 372

the child node with the highest visit count as each 373

level, proceeding recursively until an optimal infor- 374

mation path model Pi = (ci, cj , ck, ...) is formed. 375

This sequence of chunks is considered the most 376

semantically coherent "storyline" that best comple- 377

ments the contextual meaning of the root chunk 378

ci. Ultimately, for all chunks in the document, 379

Momoka-Map outputs a set G = P1, P2, ..., PN , 380

which is associated with the chunk sequence C and 381

then stored together in the vector database. 382

Algorithm 1: Momoka-Trail Retriever
Input: Query Q, RetrieverR, Reranker S, Top-k K
Output: Retrieved set F
// 1. Initial Retrieval with expanded scope
Cinit ←R.retrieve(Q, 2 ·K)
Caug ← ∅
// 2. Path-based Expansion Strategies
for c ∈ Cinit do

Pc ← GetPath(c)
// Expand candidate pool with:

Original, Full Path, Nodes, and
Pairwise

Sexpand ← c⊕ Join(Pc)
for p ∈ Pc do

Sexpand ← Sexpand ∪ {p} ∪ {c⊕ p}
end for
Caug ← Caug ∪ Sexpand

end for
// 3. Global Reranking
F ← S(Q,Caug,K)
return F

Description: The retrieval process first fetches the
top-2K initial chunks viaR. For each chunk c, we
construct an expanded candidate set Caug by
integrating its associated semantic path Pc. This
expansion includes the original chunk, the full path
context, individual path nodes, and pairwise
combinations of the chunk and its nodes. Finally,
the Reranker S scores the entire expanded pool to
select the final top-K results F .

3.2 Momoka-Trail Retriever 383

The Momoka-Map component constructs a high- 384

quality semantic information path model for each 385

chunk within the document. Building on this foun- 386

dation, the core task of the Momoka-Trail Retriever 387

is to leverage these precomputed paths during the 388

inference phase to identify the most precise context 389

from a broader and semantically enriched candi- 390

date pool. Unlike traditional RAG approaches that 391

retrieve only static chunks, we design a "Retrieval - 392
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Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Dragonball
Recall 31.62 35.60 85.88 117.04 109.75 167.41 84.14 86.29 31.53 2.23 59.78 3.29
MRR 1.08 1.30 1.83 2.55 2.11 2.68 2.06 2.39 0.65 0.04 1.33 0.11
Precision 59.71 121.60 109.98 246.87 163.76 262.19 121.27 230.80 46.23 3.51 99.18 6.14
F1 0.37 0.55 0.87 1.58 1.26 2.03 0.90 1.25 0.34 0.03 0.68 0.03
HotpotQA
Recall 262.66 285.45 282.91 284.80 281.02 279.11 277.22 278.48 235.44 11.40 - 237.35
MRR 2.58 2.80 2.79 2.76 2.75 2.69 2.74 2.68 2.11 0.12 - 2.30
Precision 238.61 278.57 256.91 272.82 250.85 265.31 249.54 265.94 184.51 4.05 - 118.78
F1 2.50 2.82 2.69 2.79 2.64 2.72 2.62 2.72 2.06 3.86 - 1.42
TriviaQA
Recall 189.96 249.03 231.67 254.83 245.56 255.21 244.78 256.36 240.92 198.94 - 160.61
MRR 0.35 2.37 0.44 2.44 0.46 2.38 0.40 2.47 1.98 1.45 - 0.52
Precision 104.25 229.71 134.73 238.41 145.67 234.08 144.68 242.06 163.97 111.20 - 104.60
F1 1.29 2.39 1.64 2.46 1.75 2.44 1.75 2.49 1.91 1.37 - 1.24
SQUAD
Recall 263.13 270.11 - - - - 277.10 275.14 213.41 70.67 - 191.06
MRR 2.48 2.59 - - - - 2.64 2.61 1.58 0.45 - 1.68
Precision 135.06 253.82 - - - - 144.12 257.41 112.11 34.58 - 96.24
F1 1.64 2.62 - - - - 1.75 2.66 1.38 0.43 - 1.19
NFCORPUS
Recall 277.64 272.94 281.18 270.98 286.27 271.76 283.93 269.41 206.67 12.95 267.84 271.76
MRR 2.70 2.64 2.72 2.56 2.80 2.58 2.76 2.53 1.89 0.11 2.52 2.63
Precision 250.69 260.39 253.26 255.01 177.21 257.02 255.07 253.88 169.29 4.79 234.64 254.12
F1 2.63 2.66 2.66 2.63 2.66 2.64 2.68 2.61 1.85 0.07 2.50 2.62
SCI-DOCS
Recall 279.82 271.29 283.85 275.79 285.65 271.52 280.71 269.29 192.83 1.71 287.67 269.06
MRR 2.75 2.65 2.80 2.64 2.82 2.58 2.77 2.55 1.70 0.03 2.79 2.64
Precision 258.43 262.45 264.83 262.14 266.38 257.80 260.69 254.36 144.42 1.02 272.03 254.37
F1 2.68 2.67 2.74 2.69 2.75 2.64 2.70 2.62 1.64 0.01 2.80 2.61

Table 1: Comparative Experiments on Retrieval: Due to the presence of sensitive or unsafe content in the original
documents of datasets, LLMs cannot be used to build tree structures for RAPTOR. In the table, we abbreviate
the metrics and framework names, where PPL, MSP, D X R, and Late-Chunk stand for Meta-Chunking-PPL,
Meta-Chunking-MSP, Dense X Retrieval, and Late-Chunking, respectively. Additionally, Fixed-Length
and LLM-Chunk indicate that the chunk sequences input into Momoka-RAG are generated via fixed-length
segmentation and LLM-based segmentation, respectively. Furthermore, w/o and w/ denote the methods without and
with the processing of Momoka-RAG, respectively.

Expansion - Reranking" pipeline strategy. Specifi-393

cally, given a user query q, we first employ a vector394

embedding model to retrieve an initial set of 2× k395

relevant chunks, denoted as Cinit, based on cosine396

similarity. This ensures sufficient coverage during397

the initial screening stage. Subsequently, we exe-398

cute a Mixed-Granularity Expansion Strategy for399

each retrieved chunk ci and its associated semantic400

path Pi. To construct an augmented candidate pool,401

we not only retain the original chunk to maintain402

local semantic precision but also concatenate the403

original chunk with the full path to form a global404

context. Furthermore, we incorporate each individ-405

ual node from the path as well as pairwise combina-406

tions of "the original chunk and individual nodes."407

This multi-perspective expansion strategy ensures408

that both macroscopic narrative clues and micro-409

scopic entity associations hidden deep within the410

path can be effectively captured by the system.411

While this expansion strategy significantly en-412

riches the contextual information, it also substan-413

tially increases the size of the candidate pool. 414

Faced with such a large-scale candidate set, directly 415

utilizing generative LLMs for processing presents a 416

dilemma: on one hand, adopting item-wise binary 417

filtering leads to unacceptable inference latency, 418

and the overly rigid "Yes/No" decision boundary is 419

prone to inefficiency and the risk of filtering out po- 420

tentially relevant information; on the other hand, at- 421

tempting to input all candidates simultaneously into 422

an LLM for listwise ranking not only risks exceed- 423

ing the model’s context window limit but also trig- 424

gers the "Lost in the Middle" phenomenon due to 425

excessive input length, preventing the model from 426

focusing on key evidence and resulting in a signif- 427

icant degradation in ranking accuracy. Therefore, 428

we employ an efficient Cross-Encoder Reranker to 429

replace the LLM. The reranker computes a contin- 430

uous, fine-grained semantic relevance score s(q, d) 431

for each candidate document. This "soft" screening 432

mechanism enables more nuanced identification of 433

relevance while maintaining high system respon- 434
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Method ROUGE-L BLEU-1 BLEU-2 BLEU-3 BLEU-4 Relevant Irrelevant Wrong

Dragonball
LightRAG 0.2315 0.1651 0.1101 0.0794 0.0601 48.87 46.74 4.39
PPL 0.3313 0.1425 0.1048 0.0802 0.0630 64.35 33.47 2.05
PPL (+Momoka-RAG) 0.3053 0.1892 0.1436 0.1124 0.0896 81.19 16.28 2.34
TriviaQA
LightRAG 0.0132 0.0214 0.0191 0.0184 0.0183 - - -
PPL 0.0181 0.1018 0.1221 0.1332 0.1393 - - -
PPL (+Momoka-RAG) 0.0133 0.0219 0.0197 0.0192 0.0191 - - -
SQUAD
LightRAG 0.1075 0.0576 0.0477 0.0402 0.0355 - - -
LLM-Chunk (+Momoka-RAG) 0.1061 0.0630 0.0542 0.0475 0.0429 - - -

Table 2: Comparative Experiments on Generation: Here, PPL, PPL (+Momoka-RAG) and LLM-Chunk
(+Momoka-RAG) represent Meta-Chunking-PPL, Momoka-RAG using Meta-Chunking-PPL as chunking method
and Momoka-RAG using LLM as chunking method, respectively.

siveness. Finally, the system ranks the candidate435

documents based on these scores and selects the436

top-k documents as the final retrieval result Vfinal,437

thereby achieving an optimal balance between the438

accuracy of deep semantic matching and the effi-439

ciency of large-scale retrieval. The detailed proce-440

dure is presented in Algorithm 1.441

4 Experiments442

Datasets. Experiments are conducted on four443

datasets: Dragonball, SQUAD, NFCORPUS, SCI-444

DOCS, HotpotQA and TriviaQA, filtered by doc-445

ument length. Only the Finance subset of Drag-446

onball is used, as other subsets contain structured447

content like legal judgments and medical records,448

not coherent text.449

Embedding Model and Reranker. Since both450

the proposed framework and the baseline meth-451

ods used for comparison are not dependent on spe-452

cific embedding models, and switching embedding453

models does not significantly affect the functional-454

ity or ranking performance of the frameworks, we455

consistently employ BGE-M3 (Chen et al., 2023)456

- which demonstrates strong performance across457

multiple languages and domains - as the embed-458

ding model in all experiments. The batch_size459

was set to 32, and normalize_embeddings was460

set to True, meaning generated embedding vectors461

were normalized. In the experiments, we use the462

bge-reranker-large as the reranker model. The pa-463

rameters of the aforementioned model all adopt464

the default parameter settings of the BCERerank465

function in the BCEmbedding repository 1.466

LLM. For tasks involving the use of pre-trained467

1https://github.com/netease-youdao/
BCEmbedding

LLMs for Chunking, filtering, summarization, in- 468

formation extraction, and answer generation, we 469

employ the OpenAI API to access the highly ca- 470

pable Qwen-max (Bai et al., 2023) model with 471

default parameter settings. In the generative qual- 472

ity evaluation phase, we switch to DeepSeek-R1 473

(DeepSeek-AI et al., 2025) to perform the task, still 474

using the OpenAI API with default parameters. For 475

Meta-Chunking and Dense X Retrieval, we utilize 476

the models recommended in their respective code 477

repositories — specifically, Qwen2.5-1.5B-Instruct 478

and propositionizer-wiki-flan-t5-large — and load 479

these models using the AutoTokenizer and Auto- 480

ModelForCausalLM interfaces from the transform- 481

ers library under default parameter configurations. 482

Chunks Size. To ensure experimental consis- 483

tency, for frameworks that require manually in- 484

putting chunks — such as Momoka-RAG, Ligh- 485

tRAG, and RAPTOR — we use chunks segmented 486

by the LLM. For frameworks involving expected 487

chunk size settings, such as Meta-Chunking, we 488

configure the size according to the average length 489

of the LLM-segmented chunks to maintain unifor- 490

mity. All other frameworks are maintained their 491

default configurations. The average chunk length 492

for each dataset is shown in Appendix G. 493

Metrics. For retrieval evaluation metrics, we 494

adopt Recall, Precision, MRR, and F1 as the main 495

evaluation indicators. For generation evaluation 496

metrics, we use ROUGE-L, BLEU, Wrong, Irrele- 497

vant, and Relevant as the evaluation criteria. Due 498

to space limitations, the final metric score in the 499

main text is calculated using Formula 6. 500

Metric = Metric@1 +Metric@3 +Metric@5
(6) 501
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Hyper-parameter. In the comparative exper-502

iments, the MCTS iteration count is set to 100,503

and the maximum rollout length is set to 5. Addi-504

tionally, we conduct a hyperparameter sensitivity505

analysis, the results of which are presented in Table506

4. Throughout all experiments, α is set to 3, β is507

set to 2, and γ and δ are set to 1.508

Experiment Organization. We designed the509

following experiments: (1) Comparative experi-510

ments on retrieval and generation performance; (2)511

Ablation studies; (3) Sensitivity analysis of critical512

hyper-parameters; and (4) A specific investigation513

into the MCTS reward mechanism design. Due to514

space limitations, items (3) and (4) are presented515

in the Appendix E and F.516

4.1 Comparative Experiments on Retrieval517

Performance518

In terms of retrieval performance, we compare519

our proposed Momoka-RAG against popular RAG520

frameworks—including Late-Chunking, RAPTOR,521

Meta-Chunking-PPL, Meta-Chunking-MSP, and522

Dense X Retrieval. The retrieval performance re-523

sults are presented in Table 1. Due to space limita-524

tions, complete experimental results can be found525

in Appendix H.526

As Momoka-RAG functions as a plug-and-play527

framework capable of processing arbitrary se-528

quences of pre-segmented chunks, our experiments529

in this section incorporate four segmentation meth-530

ods: Fixed-Length, LLM-based, Meta-Chunking-531

MSP, and Meta-Chunking-PPL. It is worth noting532

that the Fixed-Length and LLM-based methods op-533

erate at the paragraph level. In contrast, the Meta-534

Chunking methods (MSP and PPL) process the535

entire document globally. Since the latter approach536

disrupts the original paragraph structure, rendering537

paragraph indices invalid, we treat paragraph IDs538

as equivalent to sentence IDs when processing the539

results from Meta-Chunking.540

Due to space limitations, the detailed result anal-541

ysis is presented in Appendix A.542

4.2 Comparative Experiments on Generation543

Quality544

For generation quality assessment, we used au-545

tomated metrics alongside the LLM evaluation546

prompts from the Dragonball dataset (metrics: Rel-547

evant, Irrelevant, Wrong). Table 2 presents the548

experimental results.549

Due to space limitations, the detailed result anal-550

ysis is presented in Appendix B.551

For details regarding the corresponding prompts 552

and metric descriptions, please refer to Appendix I. 553

4.3 Ablation Studies 554

Momoka-RAG is constructed by integrating the 555

Momoka-Trail Retriever component with the 556

Momoka-Map chunking method. To validate the 557

effectiveness of each component within the frame- 558

work, we conducted ablation studies on the corre- 559

sponding datasets, as shown in Table 3. 560

Due to space limitations, the detailed result anal- 561

ysis is presented in Appendix C. 562

5 Conclusions 563

In this paper, we propose Momoka-RAG, which 564

adopts a semantic completion-oriented approach 565

to proactively explore the relationships between 566

chunks in documents, thereby better addressing 567

retrieval challenges in long-document scenarios. 568

Momoka-RAG consists of two core components: 569

Momoka-Map and Momoka-Trail Retriever. In 570

Momoka-Map, we innovatively regard chunks 571

rather than retrieval actions as nodes and uti- 572

lize MCTS to discover the relationships between 573

chunks, thereby constructing an information path- 574

way model. In Momoka-Trail Retriever, we lever- 575

age the information pathway model obtained from 576

the previous component to further expand the candi- 577

date pool, enabling more precise filtering of chunks 578

relevant to user queries. 579

We conduct comparative experiments and gen- 580

eration tasks on datasets including Dragonball, 581

SQUAD, NFCORPUS, SCI-DOCS, HotpotQA, 582

and TriviaQA. The experimental results demon- 583

strate that Momoka-RAG not only strikes a balance 584

between accuracy and completeness when tackling 585

long-document retrieval tasks but also efficiently 586

prioritizes the most relevant chunks. Furthermore, 587

the Momoka-RAG framework itself does not rely 588

on specific embedding models or pre-trained LLM, 589

nor does it involve additional training, making it 590

applicable to a wide range of scenarios. 591

Limitations 592

During our research, we have identified several 593

limitations of the proposed framework: 594

(1) Although Momoka-RAG advances beyond 595

the passive and mechanical limitations of existing 596

frameworks in reconstructing knowledge structures, 597

it still cannot dynamically determine which seman- 598

tic completion path to take based on the user’s 599
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specific query. The fundamental issue is that incor-600

porating the user’s query into the path construction601

process necessitates postponing the MCTS proce-602

dure until the retrieval stage. This would introduce603

significant latency due to real-time path generation,604

severely impacting system responsiveness. Con-605

versely, executing MCTS before retrieval to avoid606

such delays makes it impossible to leverage the607

user’s query to guide path exploration. Therefore,608

achieving query-adaptive dynamic path selection609

while avoiding the high computational overhead of610

MCTS remains a critical challenge. In future work,611

we will explore this trade-off in depth and strive to612

balance efficiency with dynamic semantic retrieval.613

(2) Momoka-RAG employs MCTS to explore614

the relationships between chunks; however, these615

chunks are confined within a single document616

rather than spanning across multiple documents.617

In other words, our framework does not exhibit618

significant advantages when confronted with cross-619

document retrieval tasks. If all chunks from differ-620

ent documents are incorporated into the MCTS pro-621

cess, it would require an exceedingly large number622

of iterations, consuming substantial time and com-623

putational resources to establish the information624

pathway model. Furthermore, in such a scenario,625

positional information such as sentence indices and626

paragraph numbering would become ineffective for627

determining relationships between chunks across628

documents.629
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A Detailed Analysis of Comparative 770

Experiments on Retrieval Performance 771

Although Momoka-RAG significantly enhances re- 772

trieval performance across most scenarios, we ob- 773

served that under specific combinations of segmen- 774

tation methods and datasets, the Recall metric ex- 775

hibits fluctuations, whereas Precision demonstrates 776

a substantial improvement. We provide an in-depth 777

analysis of this phenomenon from three dimen- 778

sions: the coherence of segmentation granularity, 779

the effectiveness of positional encoding, and the 780

precision trade-off. 781

Complementary Effects of Segmentation 782

Granularity and Contextual Coherence. The 783

magnitude of performance gains achieved by 784

Momoka-RAG across different chunking methods 785

is closely correlated with the contextual coherence 786

of the original chunks: 787

Local Segmentation (Fixed-Length, LLM- 788

Chunk): These methods typically treat the "para- 789

graph" as the processing unit, restricting chunks 790

strictly within paragraph boundaries. This fragmen- 791

tation results in severe semantic gaps. Momoka- 792

RAG utilizes MCTS to proactively construct cross- 793

paragraph semantic paths, effectively acting as a 794

"semantic adhesive." Consequently, it achieves the 795

most significant performance leaps on such chunk- 796

ing methods. 797

Global Segmentation (Meta-Chunking 798

MSP/PPL): These approaches input the en- 799

tire document into an LLM for processing, 800

generating chunks that are inherently cross- 801

paragraph, possessing high native coherence 802

and larger granularity. Since the original chunks 803

already encapsulate sufficient context, the marginal 804

utility of Momoka-RAG’s "semantic completion" 805

naturally diminishes. In certain information-dense 806

documents, excessive path expansion may even 807

dilute the core semantics of the original chunks. 808

Effectiveness Analysis of Structural Prior In- 809

formation. Momoka-RAG’s reward function re- 810

lies on the spatial positional information of chunks 811

(paragraph number pi and sentence number si) to 812

10

https://arxiv.org/abs/2503.20757
https://arxiv.org/abs/2503.20757
https://arxiv.org/abs/2503.20757
https://arxiv.org/abs/1705.03551
https://arxiv.org/abs/1705.03551
https://arxiv.org/abs/1705.03551
https://arxiv.org/abs/1705.03551
https://arxiv.org/abs/1705.03551
https://api.semanticscholar.org/CorpusID:15184765
https://api.semanticscholar.org/CorpusID:15184765
https://api.semanticscholar.org/CorpusID:15184765
https://arxiv.org/abs/2005.11401
https://arxiv.org/abs/2005.11401
https://arxiv.org/abs/2005.11401
https://aclanthology.org/W04-1013
https://aclanthology.org/W04-1013
https://aclanthology.org/W04-1013
https://arxiv.org/abs/2003.08505
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://doi.org/10.3115/1073083.1073135
https://arxiv.org/abs/1606.05250
https://arxiv.org/abs/1606.05250
https://arxiv.org/abs/1606.05250
https://aclanthology.org/L00-1018/
https://aclanthology.org/L00-1018/
https://aclanthology.org/L00-1018/
https://arxiv.org/abs/1809.09600
https://arxiv.org/abs/1809.09600
https://arxiv.org/abs/1809.09600
https://arxiv.org/abs/1809.09600
https://arxiv.org/abs/1809.09600
https://arxiv.org/abs/2410.12788
https://arxiv.org/abs/2410.12788
https://arxiv.org/abs/2410.12788
https://arxiv.org/abs/2303.18223
https://arxiv.org/abs/2408.01262
https://arxiv.org/abs/2408.01262
https://arxiv.org/abs/2408.01262


assist in judging semantic distance. For Fixed-813

Length and LLM-Chunk methods, where the para-814

graph structure is distinct, Momoka-Map can pre-815

cisely leverage these positional priors. However,816

for Meta-Chunking, the disruption of the origi-817

nal paragraph structure results in the loss of para-818

graph numbering information. In our experiments,819

we treated paragraph numbers as equivalent to820

sentence numbers for this case, which effectively821

weakened the constraint of the Structural Prior. In822

structurally rigorous scientific literature such as823

SCI-DOCS, this blurring of structural information824

may lead to deviations in the MCTS exploration825

direction, constituting one of the technical reasons826

for the insignificant improvement or even decline827

in Recall under this combination.828

"High-Precision" Oriented Filtering Mecha-829

nism. It is worth noting that on datasets like NF-830

CORPUS and SCI-DOCS, despite a slight decline831

in Recall when combined with Meta-Chunking,832

Precision often achieved substantial improvements.833

This indicates that Momoka-RAG essentially func-834

tions as a high-intensity semantic filter. In scientific835

and medical retrieval, traditional vector retrieval836

often recalls a large volume of "pseudo-relevant"837

documents that contain matching keywords but are838

semantically unrelated (leading to high Recall but839

low Precision). Through the construction of seman-840

tic paths, Momoka-RAG greatly purifies the can-841

didate set—although the noise introduced by path842

expansion may cause some marginally relevant doc-843

uments to be missed—ensuring that the retained844

documents are highly semantically matched.845

Adaptability Differences Between Narrative846

and Factual Texts. The characteristics of the847

datasets themselves also amplify the aforemen-848

tioned phenomena. In strongly narrative texts849

like Dragonball, cross-paragraph semantic depen-850

dency is the core pain point; hence, Momoka-RAG851

demonstrates optimal effectiveness. Conversely,852

in NFCORPUS and SCI-DOCS, the texts consist853

mostly of high-density independent factual state-854

ments replete with technical terminology. In such855

scenarios, the "knowledge atoms" segmented by856

Meta-Chunking are already sufficiently complete.857

When superimposed with Momoka-RAG’s path858

expansion, although precision is enhanced, the in-859

troduction of additional context inevitably incurs a860

certain degree of recall loss.861

B Detailed Analysis of Comparative 862

Experiments on Generation Quality 863

Experimental results demonstrate that the gener- 864

ative advantages of Momoka-RAG are primarily 865

concentrated in complex contextual tasks. In long- 866

range narrative scenarios such as Dragonball, ben- 867

efiting from the complete evidence chains con- 868

structed by MCTS, the responses generated by 869

the model significantly outperform baseline meth- 870

ods in terms of logical relevance and information 871

completeness, effectively addressing the issue of 872

"contextual fragmentation" often encountered in 873

traditional retrieval. Conversely, on tasks empha- 874

sizing short fact extraction, such as SQUAD and 875

TriviaQA, Momoka-RAG exhibits mixed results or 876

slight fluctuations compared to baselines. This is 877

mainly because the framework tends to generate 878

more detailed and explanatory verbose responses 879

based on rich context, rather than simple keyword 880

extraction. Consequently, it does not hold an ad- 881

vantage on N-gram metrics that favor literal phrase- 882

level matching, although this does not imply a defi- 883

ciency in actual semantic accuracy. 884

C Detailed Analysis of Ablation Studies 885

A comparison of the experimental results between 886

Base and MM reveals that this mechanism yields 887

significant performance improvements across the 888

vast majority of datasets. In narrative or QA- 889

oriented datasets such as Dragonball and Trivi- 890

aQA, the MM configuration demonstrates substan- 891

tial growth in both Precision and Recall compared 892

to Base. This is attributed to the fact that original 893

chunks are often replete with ambiguous references 894

such as "he" or "that place." By forcibly inject- 895

ing the global document title TD, Momoka-Map 896

assigns an explicit semantic label to each chunk, 897

enabling the retrieval model to precisely localize 898

contextually relevant entities, thereby significantly 899

reducing the false positive rate. The improvement 900

brought by MM is particularly dramatic for me- 901

chanical segmentation methods like Fixed-Length. 902

This demonstrates that simple Metadata Augmen- 903

tation can effectively mitigate the loss of context 904

caused by forced truncation, allowing isolated para- 905

graphs to regain their positioning capability within 906

the document. However, in highly structured sci- 907

entific literature such as SCI-DOCS, we observe 908

a slight decline in Recall from Base to MM. This 909

may be because scientific titles often consist of gen- 910

eralized domain vocabulary, which offers limited 911

11



assistance in distinguishing specific experimental912

details within the document. Conversely, this may913

interfere with fine-grained retrieval discriminability914

by increasing the similarity overlap of embeddings.915

By comparing the experimental results of MM916

and Momoka, we can further analyze the practi-917

cal effectiveness of the Momoka-Trail Retriever918

in utilizing MCTS paths to expand the candidate919

pool. In the TriviaQA and Dragonball datasets, the920

Momoka configuration achieves a further perfor-921

mance leap over MM. This validates the effective-922

ness of MCTS paths — representing not merely923

simple relevance matching, but a logical process of924

"following the clues." The Retriever pulls clues925

scattered across different locations in the docu-926

ment into the candidate pool simultaneously via927

these paths, greatly enhancing the completeness928

of evidence for complex queries. Conversely, in929

datasets with extremely high factual density, such930

as NFCORPUS and SCI-DOCS, path expansion931

introduces complex trade-offs. Under certain con-932

figurations, while Recall remains relatively stable,933

Precision shows a significant improvement. This934

suggests that path expansion imposes stricter se-935

mantic constraints; the Retriever leverages path in-936

formation to filter out pseudo-relevant chunks that937

are "seemingly related but logically incoherent,"938

effectively functioning as a high-precision filter.939

However, in combinations like NFCORPUS-PPL,940

we observe a decline in both Recall and Precision941

from MM to Momoka. This occurs because, in942

documents where knowledge points are highly in-943

dependent, forcibly establish MCTS paths may con-944

nect unrelated concepts, thereby introducing a large945

amount of irrelevant information during retrieval946

that crowds out the Top-K space. This indicates947

that for scenarios with extremely high densities948

of fragmented knowledge, excessive path expan-949

sion may yield diminishing marginal utility or even950

negative returns. In such cases, retaining only the951

context augmentation provided by Momoka-Map952

may be the optimal choice.953

D Detailed Prompt in Momoka-RAG954

In Figures 3, 4 and 5, we have presented the prompt955

details of the Momoka-RAG.956

E Sensitivity Analysis of Critical957

Hyper-parameters958

During the construction of the Momoka-Map, two959

hyper-parameters of MCTS — the Maximum Itera-960

tion Count (Niter) and the Maximum Rollout Steps 961

(Lrollout) — directly govern the breadth and depth 962

of semantic path exploration. To investigate the 963

impact of these two parameters on retrieval perfor- 964

mance, we conduct comparative experiments using 965

seven distinct parameter combinations in Table 4. 966

Given that Recall and Precision metrics exhibit 967

consistent trends across the vast majority of com- 968

parisons, we focus exclusively on the analysis of 969

the Recall metric in this section. 970

Analyzing the impact of Rollout steps with 971

fixed iteration counts: In the high-iteration regime 972

(Niter = 100), the Recall at Lrollout = 1 signifi- 973

cantly outperforms that at Lrollout = 3. This im- 974

plies that when search breadth is sufficient, deep 975

rollouts inadvertently act as a source of noise. Due 976

to the decaying nature of semantic associations, 977

as simulation steps increase, chunks at the end of 978

the path may experience Semantic Drift, deviating 979

from the original context of the root node. Conse- 980

quently, the immediate reward signal derived from 981

evaluating only the direct neighbor (Lrollout = 1) 982

remains the most pristine and effective. In the 983

medium-iteration regime (Niter = 50), the Recall 984

at Lrollout = 5 is slightly higher than at Lrollout = 985

1 (and Lrollout = 3). When the search breadth is 986

insufficient to cover all critical branches, increasing 987

depth exploration may serendipitously uncover hid- 988

den semantic associations, thereby compensating 989

for the lack of breadth to a certain extent. However, 990

this proves to be an inefficient strategy, yielding 991

marginal gains compared to the dividends obtained 992

from increasing the iteration count. Conversely, in 993

the low-iteration regime (Niter = 20), Lrollout = 3 994

outperforms Lrollout = 5. This indicates that un- 995

der severely constrained computational budgets, ex- 996

cessively deep rollouts may deplete the resources 997

available for individual simulations, and the result- 998

ing high variance leads to highly unstable return 999

estimates. 1000

Analyzing the impact of iteration counts with 1001

fixed Rollout steps: In shallow simulations 1002

(Lrollout = 1), increasing the iteration count from 1003

Niter = 50 to Niter = 100 achieves a qualitative 1004

leap in Recall. This constitutes the most decisive 1005

finding of the comparison, demonstrating that in se- 1006

mantic path construction tasks, breadth-first is the 1007

unequivocally dominant strategy. Only with a suffi- 1008

cient number of samples can the UCT algorithm of 1009

MCTS effectively balance exploration and exploita- 1010

tion, thereby covering non-obvious yet high-quality 1011

semantic paths. In deep simulations (Lrollout = 3), 1012
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Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Dragonball
Recall 31.62 36.14 35.60 85.88 100.42 117.04 109.75 137.27 167.41 84.14 67.88 86.29
MRR 1.08 1.24 1.30 1.83 2.25 2.55 2.11 2.32 2.68 2.06 1.90 2.39
Precision 59.71 91.89 121.60 109.98 184.10 246.87 163.76 143.24 262.19 121.27 116.03 230.80
F1 0.37 0.50 0.55 0.87 1.25 1.58 1.26 1.11 2.03 0.90 0.77 1.25
NFCORPUS
Recall 277.64 282.35 272.94 281.18 283.93 270.98 286.27 287.09 271.76 283.93 281.96 269.41
MRR 2.70 2.78 2.64 2.72 2.80 2.56 2.80 2.84 2.58 2.76 2.79 2.53
Precision 250.69 270.76 260.39 253.26 272.06 255.01 177.21 271.20 257.02 255.07 271.48 253.88
F1 2.63 2.76 2.66 2.66 2.78 2.63 2.66 2.79 2.64 2.68 2.77 2.61
HotpotQA
Recall 262.66 285.44 285.45 282.91 286.08 284.80 281.02 291.14 279.11 277.22 284.81 278.48
MRR 2.58 2.84 2.80 2.79 2.84 2.76 2.75 2.87 2.69 2.74 2.82 2.68
Precision 238.61 274.52 278.57 256.91 274.51 272.82 250.85 186.32 265.31 249.54 271.31 265.94
F1 2.50 2.80 2.82 2.69 2.80 2.79 2.64 2.81 2.72 2.62 2.78 2.72
SCI-DOCS
Recall 279.82 274.43 271.29 283.85 282.07 275.79 285.65 282.06 271.52 280.71 282.73 269.29
MRR 2.75 2.73 2.65 2.80 2.80 2.64 2.82 2.81 2.58 2.77 2.81 2.55
Precision 258.43 265.45 262.45 264.83 271.93 262.14 266.38 272.44 257.80 260.69 271.70 254.36
F1 2.68 2.70 2.67 2.74 2.77 2.69 2.75 2.77 2.64 2.70 2.77 2.62
SQUAD
Recall 263.13 271.51 270.11 - - - - - - 277.10 281.00 275.14
MRR 2.48 2.60 2.59 - - - - - - 2.64 2.71 2.61
Precision 135.06 142.17 253.82 - - - - - - 144.12 148.90 257.41
F1 1.64 1.72 2.62 - - - - - - 1.75 1.80 2.66
TriviaQA
Recall 189.96 226.25 249.03 231.67 243.63 254.83 245.56 257.14 255.21 244.78 249.04 256.36
MRR 0.35 0.34 2.37 0.44 0.43 2.44 0.46 0.45 2.38 0.40 0.44 2.47
Precision 104.25 159.56 229.71 134.73 167.62 238.41 145.67 169.65 234.08 144.68 166.66 242.06
F1 1.29 1.84 2.39 1.64 1.95 2.46 1.75 1.99 2.44 1.75 1.95 2.49

Table 3: Ablation Studies: Due to the presence of sensitive or unsafe content in the original documents of the
datasets, LLMs cannot be utilized for chunking in the Meta-Chunking method. In the table, framework names
are abbreviated, where Base, MM, and Momoka represent using the chunking method solely, processing the
pre-chunked sequence through Momoka-Map, and processing the pre-chunked sequence through Momoka-RAG,
respectively.

performance exhibits non-monotonic variations as1013

iterations increase. For instance, the performance1014

dip at Niter = 50 suggests a potential incompati-1015

bility zone between medium-scale search and deep1016

simulation. At this stage, the search tree is neither1017

sufficiently broad (prone to local optima) nor are1018

the simulation signals sufficiently accurate, caus-1019

ing the model to falter. Only when the iteration1020

count is further increased to 100 does the robust-1021

ness of the search tree once again overcome the1022

noise introduced by deep simulations.1023

Due to constraints on computational resources1024

and experimental timelines, we did not explore1025

larger settings for iteration counts or rollout1026

depths. Current experimental results indicate1027

that the model achieves superior performance at1028

Iteration = 100, while exhibiting a distinct trend1029

of diminishing marginal returns. This suggests that1030

further increasing computational overhead would1031

not yield significant improvements in metrics.1032

In summary, the expansion of search breadth and 1033

the resulting performance gains driven by increased 1034

iteration counts precisely reflect the core essence 1035

of ’Proactive Exploration’ in Momoka-RAG. This 1036

constitutes the fundamental innovation that enables 1037

our framework to reconstruct knowledge structures 1038

and overcome the bottlenecks of long-document 1039

retrieval. 1040

F Analysis of MCTS Reward 1041

The reward function r serves as a compass guid- 1042

ing MCTS to perform effective searches within the 1043

semantic space. In this study, we compare two 1044

different reward mechanism designs: the original 1045

mechanism (denoted as w/o), which focuses exclu- 1046

sively on the initial starting point, and the modified 1047

mechanism (denoted as w/), which accounts for the 1048

complete evolutionary path. Experimental results 1049

are presented in Table 5. Both mechanisms main- 1050

tain consistent physical constraints by calculating 1051
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Metric Iter 20 / Roll 3 Iter 20 / Roll 5 Iter 50 / Roll 1 Iter 50 / Roll 3 Iter 50 / Roll 5 Iter 100 / Roll 1 Iter 100 / Roll 3

Recall 80.25 79.13 78.48 78.45 79.76 88.71 86.29
MRR 2.35 2.31 2.33 2.33 2.34 2.42 2.39
Precision 223.27 220.60 222.95 221.76 224.01 235.13 230.80
F1 1.17 1.15 1.16 1.15 1.17 1.28 1.25

Table 4: Sensitivity Analysis of Critical Hyper-parameters: We conduct a hyper-parameter sensitivity analysis
on the Dragonball dataset. In the table, the notation Iter A/Roll B denotes that the number of iterations is set to A
and the maximum rollout steps are set to B.

Dataset Method Recall Precision MRR F1

Dragonball
w/ 86.56 234.91 2.43 1.26
w/o 86.29 230.80 2.39 1.25

NFCORPUS
w/ 270.19 254.46 2.53 2.62
w/o 269.41 253.88 2.53 2.61

SCI-DOCS
w/ 270.63 255.18 2.56 2.63
w/o 269.29 254.36 2.55 2.62

TriviaQA
w/ 259.46 242.59 2.49 2.51
w/o 256.36 242.06 2.47 2.49

Table 5: Analysis of MCTS Reward: In the table,
all experimental parameter settings are consistent with
those in the main text. The notations w/ and w/o de-
note whether the reward mechanism within the MCTS
process is modified. Due to the presence of sensitive
content in certain datasets and recent updates to the API,
the method was unable to function properly. Conse-
quently, the experimental results for these datasets are
not presented.

the physical distance of the new node relative to the1052

initial chunk, thereby preventing the search scope1053

from diverging excessively within the document.1054

However, they exhibit a fundamental difference in1055

the logic used to determine semantic consistency:1056

in the original mechanism, the LLM merely eval-1057

uates whether the new chunk is semantically rele-1058

vant to the initial chunk; whereas in the modified1059

mechanism, the LLM assesses whether the new1060

chunk constitutes a reasonable logical continuation1061

of the current complete path context. The detailed1062

prompts can be found in Appendix D. The formula1063

for the modified reward mechanism is defined as1064

follows:1065

r = ILLM (concat(Pcontext), cnew)

+ α · 1

|pi − pnew|+ γ

+ β · 1

|si − snew|+ δ
,

(7)1066

Unlike the original mechanism, here we con-1067

catenate the textual content of the complete path1068

from the root node to the current node, denoted1069

as Pcontext, to serve as the input context for the 1070

LLM. The function ILLM indicates whether the 1071

new chunk cnew constitutes a reasonable logical 1072

continuation of this complete logical flow (return- 1073

ing 1 if valid, and 0 otherwise). 1074

Based on the experimental results, we focus our 1075

analysis exclusively on the Dragonball and Trivi- 1076

aQA datasets, where significant comparative im- 1077

provements are observed. 1078

In the Dragonball corpus, technical terminology 1079

frequently recurs across various perspectives of 1080

financial analysis. This high degree of terminologi- 1081

cal overlap renders baseline methods (w/o), which 1082

rely solely on local relevance, highly susceptible 1083

to confusing logical attributions across different 1084

timelines or business segments. The modified re- 1085

ward mechanism (w/), by enforcing the inclusion 1086

of full path context (Pcontext), imposes a strict log- 1087

ical consistency constraint on MCTS. It shifts the 1088

focus from mere lexical matching between nodes 1089

to scrutinizing whether a new node seamlessly con- 1090

tinues the financial analysis logic of the preced- 1091

ing path. This mechanism effectively filters out 1092

"pseudo-relevant" information—chunks that share 1093

identical terms but are misplaced within the logical 1094

flow—thereby enhancing retrieval precision while 1095

maintaining stable recall. This finding is consistent 1096

with the high sensitivity to long-range logical de- 1097

pendencies observed for this dataset in our main 1098

experiments. 1099

Conversely, in datasets like TriviaQA which tar- 1100

get open-domain question answering, the charac- 1101

teristics favor discrete "short fact extraction." Ques- 1102

tions often necessitate gathering evidence across 1103

multiple non-contiguous paragraphs, where con- 1104

nections between knowledge points are relatively 1105

loose. In this scenario, the modified reward mech- 1106

anism exhibits a distinctly different operational 1107

mode: it functions as a "bridge" for knowledge 1108

association rather than a "filter." By evaluating the 1109

overall rationality of the path, the model identi- 1110

fies distal nodes that, despite being semantically 1111
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Dataset Average Chunk Length
Dragonball 22

SQUAD 63
NFCORPUS 25
SCI-DOCS 68
HotpotQA 53
TriviaQA 57

Table 6: Average chunk length of each dataset.

distant from the starting node in a literal sense,1112

constitute reasonable extensions within the knowl-1113

edge inference chain. This tolerance for large se-1114

mantic jumps enables MCTS to construct evidence1115

paths with broader coverage, successfully reaching1116

deeply hidden knowledge fragments. This explains1117

why the modified mechanism primarily yields a1118

significant surge in Recall on TriviaQA, demon-1119

strating that full path context effectively mitigates1120

premature search truncation caused by excessive1121

semantic distances in divergent knowledge tasks.1122

G Detailed Information of Datasets1123

The Dragonball dataset consists entirely of fic-1124

tional information with no connection to real-world1125

data. The SQUAD corpus is primarily sourced1126

from Wikipedia articles. The medical documents in1127

the NFCORPUS dataset are mainly from PubMed.1128

The SCI-DOCS corpus includes scientific litera-1129

ture in fields such as computer science and physics.1130

The HotpotQA is a large-scale multi-hop question-1131

answering dataset based on Wikipedia. The Triv-1132

iaQA is a large-scale dataset with its questions1133

mostly derived from trivia questions found on the1134

internet.1135

The details of each dataset can be found in Fig-1136

ures 6, 7, 8, 9, 10 and 11. The average chunk1137

length for each dataset is shown in Table 6.1138

H Detailed Information of Comparative1139

Experiments1140

This section presents the comprehensive exper-1141

imental results of the comparative experiments.1142

Across all tables, all abbreviations remain consis-1143

tent with those used in the main text. Please refer1144

to Tables 7, 8, 9, 10, 11 and 12 for details.1145

I Detailed Information of Generation 1146

Quality Metrics in Dragonball Datasets 1147

In terms of generation quality, we employ the LLM 1148

prompt template used for automatic evaluation in 1149

the Dragonball dataset, along with the correspond- 1150

ing generation quality metrics, which include: 1151

Relevant indicates that the information con- 1152

tained in the generated answer is core-relevant and 1153

consistent with key points in the standard answer. 1154

Irrelevant indicates that the generated answer 1155

does not cover key points from the standard answer. 1156

Wrong indicates that the generated answer cov- 1157

ers key points from the standard answer, but the 1158

information is incorrect or contradictory to the stan- 1159

dard answer points. 1160

The specific prompt template can be found in the 1161

code repository of the RAGEval project 2. 1162

J Detailed Information of Ablation 1163

Studies 1164

This section presents the comprehensive experi- 1165

mental results of the ablation studies. Across all 1166

tables, all abbreviations remain consistent with 1167

those used in the main text. Please refer to Ta- 1168

bles 13, 14, 15, 16, 17 and 18 for details. 1169

K Detailed Information of Sensitivity 1170

Analysis of Critical Hyper-parameters 1171

This section presents the comprehensive experi- 1172

mental results of the sensitivity analysis of critical 1173

hyper-parameters. Across all tables, all abbrevia- 1174

tions remain consistent with those used in the main 1175

text. Please refer to Table 19 for details. 1176

L Detailed Information of Analysis of 1177

MCTS Reward 1178

This section presents the comprehensive exper- 1179

imental results of the analysis of mcts reward. 1180

Across all tables, all abbreviations remain consis- 1181

tent with those used in the main text. Please refer 1182

to Tables 20, 21, 22 and 23 for details. 1183

2https://github.com/OpenBMB/RAGEval
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Figure 3: Detailed prompt in Momoka-Map for llm chunk.

Figure 4: Detailed prompt in Momoka-Map.

Figure 5: Detailed prompt in Momoka-Map with reward change.
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Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 7.53 9.86 18.35 29.93 26.87 43.32 14.87 22.66 6.61 0.52 14.40 0.75
MRR 0.33 0.41 0.56 0.81 0.68 0.87 0.54 0.76 0.24 0.02 0.53 0.03
Precision 32.55 41.20 55.95 80.57 68.06 86.78 54.32 76.09 23.70 1.83 53.31 3.26
F1 0.12 0.16 0.28 0.44 0.39 0.58 0.23 0.35 0.10 0.01 0.23 0.01
Top-3
Recall 11.01 11.86 30.12 39.98 37.84 58.14 31.51 28.85 10.92 0.75 20.89 1.18
MRR 0.37 0.44 0.63 0.87 0.71 0.91 0.75 0.80 0.22 0.01 0.42 0.04
Precision 15.87 40.66 31.06 83.35 54.26 88.00 38.93 77.35 12.72 0.95 26.50 1.70
F1 0.13 0.18 0.31 0.54 0.45 0.70 0.35 0.42 0.12 0.01 0.23 0.01
Top-5
Recall 13.08 13.88 37.41 47.13 45.04 65.95 37.76 34.78 14.00 0.96 24.49 1.36
MRR 0.38 0.45 0.64 0.87 0.72 0.90 0.76 0.83 0.19 0.01 0.37 0.04
Precision 11.29 39.74 22.97 82.95 41.44 87.41 28.02 77.36 9.81 0.73 19.37 1.18
F1 0.12 0.21 0.28 0.60 0.43 0.75 0.32 0.48 0.12 0.01 0.22 0.01

Table 7: Performance Comparison on Dragonball Dataset (Top-1, Top-3, Top-5).

Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 87.84 84.31 88.24 80.00 91.76 81.57 90.20 79.61 58.04 2.75 80.39 85.49
MRR 0.88 0.84 0.88 0.80 0.92 0.82 0.90 0.80 0.58 0.03 0.80 0.85
Precision 87.84 84.31 88.24 80.00 91.76 81.57 90.20 79.61 58.04 2.75 80.39 85.49
F1 0.88 0.84 0.88 0.80 0.92 0.82 0.90 0.80 0.58 0.03 0.80 0.85
Top-3
Recall 94.90 94.12 95.69 94.51 95.69 95.29 96.08 94.51 72.55 5.10 91.76 92.94
MRR 0.91 0.90 0.91 0.88 0.93 0.89 0.93 0.86 0.65 0.04 0.85 0.89
Precision 83.40 87.84 84.71 87.32 84.71 87.06 84.71 86.27 56.21 1.02 77.27 85.49
F1 0.89 0.91 0.90 0.91 0.90 0.91 0.90 0.90 0.63 0.02 0.84 0.89
Top-5
Recall 94.90 94.51 97.25 96.47 98.82 94.90 97.65 95.29 76.08 5.10 95.69 93.33
MRR 0.91 0.90 0.92 0.88 0.94 0.88 0.93 0.87 0.66 0.04 0.87 0.88
Precision 79.45 88.24 80.31 87.69 0.74 88.39 80.16 88.00 55.04 1.02 76.98 83.14
F1 0.86 0.91 0.88 0.92 0.85 0.92 0.88 0.92 0.64 0.02 0.85 0.88

Table 8: Performance Comparison on NFCORPUS Dataset (Top-1, Top-3, Top-5).

Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 85.44 92.41 91.77 87.97 90.51 83.54 90.51 85.44 63.92 3.80 - 75.32
MRR 0.85 0.92 0.92 0.88 0.91 0.84 0.91 0.85 0.64 0.04 - 0.75
Precision 85.44 92.41 91.77 87.97 90.51 83.54 90.51 85.44 63.92 0.04 - 75.32
F1 0.85 0.92 0.92 0.88 0.91 0.84 0.91 0.85 0.64 3.80 - 0.75
Top-3
Recall 86.71 96.84 95.57 98.10 94.94 97.47 94.30 96.20 84.18 3.80 - 80.38
MRR 0.85 0.95 0.94 0.94 0.92 0.92 0.92 0.91 0.73 0.04 - 0.77
Precision 77.22 93.25 85.65 92.19 85.02 89.87 83.97 89.87 61.35 2.11 - 27.00
F1 0.82 0.95 0.90 0.95 0.90 0.94 0.89 0.93 0.71 0.03 - 0.40
Top-5
Recall 90.51 96.20 95.57 98.73 95.57 98.10 92.41 96.84 87.34 3.80 - 81.65
MRR 0.88 0.93 0.93 0.94 0.93 0.93 0.91 0.91 0.74 0.04 - 0.78
Precision 75.95 92.91 79.49 92.66 75.32 91.90 75.06 90.63 59.24 1.90 - 16.46
F1 0.83 0.95 0.87 0.96 0.84 0.95 0.83 0.94 0.71 0.03 - 0.27

Table 9: Performance Comparison on HotpotQA Dataset (Top-1, Top-3, Top-5).
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Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 90.36 88.79 92.15 86.55 93.50 81.61 91.70 82.74 50.90 0.37 93.05 86.77
MRR 0.90 0.89 0.92 0.87 0.94 0.82 0.92 0.83 0.51 0.01 0.93 0.87
Precision 90.36 88.79 92.15 86.55 93.50 81.61 91.70 82.74 50.90 0.67 93.05 86.77
F1 0.90 0.89 0.92 0.87 0.94 0.82 0.92 0.83 0.51 0.01 0.93 0.87
Top-3
Recall 94.84 90.80 95.29 94.62 95.96 95.07 94.84 92.38 68.16 0.67 97.09 90.81
MRR 0.92 0.88 0.94 0.89 0.95 0.89 0.93 0.86 0.59 0.01 0.92 0.89
Precision 85.87 86.62 87.97 87.74 88.71 87.89 87.29 84.53 47.52 0.22 90.43 84.01
F1 0.90 0.89 0.91 0.91 0.92 0.91 0.91 0.88 0.56 0.00 0.94 0.87
Top-5
Recall 94.62 91.70 96.41 94.62 96.19 94.84 94.17 94.17 73.77 0.67 97.53 91.48
MRR 0.92 0.88 0.94 0.89 0.94 0.88 0.92 0.86 0.60 0.01 0.94 0.89
Precision 82.20 87.04 84.71 87.85 84.17 88.30 81.70 87.09 46.00 0.13 88.55 83.59
F1 0.88 0.89 0.90 0.91 0.90 0.91 0.88 0.90 0.57 0.00 0.93 0.87

Table 10: Performance Comparison on SCI-DOCS Dataset (Top-1, Top-3, Top-5).

Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 79.05 86.31 - - - - 84.64 87.15 56.27 16.48 - 50.84
MRR 0.79 0.86 - - - - 0.85 0.87 0.56 0.16 - 0.51
Precision 79.05 86.31 - - - - 84.64 87.15 56.27 16.48 - 50.84
F1 0.79 0.86 - - - - 0.85 0.87 0.56 0.16 - 0.51
Top-3
Recall 90.78 90.78 - - - - 94.97 93.02 75.51 25.70 - 66.76
MRR 0.84 0.86 - - - - 0.89 0.88 0.53 0.16 - 0.58
Precision 33.89 83.71 - - - - 35.85 85.85 30.82 10.61 - 26.35
F1 0.49 0.87 - - - - 0.52 0.89 0.44 0.15 - 0.38
Top-5
Recall 93.30 93.02 - - - - 97.49 94.97 81.63 28.49 - 73.46
MRR 0.85 0.86 - - - - 0.90 0.86 0.49 0.13 - 0.59
Precision 22.12 83.80 - - - - 23.63 84.41 25.02 7.49 - 19.05
F1 0.36 0.88 - - - - 0.38 0.89 0.38 0.12 - 0.30

Table 11: Performance Comparison on SQUAD Dataset (Top-1, Top-3, Top-5).

Fixed-Length MSP PPL LLM-Chunk Other Baselines

Metric w/o w/ w/o w/ w/o w/ w/o w/ LightRAG Late-Chunk RAPTOR D X R

Top-1
Recall 45.56 75.29 59.85 79.15 68.34 78.38 64.86 81.85 67.57 46.72 - 37.83
MRR 0.10 0.75 0.13 0.79 0.14 0.78 0.11 0.82 0.68 0.47 - 0.38
Precision 45.56 75.29 59.85 79.15 68.34 78.38 64.86 81.85 67.57 46.72 - 37.83
F1 0.46 0.75 0.60 0.79 0.68 0.78 0.65 0.82 0.68 0.47 - 0.38
Top-3
Recall 67.18 86.10 82.24 87.64 86.10 88.80 87.26 86.87 85.71 71.43 - 56.76
MRR 0.12 0.81 0.15 0.83 0.16 0.81 0.14 0.83 0.65 0.51 - 0.07
Precision 32.05 77.35 41.44 80.57 45.05 79.41 46.46 81.21 51.56 34.36 - 34.88
F1 0.43 0.81 0.55 0.84 0.59 0.84 0.61 0.84 0.64 0.46 - 0.43
Top-5
Recall 77.22 87.64 89.58 88.04 91.12 88.03 92.66 87.64 87.64 80.79 - 66.02
MRR 0.13 0.81 0.16 0.82 0.17 0.78 0.15 0.82 0.65 0.47 - 0.07
Precision 26.64 77.07 33.44 78.69 32.28 76.29 33.36 79.00 44.84 30.12 - 31.89
F1 0.40 0.82 0.49 0.83 0.48 0.82 0.49 0.83 0.59 0.44 - 0.43

Table 12: Performance Comparison on TriviaQA Dataset (Top-1, Top-3, Top-5).
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Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 7.53 8.80 9.86 18.35 22.00 29.93 26.87 28.80 43.32 14.87 18.87 22.66
MRR 0.33 0.37 0.41 0.56 0.68 0.81 0.68 0.73 0.87 0.54 0.70 0.76
Precision 32.55 37.44 41.20 55.95 68.26 80.57 68.06 72.74 86.78 54.32 69.58 76.09
F1 0.12 0.14 0.16 0.28 0.33 0.44 0.39 0.41 0.58 0.23 0.30 0.35
Top-3
Recall 11.01 12.96 11.86 30.12 36.66 39.98 37.84 48.99 58.14 31.51 22.49 28.85
MRR 0.37 0.43 0.44 0.63 0.75 0.87 0.71 0.79 0.91 0.75 0.59 0.80
Precision 15.87 18.68 40.66 31.06 38.08 83.35 54.26 40.90 88.00 38.93 27.20 77.35
F1 0.13 0.15 0.18 0.31 0.37 0.54 0.45 0.45 0.70 0.35 0.25 0.42
Top-5
Recall 13.08 14.38 13.88 37.41 41.76 47.13 45.04 59.48 65.95 37.76 26.52 34.78
MRR 0.38 0.44 0.45 0.64 0.82 0.87 0.72 0.80 0.90 0.76 0.61 0.83
Precision 11.29 35.77 39.74 22.97 77.76 82.95 41.44 29.60 87.41 28.02 19.25 77.36
F1 0.12 0.21 0.21 0.28 0.54 0.60 0.43 0.25 0.75 0.32 0.22 0.48

Table 13: Ablation Studies on the Dragonball dataset for Top-1, Top-3, and Top-5 retrieval.

Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 87.84 89.80 84.31 88.24 92.16 80.00 91.76 93.73 81.57 90.20 92.16 79.61
MRR 0.88 0.90 0.84 0.88 0.92 0.80 0.92 0.94 0.82 0.90 0.92 0.80
Precision 87.84 89.80 84.31 88.24 92.16 80.00 91.76 93.73 81.57 90.20 92.16 79.61
F1 0.88 0.90 0.84 0.88 0.92 0.80 0.92 0.94 0.82 0.90 0.92 0.80
Top-3
Recall 94.90 96.86 94.12 95.69 95.69 94.51 95.69 96.47 95.29 96.08 94.51 94.51
MRR 0.91 0.95 0.90 0.91 0.94 0.88 0.93 0.95 0.89 0.93 0.93 0.86
Precision 83.40 91.63 87.84 84.71 90.33 87.32 84.71 91.90 87.06 84.71 89.67 86.27
F1 0.89 0.94 0.91 0.90 0.93 0.91 0.90 0.94 0.91 0.90 0.92 0.90
Top-5
Recall 94.90 95.69 94.51 97.25 96.08 96.47 98.82 96.89 94.90 97.65 95.29 95.29
MRR 0.91 0.94 0.90 0.92 0.94 0.88 0.94 0.95 0.88 0.93 0.93 0.87
Precision 79.45 89.33 88.24 80.31 89.57 87.69 74.27 85.57 88.39 80.16 89.65 88.00
F1 0.86 0.92 0.91 0.88 0.93 0.92 0.85 0.91 0.92 0.88 0.92 0.92

Table 14: Ablation Studies on the NFCORPUS dataset for Top-1, Top-3, and Top-5 retrieval.

Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 85.44 94.94 92.41 91.77 94.30 87.97 90.51 94.94 83.54 90.51 93.04 85.44
MRR 0.85 0.95 0.92 0.92 0.94 0.88 0.91 0.95 0.84 0.91 0.93 0.85
Precision 85.44 94.94 92.41 91.77 94.30 87.97 90.51 94.94 83.54 90.51 93.04 85.44
F1 0.85 0.95 0.92 0.92 0.94 0.88 0.91 0.95 0.84 0.91 0.93 0.85
Top-3
Recall 86.71 94.30 96.84 95.57 94.94 98.10 94.94 97.47 97.47 94.30 95.57 96.20
MRR 0.85 0.94 0.95 0.94 0.95 0.94 0.92 0.96 0.92 0.92 0.94 0.91
Precision 77.22 90.72 93.25 85.65 90.72 92.19 85.02 90.51 89.87 83.97 90.30 89.87
F1 0.82 0.92 0.95 0.90 0.93 0.95 0.90 0.94 0.94 0.89 0.93 0.93
Top-5
Recall 90.51 96.20 96.20 95.57 96.84 98.73 95.57 98.73 98.10 92.41 96.20 96.84
MRR 0.88 0.94 0.93 0.93 0.95 0.94 0.93 0.96 0.93 0.91 0.94 0.91
Precision 75.95 88.86 92.91 79.49 89.49 92.66 75.32 86.84 91.90 75.06 87.97 90.63
F1 0.83 0.92 0.95 0.87 0.93 0.96 0.84 0.92 0.95 0.83 0.92 0.94

Table 15: Ablation Studies on the HotpotQA dataset for Top-1, Top-3, and Top-5 retrieval.
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Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 90.36 90.58 88.79 92.15 93.05 86.55 93.50 93.72 81.61 91.70 93.27 82.74
MRR 0.90 0.91 0.89 0.92 0.93 0.87 0.94 0.94 0.82 0.92 0.93 0.83
Precision 90.36 90.58 88.79 92.15 93.05 86.55 93.50 93.72 81.61 91.70 93.27 82.74
F1 0.90 0.91 0.89 0.92 0.93 0.87 0.94 0.94 0.82 0.92 0.93 0.83
Top-3
Recall 94.84 91.70 90.80 95.29 93.95 94.62 95.96 94.17 95.07 94.84 94.17 92.38
MRR 0.92 0.91 0.88 0.94 0.93 0.89 0.95 0.94 0.89 0.93 0.94 0.86
Precision 85.87 88.19 86.62 87.97 89.91 87.74 88.71 90.51 87.89 87.29 89.91 84.53
F1 0.90 0.90 0.89 0.91 0.92 0.91 0.92 0.92 0.91 0.91 0.92 0.88
Top-5
Recall 94.62 92.15 91.70 96.41 95.07 94.62 96.19 94.17 94.84 94.17 95.29 94.17
MRR 0.92 0.91 0.88 0.94 0.94 0.89 0.94 0.94 0.88 0.92 0.94 0.86
Precision 82.20 86.68 87.04 84.71 88.97 87.85 84.17 88.21 88.30 81.70 88.52 87.09
F1 0.88 0.89 0.89 0.90 0.92 0.91 0.90 0.91 0.91 0.88 0.92 0.90

Table 16: Ablation Studies on the SCI-DOCS dataset for Top-1, Top-3, and Top-5 retrieval.

Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 79.05 83.24 86.31 - - - - - - 84.64 87.71 87.15
MRR 0.79 0.83 0.86 - - - - - - 0.85 0.88 0.87
Precision 79.05 83.24 86.31 - - - - - - 84.64 87.71 87.15
F1 0.79 0.83 0.86 - - - - - - 0.85 0.88 0.87
Top-3
Recall 90.78 93.58 90.78 - - - - - - 94.97 95.25 93.02
MRR 0.84 0.88 0.86 - - - - - - 0.89 0.91 0.88
Precision 33.89 35.47 83.71 - - - - - - 35.85 37.06 85.85
F1 0.49 0.51 0.87 - - - - - - 0.52 0.53 0.89
Top-5
Recall 93.30 94.69 93.02 - - - - - - 97.49 98.04 94.97
MRR 0.85 0.88 0.86 - - - - - - 0.90 0.92 0.86
Precision 22.12 23.46 83.80 - - - - - - 23.63 24.13 84.41
F1 0.36 0.38 0.88 - - - - - - 0.38 0.39 0.89

Table 17: Ablation Studies on the SQUAD dataset for Top-1, Top-3, and Top-5 retrieval.

Fixed-Length Meta-Chunking-MSP Meta-Chunking-PPL LLM-Chunk

Metric Base MM Momoka Base MM Momoka Base MM Momoka Base MM Momoka

Top-1
Recall 45.56 60.62 75.29 59.85 67.18 79.15 68.34 74.13 78.38 64.86 71.04 81.85
MRR 0.10 0.10 0.75 0.13 0.13 0.79 0.14 0.14 0.78 0.11 0.14 0.82
Precision 45.56 60.62 75.29 59.85 67.18 79.15 68.34 74.13 78.38 64.86 71.04 81.85
F1 0.46 0.61 0.75 0.60 0.67 0.79 0.68 0.74 0.78 0.65 0.71 0.82
Top-3
Recall 67.18 79.92 86.10 82.24 84.94 87.64 86.10 90.73 88.80 87.26 86.49 86.87
MRR 0.12 0.12 0.81 0.15 0.15 0.83 0.16 0.16 0.81 0.14 0.15 0.83
Precision 32.05 51.99 77.35 41.44 53.80 80.57 45.05 54.05 79.41 46.46 53.54 81.21
F1 0.43 0.63 0.81 0.55 0.66 0.84 0.59 0.68 0.84 0.61 0.66 0.84
Top-5
Recall 77.22 85.71 87.64 89.58 91.51 88.04 91.12 92.28 88.03 92.66 91.51 87.64
MRR 0.13 0.12 0.81 0.16 0.16 0.82 0.17 0.16 0.78 0.15 0.16 0.82
Precision 26.64 46.95 77.07 33.44 46.64 78.69 32.28 41.47 76.29 33.36 42.08 79.00
F1 0.40 0.61 0.82 0.49 0.62 0.83 0.48 0.57 0.82 0.49 0.58 0.83

Table 18: Ablation Studies on the TriviaQA dataset for Top-1, Top-3, and Top-5 retrieval.
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Metric Iter 20 / Roll 3 Iter 20 / Roll 5 Iter 50 / Roll 1 Iter 50 / Roll 3 Iter 50 / Roll 5 Iter 100 / Roll 1 Iter 100 / Roll 3

Top-1
Recall 21.01 20.85 20.85 20.80 21.01 22.87 22.66
MRR 0.75 0.74 0.75 0.74 0.75 0.77 0.76
Precision 74.94 74.06 75.08 74.47 75.38 76.81 76.09
F1 0.33 0.33 0.33 0.33 0.33 0.35 0.35

Top-3
Recall 25.76 25.41 25.32 25.60 25.69 30.00 28.85
MRR 0.81 0.79 0.79 0.80 0.79 0.82 0.80
Precision 77.42 76.77 77.21 77.48 77.38 79.62 77.35
F1 0.39 0.38 0.39 0.38 0.39 0.44 0.42

Top-5
Recall 33.48 32.87 32.31 32.05 33.06 35.84 34.78
MRR 0.79 0.78 0.78 0.78 0.79 0.83 0.83
Precision 70.91 69.77 70.66 69.81 71.25 78.70 77.36
F1 0.45 0.45 0.44 0.44 0.45 0.49 0.48

Table 19: Sensitivity Analysis of Critical Hyper-parameters on the Dragonball dataset for Top-1, Top-3, and Top-5
retrieval.
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Figure 6: Detailed informations of Dragonball dataset.

Figure 7: Detailed informations of SQUAD dataset.

Figure 8: Detailed informations of NFCORPUS dataset.

Figure 9: Detailed informations of SCI-DOCS dataset.

Figure 10: Detailed informations of HotpotQA dataset.
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Figure 11: Detailed informations of TriviaQA dataset.

Top-k Method Recall Precision MRR F1

Top-1
w/ 22.96 77.11 0.77 0.35
w/o 22.66 76.09 0.76 0.35

Top-3
w/ 28.94 79.55 0.83 0.42
w/o 28.85 77.35 0.80 0.42

Top-5
w/ 34.66 78.25 0.83 0.48
w/o 34.78 77.36 0.83 0.48

Table 20: Analysis of MCTS Reward on the Dragonball
dataset for Top-1, Top-3, and Top-5 retrieval.

Top-k Method Recall Precision MRR F1

Top-1
w/ 80.78 80.78 0.81 0.81
w/o 79.61 79.61 0.80 0.80

Top-3
w/ 94.90 86.54 0.87 0.91
w/o 94.51 86.27 0.86 0.90

Top-5
w/ 94.51 87.14 0.85 0.91
w/o 95.29 88.00 0.87 0.92

Table 21: Analysis of MCTS Reward on the NF-
CORUPS dataset for Top-1, Top-3, and Top-5 retrieval.

Top-k Method Recall Precision MRR F1

Top-1
w/ 82.74 82.74 0.83 0.83
w/o 82.74 82.74 0.83 0.83

Top-3
w/ 93.50 85.13 0.87 0.89
w/o 92.38 84.53 0.86 0.88

Top-5
w/ 94.39 87.31 0.87 0.91
w/o 94.17 87.09 0.86 0.90

Table 22: Analysis of MCTS Reward on the SCI-DOCS
dataset for Top-1, Top-3, and Top-5 retrieval.

Top-k Method Recall Precision MRR F1

Top-1
w/ 81.85 81.85 0.82 0.82
w/o 81.85 81.85 0.82 0.82

Top-3
w/ 88.42 81.98 0.84 0.85
w/o 86.87 81.21 0.83 0.84

Top-5
w/ 259.46 242.59 2.49 2.51
w/o 256.36 242.06 2.47 2.49

Table 23: Analysis of MCTS Reward on the TriviaQA
dataset for Top-1, Top-3, and Top-5 retrieval.
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