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Abstract001

Parsing long, unstructured documents into hi-002
erarchical machine-readable formats is criti-003
cally challenged by the tension between docu-004
ment length and limited LLM context. Prevail-005
ing one-shot or stateless chunk-based meth-006
ods suffer from the “lost-in-the-middle” phe-007
nomenon and fragmented structures. We008
argue for reframing the task as an itera-009
tive, stateful editing process. This paper in-010
troduces the Iterative Structured Content011
Filling (ISCF) framework, which incremen-012
tally builds a global tree through LLM-driven013
steps under partial observability. ISCF in-014
tegrates three pillars: (1) Dynamic Bound-015
ary Re-alignment (DBR) for unsupervised016
chunk optimization via semantic coherence017
and uncertainty; (2) Adaptive Structural018
Masking & Hierarchical-Aware Path Em-019
bedding (HAPE) for efficient global aware-020
ness within finite context; (3) Bijective Path-021
Content Mapping ensuring lossless recon-022
struction. Extensive experiments on financial023
and legal documents demonstrate ISCF’s supe-024
rior accuracy, robustness, and efficiency over025
strong baselines, offering a principled solution026
for unbounded document structuring.027

1 Introduction028

The digital transformation of industries such as fi-029

nance, law, and academia has generated vast repos-030

itories of long-form unstructured documents. Au-031

tomating the conversion of these documents into032

machine-readable hierarchical formats is crucial033

for downstream applications like intelligent re-034

view, knowledge graph construction, and seman-035

tic analysis. However, existing methods for docu-036

ment structure parsing face a fundamental tension037

between the unbounded length of real-world docu-038

ments and the fixed context windows of Large Lan-039

guage Models (LLMs), as well as between local-040

ized text processing and the need for global struc-041

tural consistency(Xu et al., 2020).042

Prevailing approaches exhibit significant limi- 043

tations. Full-text ingestion is immediately con- 044

strained by context ceilings and suffers from 045

the well-documented "lost-in-the-middle" phe- 046

nomenon, where model performance degrades 047

sharply on information located in the middle of 048

long inputs (Liu et al., 2023). Independent chunk 049

parsing treats each segment in isolation, leading 050

to catastrophic structural fractures at boundaries 051

due to a lack of cross-chunk state. Overlapping 052

sliding windows introduce redundant computation 053

and often fail to resolve ambiguous content attri- 054

bution across windows (Ding et al., 2024). Un- 055

derlying these methods is a treatment of the task 056

as a one-shot or stateless sequence-to-tree conver- 057

sion (Sutskever et al., 2014; Dong and Lapata, 058

2016), which fundamentally ignores the inherent 059

continuity and hierarchical dependencies within 060

long documents. 061

We argue that parsing long documents should 062

be modeled not as a single transduction, but as 063

an iterative, stateful editing process. Analogous to 064

how a human editor builds an outline, the system 065

should maintain and refine a growing structural 066

skeleton, integrating new content against it and 067

making dynamic adjustments based on evolving 068

context. This paradigm directly addresses the chal- 069

lenge of partial observability under limited con- 070

text windows and ensures each local decision is 071

grounded in a distilled, global structural view. 072

In this work, we formalize the task as Struc- 073

tured Content Filling and introduce the Iterative 074

Structured Content Filling (ISCF) framework. 075

ISCF iteratively refines an initially empty hierar- 076

chical tree into a complete structure through a se- 077

ries of LLM-driven editing steps. Each step is con- 078

ditioned on a local text segment and a compressed, 079

adaptive view of the current global structure. The 080

framework is built upon three synergistic technical 081

pillars: 082

1. Dynamic Boundary Re-alignment (DBR): 083
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An online, unsupervised mechanism that op-084

timizes chunk boundaries based on semantic085

coherence and local parsing uncertainty, pre-086

venting logical units from being severed by087

fixed segmentation (Duarte et al., 2024).088

2. Adaptive Structural Masking &089

Hierarchical-Aware Path Embedding090

(HAPE): A context compression and091

prompting strategy that retains the complete092

hierarchical skeleton and focuses attention093

on a relevant anchor point, effectively recon-094

ciling unbounded document structure with095

finite LLM context.096

3. Bijective Path-Content Mapping: A de-097

terministic protocol that guarantees lossless,098

100% accurate reconstruction of the original099

text from the final structured tree, eliminating100

content omission or duplication.101

Our contributions are summarized as follows:102

1. We propose ISCF, a novel, model-agnostic103

iterative paradigm for long-document struc-104

ture parsing that ensures global coherence105

through stateful, incremental tree construc-106

tion and editing.107

2. We design DBR, an unsupervised chunking108

algorithm that dynamically realigns bound-109

aries based on semantic cohesion and a110

prompting-based self-consistency measure,111

significantly improving local structural con-112

tinuity.113

3. We develop adaptive tree masking and HAPE114

prompting to efficiently maintain structural115

awareness within LLM context limits, miti-116

gating information decay in long contexts.117

4. Through comprehensive experiments on chal-118

lenging financial and legal document datasets,119

we demonstrate ISCF’s superior accuracy, ro-120

bustness, and efficiency over strong baselines,121

providing a principled solution for transform-122

ing unbounded unstructured text into precise123

hierarchical representations.124

2 Method125

We formalize the structural parsing of long, un-126

structured documents as a Structured Content127

Filling task. Given a long document D =128

[s0, s1, . . . , sM−1] consisting of a sequence of sen-129

tenceswhere each si is a maximal textual unit end-130

ing with terminal punctuation and no explicit struc-131

tural markers (e.g., headings or section delimiters)132

are presentour goal is to iteratively refine an ini- 133

tially empty hierarchical tree T (0), containing only 134

a root node, into a complete, machine-readable 135

structure tree T (K) = (N , E), where N denotes 136

the set of nodes (including both structural and con- 137

tent nodes) and E ⊆ N × N represents the set of 138

directed parent-child edges that define the hierar- 139

chical structure(Wang et al., 2025), and K denotes 140

the total number of LLM inference steps. 141

Unlike conventional one-shot approaches (e.g., 142

sequence-to-tree or sequence-to-sequence mod- 143

els) (Sutskever et al., 2014; Dong and Lapata, 144

2016), our proposed Iterative Structured Con- 145

tent Filling (ISCF) framework formulates this as 146

an iterative, stateful editing process. Constrained 147

by the limited context window of large language 148

models (LLMs), this process operates under par- 149

tial observability: at each step, the system ob- 150

serves only a local text segment and a compressed 151

view of the current structure, then executes dis- 152

crete edit actions (e.g., creating nodes, assign- 153

ing content) to update its internal state. This 154

paradigm directly addresses the well-documented 155

lost-in-the-middle phenomenon in long-context 156

LLMs (Liu et al., 2023)where performance de- 157

grades on middle segments of long inputsby ensur- 158

ing that each decision is grounded in both recent 159

content and a distilled global outline. 160

The proposed solution is illustrated in Figure 1. 161

162

2.1 Problem Formulation 163

The input document D is a sequence of sentences 164

from an unstructured source lacking predefined 165

headings or sections. The target structure tree T 166

comprises two types of nodes, both inferred purely 167

from semantic content: 168

• Structural nodes ns ∈ Ns: represent in- 169

ferred hierarchical sections (e.g., chapters, 170

subsections). Each is formalized as a tu- 171

ple (title, ℓ), where the title is gener- 172

ated by the model based on semantic content, 173

and ℓ ∈ {1, 2, . . . , L} denotes the inferred 174

depth level. The span covered by ns is im- 175

plicitly defined as the union of spans of all 176

its descendant content nodes: span(ns) := 177⋃
nc∈Desc(ns)∩Nc

span(nc). 178

• Content nodes nc ∈ Nc: represent con- 179

tiguous sentence spans belonging to a spe- 180

cific structural node, formalized as (π, span). 181

Here, π is a unique path identifier from 182

2



Figure 1: Architecture of the Iterative Structured Content Filling Framework.

the root to the parent structural node (e.g.,183

root.chapter1.section2), and span =184

(i, j) denotes the inclusive sentence indices in185

D corresponding to the original text. This en-186

sures deterministic recovery and avoids ambi-187

guity from repeated phrases.188

Constraints: The final tree T (K) must satisfy:189

1. Content Coverage:
⋃

nc∈Nc
D[span(nc)] =190

D;191

2. Content Disjointness: for any nc ̸= n′
c,192

span(nc) ∩ span(n′
c) = ∅;193

3. Structural Containment: if structural node194

ni is an ancestor of nj , then span(ni) ⊇195

span(nj).196

At global step t, the system maintains a state197

S(t) = (T (t),Φ(t), ptr(t)), where:198

• T (t): the partially constructed structure tree199

with generated structural nodes and associ-200

ated content assignments.201

• Φ(t): a bijective mapping from finalized path202

identifiers π to their exact original sentence203

spans in D, used for lossless reconstruction.204

• ptr(t): the index of the next unprocessed sen-205

tence in D (an absolute position in [0,M ]).206

The systems observation O(t)the prompt fed to207

the LLMconsists of:208

1. The current text chunk C(t): a contiguous209

segment starting at ptr(t), obtained via dy-210

namic chunking (Section 2.2).211

2. A compressed structural context: a masked 212

version T
(t)
M of T (t) via adaptive masking 213

(Section 2.3). 214

Based on O(t), the LLM generates a sequence 215

of edit actions A(t) = {a1, a2, . . . }, which are 216

parsed into an edit script ∆T (t) and applied to 217

T (t) to yield T (t+1). The process terminates when 218

ptr(t) = M , producing a final tree T (K) that satis- 219

fies all constraints. 220

2.2 Dynamic Boundary Re-alignment (DBR) 221

Fixed-length chunking often severs semantically 222

coherent unitsa critical failure mode for unstruc- 223

tured documents (Duarte et al., 2024). We propose 224

Dynamic Boundary Re-alignment (DBR), an on- 225

line, unsupervised mechanism that adjusts chunk 226

boundaries based on local parsing uncertainty. 227

2.2.1 Initial Chunking and Uncertainty 228

Estimation 229

We first partition D into initial chunks represented 230

as index intervals {(b0, e0), (b1, e1), . . . } using 231

a greedy merging algorithm based on Sentence- 232

BERT embeddings (Reimers and Gurevych, 233

2019), respecting the token limit Lmax. Specifi- 234

cally, we iteratively merge consecutive sentences 235

with the highest embedding similarity until adding 236

the next sentence would exceed Lmax tokens. 237

Let c denote the current chunk index being 238

processed. At retry attempt r for chunk c, let 239

∆N (r)
c denote the set of newly generated content 240

nodes. To estimate structural uncertainty without 241

requiring model fine-tuning, we use a prompting- 242

based self-consistency strategy: we run the LLM 243

R times with different random seeds and extract 244

the empirical distribution over semantic roles (e.g., 245
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topic, evidence, conclusion) assigned to each con-246

tent node. We define:247

H(r)
c =

1

|∆N (r)
c |

∑
nc∈∆N (r)

c

H
(
pemp(role | nc)

)
,

(1)248

where H(·) is entropy and pemp is the empirical249

role distribution. High H(r)
c suggests the current250

boundary cuts through a coherent semantic unit.251

2.2.2 Boundary Optimization via Semantic252

Coherence253

WhenH(r)
c > τ and c ≥ 1, DBR triggers a bound-254

ary adjustment between chunks c − 1 and c. We255

search for a split point k (measured as the number256

of sentences from the start of chunk c) that max-257

imizes intra-chunk coherence while encouraging258

smoothness across the boundary:259

k∗ = arg max
1≤k≤min(w, |Cc|−1)

[
Coh(C<k

c ) + Coh(C≥k
c )︸ ︷︷ ︸

internal cohesion

− γ · Dist(Cc−1, C
<k
c )︸ ︷︷ ︸

boundary discontinuity

]
,

(2)260

where w ∈ N+ is the maximum number of ini-261

tial sentences in chunk c eligible for reassignment,262

γ > 0 balances the trade-off, and |Cc| = ec − bc263

denotes the number of sentences in chunk c. The264

coherence and distance functions are defined as:265

Coh(X) =
1

|X|2
∑

s,s′∈X
cos(es, es′), |X| ≥ 1,

(3)266267

Dist(X,Y ) = 1− cos(ēX , ēY ), (4)268

where ēX is the mean embedding of all sentences269

in X . Here, Cc−1 = D[bc−1 : ec−1] and Cc =270

D[bc : ec] denote the current sentence sequences271

of chunks c− 1 and c, respectively.272

We then update the chunk boundaries by mov-273

ing the first k∗ sentences of Cc to the end of Cc−1:274

ec−1 ← bc + k∗, (5)275

bc ← bc + k∗. (6)276

A local rollback is performed: T and Φ are re-277

verted to the checkpoint saved after processing278

chunk c − 2, and chunks c − 1 and c are re-279

parsed jointly. Checkpoints for the last two pro-280

cessed chunks are maintained, ensuring O(1) roll-281

back cost. The retry loop runs at most Tmax times282

per chunk.283

2.3 Adaptive Structural Masking and 284

Hierarchical Prompting 285

To reconcile unbounded document structure with 286

finite LLM context, we introduce adaptive com- 287

pression and structured prompting. 288

2.3.1 Anchor Selection and Adaptive 289

Masking 290

Given state S(t), we identify the anchor struc- 291

tural node n
(t)
anchor as the deepest structural 292

node whose span ends closest tobut does not 293

exceedptr(t). If no such node exists (e.g., at ini- 294

tialization), we use the root node. 295

The masking function M produces a com- 296

pressed tree T
(t)
M by: 297

• Retaining the full skeleton: all structural 298

nodes (with titles and levels) and parent-child 299

relations. 300

• For content nodes: retain full text only for 301

those within the anchors subtree and overlap- 302

ping with recent context; replace others with 303

[CONTENT_MASK], preserving path π and role 304

(if available). 305

• Collapsing distant subtrees (depth > dmax 306

and path distance > δ from anchor) into a 307

single [SUBTREE_MASK] token. 308

This achieves >60% context reduction while pre- 309

serving navigational cues. 310

2.3.2 Hierarchical-Aware Path Embedding 311

(HAPE) 312

To ground the LLM in global structure, we design 313

a hierarchical prompting strategy integrating: 314

1. Path descriptors: natural-language paths 315

(e.g., under Section 3.1: Data Collection in 316

Chapter 3: Methodology). 317

2. Relative positioning: explicit sequential con- 318

text (e.g., this follows immediately after Ex- 319

perimental Setup). 320

3. Structured delimiters: XML-style tags for 321

robust component separation. 322

The full prompt template is in Appendix A. This 323

anchors working memory to recent content while 324

preserving global awareness. 325
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2.4 Bijective Path-Content Mapping and326

Deterministic Recovery327

To guarantee 100% content recall:328

• Recording: When a content node is finalized-329

defined as having low uncertainty or being330

outside the active editing window (i.e., not in331

the last two chunks)its (π, span) is stored in332

Φ.333

• Recovery: At output time, replace each334

[CONTENT_MASK] by querying Φ using π and335

extracting D[span].336

• Version control: During DBR rollbacks, Φ337

is reverted to match the active structural state,338

ensuring bijectivity is preserved throughout339

execution.340

2.5 Complete Algorithm341

The dominant cost is LLM inference, invoked342

O(N ·Tmax) times with context length bounded by343

Lmax + Cstruct (Cstruct < 512 tokens empirically).344

DBRs semantic computation adds negligible over-345

head. In practice, DBR activates sparsely (<15%346

of chunks in our experiments), yielding near-linear347

scaling.348

2.6 Future Work: Towards Enhanced349

Robustness350

To further improve the robustness of ISCF against351

noisy inputs and implicit hierarchies, a natural ex-352

tension is to integrate structure-aware adversar-353

ial training during the policy fine-tuning phase.354

This involves generating perturbed documents via355

transformations that either preserve (e.g., mild356

sentence reordering) or disrupt (e.g., injecting357

ambiguous topic shifts) the underlying structure.358

Training with a combined loss that enforces pars-359

ing consistency between original and perturbed360

documents would enhance the model’s stability361

against real-world variations, making the iterative362

process more reliable. This constitutes the im-363

mediate next step of our research. Furthermore,364

exploring how such robustness-enhancing tech-365

niques can enable remarkable performance even366

with smaller-parameter models presents a com-367

pelling long-term direction for efficient, deploy-368

able document structuring systems.369

3 Experiments370

We conduct a comprehensive evaluation of the371

proposed ISCF framework against state-of-the-372

art baselines on challenging, real-world long- 373

document datasets1. 374

Our experiments are designed to answer the fol- 375

lowing research questions: 376

• RQ1 (Overall Performance): How does 377

ISCF perform compared to existing methods 378

in terms of holistic structural parsing accu- 379

racy and content fidelity on long, unstruc- 380

tured documents ? 381

• RQ2 (Component Ablation): What is the 382

contribution of each core component (DBR, 383

Adaptive Masking, Bijective Mapping) to the 384

overall performance of ISCF ? 385

• RQ3 (Robustness to Length): How does the 386

performance of ISCF scale with increasing 387

document length compared to baseline meth- 388

ods ? 389

• RQ4 (Efficiency): What is the computational 390

overhead of ISCFs iterative process and DBR 391

mechanism, and how does it compare to other 392

methods in terms of inference cost ? 393

3.1 Datasets 394

We evaluate on two long-document domainsfi- 395

nance and lawboth characterized by implicit, se- 396

mantically driven hierarchical structure. 397

• FinDoc-Struct: A collection of 500 annual 398

reports from Chinese A-share listed compa- 399

nies (2011-2023), sourced from publicly dis- 400

closed scanned PDFs. After OCR process- 401

ing, documents average 12, 500± 2, 800 sen- 402

tences (∼300K tokens) and contain no reli- 403

able structural markup (e.g., section headers 404

or XML/HTML tags). We manually anno- 405

tated 50 high-quality OCR documents with 406

a 5-level hierarchy (Part → Section → Sub- 407

section→ Sub-subsection→ Paragraph); the 408

remaining 450 are used for qualitative and ef- 409

ficiency analysis. 410

• LegalCase-Struct: 200 Chinese court judg- 411

ments (2000-2023) from public sources such 412

as China Judgments Online2, including deci- 413

sions from the Supreme Peoples Court and 414

higher peoples courts. Documents average 415

8, 400 ± 3, 100 sentences and loosely follow 416

a standard legal structure (e.g., “Statement 417

of Claims”, “Facts”, “Court’s Reasoning”, 418

1We will publicly release our data and code.
2https://wenshu.court.gov.cn
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“Judgment”), though with significant format-419

ting variation. Expert annotators labeled dis-420

course units (e.g., “Plaintiff Alleges”, “This421

Court Holds”, “Judgment Order”) and their422

hierarchical relationships in 30 representative423

cases.424

Both datasets lack consistent explicit structural425

markers, requiring models to infer document hier-426

archy solely from semantic and contextual cues.427

3.2 Baselines and Implementation Details428

We compare ISCF against three representative cat-429

egories of baseline methods for long-document430

processing. For all LLM-based methods, we use431

DeepSeek-V3.2 as the backbone model due to its432

strong performance and extensive context window433

(128K tokens) (DeepSeek, 2024), ensuring fair434

comparison of algorithmic paradigms rather than435

raw model capabilitys(Chalkidis et al., 2022).436

• Vanilla Full-Context (FC): The entire doc-437

ument is truncated/padded to fit the model’s438

maximum context window (we use 100K439

tokens) and a single prompt instructs the440

model to output the complete hierarchical441

structure. This serves as an upper-bound for442

what a “one-shot” long-context model can443

achieve, and directly tests the “lost-in-the-444

middle” phenomenon.445

• Fixed Chunking + Naive Merge (FCNM):446

The document is split into non-overlapping447

chunks of 800 tokens (approximately 40448

sentences) using Sentence-BERT embed-449

dings for semantic cohesion (Reimers and450

Gurevych, 2019). Each chunk is parsed in-451

dependently into a local tree. A simple,452

rule-based post-processing step attempts to453

merge consecutive chunks if their highest-454

level nodes share high TF-IDF cosine similar-455

ity (> 0.7). This mimics common production456

pipelines.457

• Sliding Window with State Cache (SW-458

SC): Inspired by recent streaming ap-459

proaches (Zhang et al., 2024), we use a slid-460

ing window of 800 tokens with a 200-token461

stride. The model is prompted to continue ex-462

panding the structure tree from the previous463

state, which is summarized in a cache limited464

to 300 tokens. This baseline tests incremen-465

tal, stateful processing without our proposed466

DBR and advanced masking.467

• ISCF: We implement ISCF as described in468

Section 2. Initial chunking uses Sentence- 469

BERT embeddings (Reimers and Gurevych, 470

2019) with a target of 40 sentences. DBR 471

parameters: uncertainty threshold τ = 1.2 472

(selected via grid search on a validation set), 473

trade-off γ = 0.5, search window w = 15, 474

max retries Tmax = 2. The entropy thresh- 475

old τ = 1.2 corresponds to moderate uncer- 476

tainty in role assignment (approximately uni- 477

form distribution over 3-4 roles). For adap- 478

tive masking, we retain the anchor node’s 479

subtree and collapse subtrees beyond depth 480

dmax = 4 or path distance δ = 5. 481

3.3 Evaluation Metrics 482

We employ a multi-faceted evaluation protocol 483

covering both structural fidelity and content preser- 484

vation. 485

• Tree Edit Distance (TED) (Zhang and 486

Shasha, 1989): Measures the minimum num- 487

ber of node insertions, deletions, and re- 488

labelings to transform the predicted tree 489

into the gold tree. We use normalized 490

TED: N-TED = TED/(|Nodes_Gold| + 491

|Nodes_Pred|). 492

• Role Classification F1 (R-F1): For content 493

nodes, we classify their semantic role based 494

on the path context. We report the macro- 495

averaged F1 score against gold labels. 496

• Content Recall (C-R) & Overlap (C-O): C- 497

R is the proportion of gold sentences cor- 498

rectly assigned to any node. C-O measures 499

precision by penalizing boundary duplication: 500

C-O = 1 − #duplicated sentences
#sentences predicted . ISCF guaran- 501

tees C-R=1.0 by design. 502

• Boundary Coherence Score (BCS): For 503

each predicted boundary between content 504

nodes, we compute the cosine similarity be- 505

tween the embeddings of the last and first 506

sentences of adjacent nodes (Reimers and 507

Gurevych, 2019). Lower average similarity 508

indicates better boundary placement (coher- 509

ent units are not severed). 510

4 Results discussion 511

4.1 Overall Performance (RQ1) 512

We conducted the experiment multiple times and 513

took the average as the final result. Table 1 514

presents the main results. 515
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Table 1: Overall performance comparison. Best results are in bold. ISCF significantly outperforms all baselines.

(a) FinDoc-Struct

Method N-TED ↓ R-F1 ↑ C-R ↑ C-O ↑

Vanilla FC 0.412 0.538 0.923 0.881
FCNM 0.521 0.462 0.894 0.812
SW-SC 0.368 0.602 0.981 0.942
ISCF (Ours) 0.287 0.724 1.000 0.988

(b) LegalCase-Struct

Method N-TED ↓ R-F1 ↑

Vanilla FC 0.385 0.621
FCNM 0.503 0.498
SW-SC 0.341 0.685
ISCF (Ours) 0.258 0.763

Table 2: Ablation study on FinDoc-Struct.

Variant N-TED ↓ R-F1 ↑ C-O ↑ BCS ↓

ISCF 0.287 0.724 0.988 0.15
– DBR 0.355 0.661 0.962 0.31
– AM† 0.332 0.643 0.990 0.18
– BM† 0.301 0.698 0.941 0.16
– HAPE 0.318 0.672 0.985 0.17

†AM = Adaptive Masking; BM = Bijective Mapping.

• ISCF achieves the best structural accuracy516

(lowest N-TED, highest R-F1), demonstrat-517

ing the effectiveness of iterative, stateful edit-518

ing with global awareness.519

• ISCF achieves perfect Content Recall and520

near-perfect Content Overlap (0.988), validat-521

ing the bijective mapping and DBR. In con-522

trast, FCNM suffers from severe boundary523

duplication, and Vanilla FC loses content, ev-524

idencing the “lost-in-the-middle” effect (Liu525

et al., 2023).526

• SW-SC performs second best but is outper-527

formed by ISCF, highlighting the benefits of528

DBR and adaptive masking over fixed-stride529

sliding windows.530

4.2 Ablation Study (RQ2)531

Table 2 shows the contribution of each component532

on FinDoc-Struct.533

• DBR is critical for local coherence, causing534

the largest N-TED degradation and BCS in-535

crease when removed.536

• Adaptive Masking is essential for balancing537

global structure and local content, as its re-538

moval hurts R-F1.539

• Bijective Mapping ensures precision, with540

heuristic merge leading to content overlap541

drop.542

Table 3: Efficiency comparison.

Method Calls ↓ Tok/Call ↓ Lat. (s) ↓

Vanilla FC 1 98,750 42.1
FCNM 15.6 1,200 38.5
SW-SC 48.3 1,050 112.7
ISCF (Ours) 22.4 950 65.8

Calls = Number of LLM calls; Tok/Call = Average number
of tokens per LLM call; Lat. (s) = Average latency per

document in seconds.

• HAPE improves structural awareness, as flat- 543

tened context reduces performance. 544

4.3 Scalability with Document Length (RQ3) 545

We analyze performance by binning FinDoc- 546

Struct documents by sentence count. ISCF’s N- 547

TED remains stable across length bins, while 548

SW-SC’s degrades noticeably beyond 10,000 549

sentences. This demonstrates ISCF’s robust- 550

ness, stemming from adaptive masking (managing 551

global skeleton size) and DBR (localizing bound- 552

ary issues). 553

4.4 Efficiency Analysis (RQ4) 554

Table 3 reports computational cost on the full 555

FinDoc-Struct dataset. 556

• ISCF requires fewer calls than SW-SC due to 557

its non-overlapping, stateful iteration. 558

• ISCF uses the smallest context per call (950 559

tokens) thanks to adaptive masking, reducing 560

per-step cost. 561

• Overall latency offers a favorable accuracy- 562

efficiency trade-off. DBR retries added mini- 563

mal overhead (< 10% of total time). 564

4.5 Conclusion of Experiments 565

The results comprehensively validate ISCF. It sig- 566

nificantly outperforms strong baselines in struc- 567

tural accuracy and content fidelity on very long 568
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documents, with each technical component con-569

tributing measurably. ISCF offers a practical and570

principled solution for transforming unbounded571

unstructured text into precise hierarchical repre-572

sentations.573

5 Related Work574

Our work on iterative structure parsing relates to575

several key areas in NLP.576

5.1 Long-Context Modeling for LLMs.577

The predominant challenge of processing lengthy578

documents stems from the fixed context window579

of Transformer-based LLMs. To address this,580

early research focused on sparse attention mecha-581

nisms, such as the sliding window pattern in Long-582

former (Beltagy et al., 2020) or the global+local at-583

tention in BigBird (Zaheer et al., 2020), which re-584

duce computational complexity. Recent advance-585

ments like StreamingLLM (Xiao et al., 2024) sta-586

bilize attention for infinite-length inputs. However,587

these methods primarily alleviate computational588

constraints and do not inherently solve the se-589

mantic challenge of information integration across590

distant text segments, a phenomenon character-591

ized as the lost-in-the-middle problem (Liu et al.,592

2023). Our ISCF framework directly tackles this593

by adopting an iterative, stateful paradigm, ensur-594

ing each parsing decision is informed by a com-595

pressed global structural memory, thus bypassing596

the need for unreliable full-context ingestion.597

5.2 Document Structure and Hierarchy598

Parsing.599

Parsing documents into a hierarchical format is a600

well-studied task. Traditional approaches relied on601

rule-based systems or sequence labeling models602

using layout features (Saijad et al., 2022). With603

the rise of LLMs, the task is often framed as a one-604

shot sequence-to-structure generation problem, us-605

ing extensive prompting or fine-tuning (Dong and606

Lapata, 2016). A common production baseline in-607

volves processing fixed, independent chunks and608

merging results heuristically, which often leads to609

fractured structures at boundaries. Recent work610

like LumberChunker (Duarte et al., 2024) im-611

proves segmentation by considering semantic co-612

hesion. ISCF fundamentally departs from these613

static or independent-chunk approaches by mod-614

eling parsing as a stateful, iterative editing pro-615

cess. This allows for dynamic correction and in-616

tegration, ensuring global coherence akin to how 617

an editor builds an outline incrementally. 618

5.3 Iterative and Stateful NLP Tasks. 619

The paradigm of iterative refinement is explored 620

in related tasks. In long-form question answering, 621

agents may iteratively gather evidence (Gao et al., 622

2023). In summarization, methods like those in 623

(Zhang et al., 2024) process text in segments while 624

maintaining a running summary. Our work adapts 625

this iterative philosophy to the novel domain of hi- 626

erarchical structure construction. Unlike simple 627

sliding-window baselines that pass a limited text 628

cache, ISCF actively maintains and refines an ex- 629

plicit, compressed structural skeleton, integrating 630

novel techniques like uncertainty-driven boundary 631

re-alignment (DBR) to manage state across chunk 632

transitions effectively. 633

6 Conclusion and Outlook 634

This work addresses the critical challenge of pars- 635

ing long, unstructured documents into precise hi- 636

erarchical trees by proposing the Iterative Struc- 637

tured Content Filling (ISCF) framework. We re- 638

frame the task from a one-shot transduction to a 639

stateful, iterative editing process, addressing fun- 640

damental tensions between document length and 641

LLM context limits, and between local process- 642

ing and global coherence. ISCF integrates three 643

synergistic innovations: Dynamic Boundary Re- 644

alignment optimizes chunk boundaries for se- 645

mantic continuity; Adaptive Structural Masking 646

with HAPE maintains global structural awareness 647

within finite context; and Bijective Path-Content 648

Mapping guarantees lossless text reconstruction. 649

Comprehensive experiments on financial and le- 650

gal documents demonstrate ISCF’s superior struc- 651

tural accuracy and content fidelity over strong 652

baselines, while maintaining favorable efficiency. 653

This framework provides a principled, effective 654

solution for transforming unbounded unstructured 655

text into machine-readable hierarchical representa- 656

tions. Future work will focus on enhancing robust- 657

ness to noisy inputs, extending to graph structures, 658

optimizing efficiency, and testing broader domain 659

generalization. 660

7 Limitations 661

ISCF provides a robust framework through the 662

co-design of segmentation, context management, 663

and state tracking. Limitations include: 1) Depen- 664

8



dence on initial sentence segmentation quality. 2)665

Assumption of tree structures; extending to graphs666

(DAGs) is future work. 3) Self-consistency check667

for DBR adds cost; a lightweight validator could668

improve efficiency.669
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<System Message>
You are the parsing engine for the Iterative

Structured Content Filling (ISCF) framework.↪→
You are at iteration t={t}, having processed

{ptr} sentences so far (out of {total}
total).

↪→
↪→
Your task is to extend the current partial

structure by processing the next chunk of
text.

↪→
↪→
</System Message>

<Global Structure Context>
Below is the current document tree structure,

compressed for context efficiency:↪→
- Nodes marked with [CONTENT_MASK] have their

full text omitted but retain their
hierarchical position.

↪→
↪→
- Subtrees marked with [SUBTREE_MASK] are

collapsed as they are distant from the
current focus.

↪→
↪→

{Indented representation of T_M^{(t)}}
Example format:
root (title: "Document Root")
Chapter 1: Introduction (level: 1)

Section 1.1: Background (level: 2)
[CONTENT_MASK] (path:

root.chapter1.section1.1, role:
context-setting, span: 0-42)

↪→
↪→

Section 1.2: Problem Statement (level: 2)
[ANCHOR NODE]↪→

SentenceSpan_1 (role: definition, span:
43-58)↪→

[CONTENT_MASK] (path:
root.chapter1.section1.2.s2, role:
argument, span: 59-72)

↪→
↪→

Chapter 2: Literature Review (level: 1)
[SUBTREE_MASK] (depth: 3, distance from

anchor: 3)↪→
</Global Structure Context>

<Sequential Context>
The text you are about to process IMMEDIATELY

FOLLOWS the content of the anchor node:↪→
**Anchor Node**: {n_anchor.title} (level:

{n_anchor.level})↪→
**Anchor Path**: {n_anchor.path_descriptor}
**Last Processed Content**:
{If anchor has assigned content: [excerpt of last

2--3 sentences]; otherwise: (no content
assigned yet)}

↪→
↪→
</Sequential Context>

<Current Processing Chunk>
You are now processing sentences {chunk_start} to

{chunk_end} (absolute indices in document):↪→
{C_i}
</Current Processing Chunk>

<Task Instructions>
Based on the global structure and sequential

context above:↪→
1. Identify if the new text continues existing

structural nodes or begins new ones.↪→
2. Create new structural nodes with appropriate

titles and levels when needed.↪→
3. Assign each contiguous sentence span in the

new chunk to:↪→
- An existing structural node (specify by

path), OR↪→
- A newly created structural node.

4. For each assigned content span, label its
semantic role (topic, definition, assumption,
method, evidence, result, conclusion,
example).

↪→
↪→
↪→
5. Output a JSON edit script with the following

schema:↪→
{

"new_structural_nodes": [
{"path": "root.chapter1.section1.3",

"title": "Research Questions",
"level": 2}

↪→
↪→

],
"content_assignments": [
{"span": [73, 85], "parent_path":

"root.chapter1.section1.2", "role":
"example"},

↪→
↪→
{"span": [86, 94], "parent_path":

"root.chapter1.section1.3", "role":
"question"}

↪→
↪→

],
"metadata": {

"chunk_processed": {chunk_id},
"estimated_coherence": null # Will be

computed externally via DBR↪→
}

}
</Task Instructions>

<Constraints>
- Maintain bijective mapping: each sentence must

be assigned to exactly one content node.↪→
- Ensure hierarchical consistency: child node

spans must be within parent node spans.↪→
- Titles should be concise (38 words) and

descriptive.↪→
- DO NOT generate new content or modify existing

node titles/spans.↪→
- DO NOT output anything outside the specified

JSON schema.↪→
</Constraints>
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