
Fin-STAR: Structure-as-Semantics to Resolve Implicitness in Financial
Retrieval

Anonymous ACL submission

Abstract001

Understanding financial documents is critical002
for high-stakes decision-making yet hindered003
by systemic semantic implicitness: key facts004
are rarely explicit in surface text and often005
determined by global structural cues. Miss-006
ing these cues invites semantic misinterpreta-007
tions, such as misreading what a number refers008
to, an outcome unacceptable in high-stakes009
environments. However, existing Retrieval-010
Augmented Generation (RAG) systems typi-011
cally treat structure as a physical navigational012
skeleton rather than intrinsic semantic knowl-013
edge. To address this, we introduce Fin-STAR014
(Financial STructure-As-Semantics Retrieval),015
a framework redefining hierarchy as intrinsic016
semantics. Fin-STAR incorporates a novel017
Structure-Enriched Semantic Indexing mech-018
anism that augments the hierarchical lineage019
with snippet-derived virtual nodes, and injects020
this enriched context via a semantic cross-021
attention paradigm, rendering implicit cues022
explicit. By grounding evidence within its023
structural scope, we preserve factual invariance024
and ensure contextual integrity. Addressing025
the lack of granular public datasets, we con-026
duct experiments on FinTierQA Gold, a cu-027
rated expert benchmark. Results show that Fin-028
STAR outperforms state-of-the-art hierarchi-029
cal and graph-based baselines across diverse030
query complexities, document types, and mar-031
kets. Ablations confirm that our semantic injec-032
tion consistently outperforms alternative strate-033
gies. Finally, we release FinTierQA, compris-034
ing 3.9M pairs automatically constructed from035
78k documents via our framework.036

1 Introduction037

To break through the capability ceiling of Large038

Language Models (LLMs), research must transition039

from simplified synthetic settings to noisy, high-040

stakes real-world domains. Financial document041

understanding represents a quintessential challenge042

in this frontier, imposing strict demands for long-043

context reasoning and multi-hop inference where 044

precision is non-negotiable (Reddy et al., 2024). 045

Unlike standard RAG benchmarks (e.g., sci- 046

entific papers (Sarthi et al., 2024), technical re- 047

ports (Guinet et al., 2024)), financial documents 048

such as annual reports, prospectuses, and ESG re- 049

ports are characterized by systemic semantic implic- 050

itness (Loughran and McDonald, 2011; Li, 2008; 051

Zhu et al., 2021). Here, driven by tight document 052

coupling, key facts are rarely self-contained or 053

explicit in surface text; instead, they are contin- 054

gent upon the overarching structural hierarchy (e.g., 055

headers) that is often physically detached from the 056

local snippet. Therefore, expert analysis in finance 057

extends beyond simple retrieval. Experts must rou- 058

tinely explicate implicit clues by anchoring isolated 059

segments within their macro-structural framework, 060

thereby reconstructing the complete cognitive evi- 061

dence chain (as shown in Figure 1). This creates a 062

fundamental tension: the need for rigorous factual 063

accuracy versus the reality of structurally dispersed 064

and implicitly defined evidence. 065

Current RAG systems, however, lack the mecha- 066

nism to render these implicit structural cues explicit. 067

Vanilla RAG’s mechanical chunking severs snip- 068

pets from their hierarchy, stripping away the struc- 069

tural lineage (Izacard and Grave, 2021; Karpukhin 070

et al., 2020). While hierarchical approaches at- 071

tempt to restore structure via summarization, they 072

trade precision for abstraction, blurring the rigid 073

constraints essential for finance (Sarthi et al., 2024; 074

Zhang et al., 2025a). Similarly, Graph-based RAG 075

overlooks the “container” semantics of document 076

hierarchy, failing to distinguish when a fact is im- 077

plicitly scoped by a “Risk Factors” header versus a 078

“Financial Results” header (Edge et al., 2024; Guo 079

et al., 2024). 080

This structural blindness extends to evaluation. 081

By limiting inputs to short, self-contained seg- 082

ments, existing financial QA benchmarks (Chen 083

et al., 2021; Zhu et al., 2021) strip away deep hi- 084
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Figure 1: Cognitive challenges in financial document reasoning. Complex queries are decomposed into sub-
questions (qsubi). Red/Yellow text denotes explicit/implicit clues; < PxCy > marks the y-th content block on
page x. Key challenges: (1) Semantic Entailment: Bridging macro-level queries and micro-level descriptions; (2)
Implicit Reference: Disambiguating generic terms (e.g., “program”) via structural paths; (3) Structural Dependency:
Grounding isolated figures (e.g., “189.8”) in hierarchical headers; and (4) Relative Temporal Inference: Resolving
relative time expressions via metadata.

erarchy, artificially simplifying the task and mask-085

ing the inability to explicate implicit cues. Com-086

pounded by data paucity and narrow coverage, they087

fail to benchmark real-world financial complexity.088

Therefore, we propose Fin-STAR, which opera-089

tionalizes document hierarchy as intrinsic semantic090

knowledge. At its core is the Structure-Enriched091

Semantic Indexing mechanism, which augments092

the structural lineage with snippet-derived virtual093

nodes and injects this enriched context via a seman-094

tic cross-attention paradigm. This process renders095

implicit cues explicit, ensuring that localized text096

carries the full weight of its global context. Cru-097

cially, we explicitly anchor facts within their native098

structural containers, safeguarding factual invari-099

ance against semantic noise. Finally, we release100

FinTierQA Gold, a rigorously adjudicated bench-101

mark refined through expert consensus to preserve102

the deep structural dependencies required to eval-103

uate a model’s ability to explicate implicit cues in104

complex financial contexts.105

Experiments on FinTierQA Gold across 15 di-106

verse regimes (3 markets × 5 query complexity107

tiers) demonstrate that Fin-STAR consistently es-108

tablishes robust dominance over state-of-the-art109

baselines (e.g., GraphRAG, LightRAG, RAPTOR). 110

Crucially, our analysis confirms that these gains 111

stem from rigorous evidence alignment and verifi- 112

able numerical precision rather than mere surface- 113

level textual fluency, establishing a new baseline 114

for reliable, cost-efficient robustness in complex 115

multi-hop financial reasoning. 116

To bridge the gap between academic and real- 117

world complexity, we leverage Fin-STAR to auto- 118

matically construct FinTierQA, a massive-scale 119

dataset simulating analyst reasoning on over 78k 120

filings across the CN, HK, and US markets (2015– 121

2024). Unlike existing corpora, FinTierQA features 122

a five-tier difficulty structure comprising nearly 4 123

million samples. By unifying diverse regulatory 124

frameworks with granular annotations, it estab- 125

lishes a new standard for evaluating robust rea- 126

soning over structurally implicit semantics in high- 127

stakes financial contexts. 128

In summary, our main contributions are as fol- 129

lows: (1) We propose Fin-STAR, a framework that 130

resolves systemic semantic implicitness by opera- 131

tionalizing document hierarchy as intrinsic seman- 132

tic knowledge, ensuring precise explication of im- 133

plicit cues with factual integrity. (2) We validate 134
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Figure 2: Overview of the Fin-STAR.

Fin-STAR across diverse markets, document types,135

and query complexities, demonstrating that our136

structure-injection strategy is a prerequisite for veri-137

fiable numerical precision in high-stakes reasoning.138

(3) We release FinTierQA Gold and FinTierQA,139

establishing a rigorous benchmark for evaluating140

structure-dependent implicit reasoning at expert-141

level depth and industrial scale.142

2 Related Work143

Research faces a dual barrier: RAG architectures144

struggle with systemic semantic implicitness, while145

benchmarks strip away deep hierarchy, artificially146

simplifying tasks and masking the inability to ex-147

plicate implicit cues.148

RAG in Finance. While RAG effectively han-149

dles explicit queries in open domains, it struggles150

with the systemic semantic implicitness inherent in151

financial documentation. First, standard retrieval152

methods mechanically sever snippets from their153

hierarchy, stripping away the defining structural154

lineage and rendering context-dependent facts (e.g.,155

isolated numbers) ambiguous and prone to misin-156

terpretation (Izacard and Grave, 2021). Second, hi-157

erarchical approaches attempt to restore context via158

summarization, but fundamentally trade precision159

for abstraction. This process inevitably blurs the160

rigid factual constraints essential for high-stakes161

decision-making, introducing semantic noise rather162

than preserving factual invariance (Sarthi et al., 163

2024; Zhang et al., 2025a). Finally, Graph-based 164

RAG prioritizes semantic connectivity over struc- 165

tural containment, leading to topological dilution. 166

By failing to enforce hierarchical scoping as a hard 167

constraint, these systems allow retrieval paths to 168

drift across conflicting boundaries (e.g., merging 169

evidence from “Risk Factors” and “Financial Re- 170

sults”), compromising logical consistency (Edge 171

et al., 2024; Guo et al., 2024). 172

Financial QA Benchmarks. Existing bench- 173

marks often fail to capture the structural depth es- 174

sential for real-world financial reasoning. First, 175

seminal datasets like FinQA (Chen et al., 2021) 176

and TAT-QA (Zhu et al., 2021) rely on cropped seg- 177

ments. By stripping away deep hierarchical depen- 178

dencies, they reduce complex global reasoning to 179

simplified local reading comprehension, masking 180

the inability to explicate implicit cues. Conversely, 181

while recent works like FINANCEBENCH (Islam 182

et al., 2023), DocFinQA (Reddy et al., 2024), and 183

SEC-QA (Lai et al., 2025) expand context win- 184

dows, they prioritize retrieval scale over hierar- 185

chical granularity. By failing to validate rigorous 186

structural anchoring, these benchmarks serve as 187

insufficient proxies for evaluating the resolution 188

of systemic semantic implicitness within complex 189

financial hierarchies. 190
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3 Methodology191

We propose Fin-STAR (Figure 2), a framework192

comprising two phases: (1) Structure-Enriched Se-193

mantic Indexing, which resolves implicitness by194

leveraging a semantic cross-attention paradigm to195

anchor snippets to their structural lineage; and196

(2) Online Retrieval, which orchestrates reasoning197

through logic-guided planning, hybrid evidence198

gathering, and verifiable answer synthesis.199

3.1 Structure-Enriched Semantic Indexing200

Fin-STAR constructs a snippet-specific structural201

path by combining a lightweight semantic abstrac-202

tion of each snippet with its hierarchical context,203

and leverages a semantic cross-attention paradigm204

to inject this path. By linearizing the structural hi-205

erarchy into natural language, Fin-STAR forces the206

model to synthesize specific structural cues that are207

implicit when the snippet is considered in isolation,208

anchoring the snippet to its global context without209

altering its local semantics.210

Dual-Gated Semantic Unit Construction. In211

financial documents, the interleaving of narrative212

text and tables often fragments coherent seman-213

tics. To ensure that each snippet remains semanti-214

cally complete and modality-consistent, Fin-STAR215

employs a dual-gated normalization mechanism216

that constructs semantically self-contained snippets.217

The first gate encapsulates each table as an indivis-218

ible unit and linearizes it into a natural language219

representation that preserves entity–attribute–value220

relations, ensuring semantic compatibility with sur-221

rounding text. The second gate performs boundary-222

aware soft splitting, dynamically adjusting snippet223

boundaries to align with natural semantic bound-224

aries and to fully include encapsulated tables.225

Explicitization of Implicit Semantics. To sur-226

face latent meanings, Fin-STAR first constructs227

structural paths and then facilitates semantic in-228

jection during indexing, progressively integrating229

structural cues into snippet representations.230

Structural Path Construction. Given a normal-231

ized snippet ci and its hierarchical path hi, Fin-232

STAR employs a Small Language Model (SLM)233

generator Gθ to synthesize a discriminative vir-234

tual node vi = Gθ(ci, hi), yielding the enriched235

path Pi = hi ⊕ vi. To ensure robustness, path236

construction is constrained by two principles: (1)237

discriminativeness, requiring vi to capture essen-238

tial semantics absent from hi, and (2) depth control,239

enforcing Depth(Pi) ≤ 5. 240

Semantic Injection via Cross-Attention. Fin- 241

STAR operationalizes semantic injection via a 242

query-driven extraction mechanism. Let Hci and 243

HPi denote the dense representations of the snip- 244

pet and the enriched path, respectively. To bridge 245

the semantic gap without modifying the underlying 246

architecture, we conceptualize the snippet Hci as 247

the Query (Q) and the path HPi as the Key (K) 248

and Value (V). Rather than treating hierarchy as 249

a static label, this interaction forces the model to 250

dynamically weigh and aggregate only the struc- 251

tural cues relevant to the specific ambiguity of the 252

snippet, synthesizing a tailored structural context 253

vector Hsi : 254

Hsi = Attn(Q = Hci ,K = V = HPi). (1) 255

The final structure-injected representation is then 256

constructed via concatenation: 257

H+
ci = Hsi ⊕Hci . (2) 258

This architecture enforces a principle of factual 259

invariance through a structural orthogonality con- 260

straint. Unlike summarization or additive injection 261

which risks mixing semantics and blurring numer- 262

ical precision, concatenation isolates the original 263

snippet Hci in an independent subspace. This en- 264

sures that explicit entities and critical numerals 265

remain mathematically unadulterated by structural 266

priors, allowing the model to attend to hierarchy 267

without corrupting the facts. The structural signal 268

Hsi acts exclusively as a contextual augmentation, 269

resolving implicitness without overwriting high- 270

precision evidence. 271

Formally, let E(·) denote a factual extraction 272

function that identifies key information elements 273

(e.g., named entities and numerical data). Our de- 274

sign guarantees that this core set remains strictly 275

recoverable (E(ci) ⊆ E(H+
ci)), preserving the fac- 276

tual integrity required for financial analysis. 277

3.2 Online Retrieval 278

Logic-Guided Query Planning. Complex ana- 279

lytical queries within the financial domain often 280

involve multiple constraints (e.g., specific enti- 281

ties, time windows, and logical operations) that 282

necessitate structured decomposition. Fin-STAR 283

addresses this by mapping the user intent to an 284

explicit execution plan composed of atomic sub- 285

queries. The query processor parses the composite 286

intent Q into a sequence of atomic units {qsub}. To 287
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Table 1: Summary of difficulty levels.

Level Type Scope Logic Count (%)

T1 Atomic Local Span Direct Retrieval 4,050 (30%)
T2 Intra-topic Intra-H1 Chain (≥2 hops) 3,240 (24%)
T3 Inter-topic Cross-H1 Chain (≥3 hops) 2,700 (20%)
T4 Global Full Doc Aggregation 2,160 (16%)
T5 Multi-doc Cross-Doc Align & Compare 1,350 (10%)

handle multi-hop dependencies, we apply semantic288

completion and coreference resolution, ensuring289

that each qsub explicitly specifies its target entity.290

The refined sub-query is then encoded into a dense291

vector representation qsub ∈ Rd for retrieval. Fol-292

lowing Yao et al. (2022), Fin-STAR further builds a293

Symbolic Logic Topology T that specifies how sub-294

query results are combined (e.g., ∩, \, aggregation)295

and in what order, yielding a concrete evidence-296

composition pathway. In parallel, a Synthesis In-297

struction I is produced to guide the downstream298

generation module, describing how retrieved facts299

should be organized and composed into a coherent300

explanation.301

Hybrid Retrieval. To ensure the precision of302

micro-facts, we execute independent retrieval for303

each atomic sub-query qsub, targeting the Top-Ksub304

evidence fragments. Specifically, we adopt a dual-305

stream hybrid strategy that integrates semantic306

matching (between H+
ci and qsub) with sparse sym-307

bolic constraints (BM25). These signals are fused308

to safeguard exact lexical recall while preserving309

semantic coverage.310

Evidence Chain Aggregation and Generation.311

Fin-STAR employs a two-stage synthesis process312

to guarantee that responses are structurally coher-313

ent and verifiably grounded:314

Atomic Fact Verification. For each atomic315

query qsub, the model executes isolated verification316

against its specific Top-Ksub evidence. This decou-317

pled processing yields verified atomic sub-answers,318

minimizing noise interference across distinct in-319

tents and ensuring local factual precision.320

Logic-Controlled Synthesis. The final response321

is constructed via constrained aggregation. Guided322

by the Symbolic Logic Topology T and Synthesis323

Instruction I, the generator synthesizes these veri-324

fied sub-answers into a cohesive narrative, enforc-325

ing global logical consistency while maintaining326

strict faithfulness to the evidence chain.327

4 Experimental Setup 328

4.1 FinTierQA Gold 329

We present FinTierQA Gold, an expert-adjudicated 330

benchmark curated through a rigorous, difficulty- 331

stratified annotation pipeline. 332

Corpus Preparation. We compiled a corpus of 333

270 long-form documents spanning 17 industries 334

and nine categories, covering China, Hong Kong, 335

and U.S. markets with a mix of Annual, IPO, and 336

ESG reports. This collection totals approximately 337

60K pages of source material. Leveraging Chen 338

et al. (2025), we parsed the raw documents into hi- 339

erarchical JSON blocks aligned with section head- 340

ers (H1–H4, where H1 denotes the top level). 341

Difficulty-Aware Annotation Pipeline. Guided 342

by inquiry principles distilled from authentic finan- 343

cial analyst workflows, we employed a two-stage 344

AI-Human pipeline to generate high-fidelity QA 345

samples across five complexity tiers (T1–T5), as 346

detailed in Table 1. Stage 1: Multi-Model Synthe- 347

sis. We utilized an ensemble of three SOTA rea- 348

soning models (Gemini 3 Pro, Grok 4.1-Thinking, 349

GPT 5.2-Thinking) (Chiang et al., 2024) to gener- 350

ate standardized JSON tuples (question, answer, 351

reasoning, position_index) from identical doc- 352

ument contexts, strictly following the prompting 353

protocol illustrated in Appendix A. Stage 2: Con- 354

sensus Verification. Eighteen domain experts inde- 355

pendently validated each instance, strictly assess- 356

ing both the factual correctness of the answer and 357

the precise alignment of the position_index with 358

supporting evidence. Instances achieving unani- 359

mous consensus were automatically retained, while 360

discordant cases necessitated expert adjudication, 361

followed by a senior expert meta-review. This rig- 362

orous cross-validation procedure achieved a Fleiss’ 363

Kappa of 0.84 (Fleiss, 1971) and a strict retention 364

rate of 74.3%, yielding a robust gold standard. 365

4.2 Baselines 366

We benchmark Fin-STAR against six structured 367

RAG systems across three paradigms: 368

Global Graph-Index RAG. Targeting macro- 369

narratives, GraphRAG (Edge et al., 2024) (Global 370

Search) synthesizes hierarchical summaries via 371

community detection, while LightRAG (Guo et al., 372

2024) unifies entity-specific and concept-abstract 373

retrieval to overcome single-granularity limits. 374
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Fine-Grained KG Reasoning RAG. Focusing375

on path navigation, HippoRAG2 (Gutiérrez et al.,376

2025) employs Personalized PageRank on associa-377

tive graphs to dynamically activate multi-hop paths,378

and ArchRAG (Wang et al., 2025) guides retrieval379

by parsing the document’s architectural skeleton.380

Hierarchical Tree RAG. Using recursive struc-381

tures, RAPTOR (Sarthi et al., 2024) constructs re-382

cursive cluster trees for summarization-augmented383

retrieval, whereas PageIndex (Zhang et al., 2025a)384

employs a vector-less, Table-of-Contents-based385

mechanism for routing-augmented retrieval.386

4.3 Metrics387

We evaluate model performance across four dimen-388

sions: textual overlap, retrieval precision, logical389

consistency, and numerical rigor.390

Answer F1. Following Rajpurkar et al. (2016),391

we compute the Answer F1 score (F1a) based on392

the token overlap between the normalized gold ref-393

erence (TG) and prediction (TP ):394

F1a =
2 · |TG ∩ TP |
|TG|+ |TP |

(3)395

Evidence & Joint F1. For high-order reasoning396

(T2–T5), Answer F1 is prone to rewarding “lucky397

guesses” (spurious correctness). To enforce consis-398

tency, following Yang et al. (2018), we compute399

Evidence F1 (F1e) based on the sentence-level400

overlap between gold (EG) and retrieved (EP ) sets,401

and derive Joint F1 (F1j):402

F1e =
2|EG ∩ EP |
|EG|+ |EP |

, F1j =
2F1aF1e
F1a + F1e

(4)403

Numeric Accuracy. Addressing format hetero-404

geneity (e.g., “25%” vs. “0.25”), we follow Chen405

et al. (2021) in verifying the coverage of VG by406

VP . Given absolute (ϵatol) and relative (ϵrtol) toler-407

ances, we define the matching criterion M ⇐⇒408

|vg − vp| ≤ ϵatol + ϵrtol|vp| to calculate Numeric409

Accuracy (Accn):410

Accn = I (∀vg ∈ VG, ∃vp ∈ VP : M) (5)411

4.4 Implementation Details412

For all methods, we employ Qwen3-Embedding-8B413

as the embedding model to compute dense vec-414

tor representations for indexing and retrieval, and415

Qwen3-32B as the answer generator for reasoning416

and final response generation (Zhang et al., 2025b).417

Figure 3: Retrieval sensitivity (%) of Fin-STAR (Tx@k:
Tier x at depth k). Performance is evaluated using two
metrics: Recall@K, which measures retrieval complete-
ness by capturing the proportion of gold evidence, and
nDoC@K, which assesses ranking quality by prioritiz-
ing evidence appearing earlier in the list.

For both the main experiments and all ablation 418

studies, the small language model (SLM) Gθ com- 419

ponent consistently uses Qwen3-8B (Zhang et al., 420

2025b). For cross-market generalization experi- 421

ments, we only change the output language in- 422

struction in the prompt (to match the target market 423

language), while keeping all other configurations 424

unchanged. All experiments are conducted on 4 425

NVIDIA Tesla V100 (32GB) GPUs. 426

4.5 Retrieval Sensitivity & Adaptive Protocol 427

Benchmarking multi-tier reasoning necessitates a 428

calibrated retrieval depth k (i.e., the count of top- 429

ranked snippets), as static thresholds introduce bias 430

due to varying evidence demands. 431

Sensitivity Analysis. We analyzed performance 432

across k ∈ {1, . . . , 10} for all baselines (see 433

Figure 3 for Fin-STAR; others in Appendix B). 434

Results reveal distinct structural heterogeneity: 435

atomic queries (T1) favor precise retrieval (k = 436

1), whereas high-level aggregation (T5) requires 437

broader scope (k = 6) to encompass dispersed 438

financial indicators. 439

Unified Tier-Adaptive Protocol. To mitigate se- 440

lection bias, we derive a unified Tier-Adaptive Pro- 441

tocol based on observed stability regions, fixing 442

k to {1, 3, 4, 5, 6} for T1–T5, respectively (high- 443

lighted in Figure 3). This consensus setting en- 444

sures that metrics reflect intrinsic reasoning capa- 445
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Table 2: Main experimental results across three markets (%). Bold indicates the best performance in each column.

Method
T1@1 T2@3 T3@4 T4@5 T5@6

F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j

Panel A: United States (US) Market
GraphRAG 63.6 71.6 46.3 53.6 45.3 55.6 26.3 33.3 43.0 62.5 33.9 37.9 27.8 34.0 20.0 23.3 22.9 18.8 10.3 14.2
LightRAG 72.1 76.0 54.9 62.3 27.6 57.4 33.5 30.2 26.5 60.7 41.3 32.3 19.1 40.0 21.6 20.3 16.4 25.0 14.1 15.1
ArchRAG 56.6 59.6 44.2 49.6 32.1 47.2 25.6 28.5 34.3 51.8 34.6 34.4 21.7 31.0 18.6 20.0 24.5 18.8 17.3 20.3
HippoRAG2 26.2 35.6 27.7 26.9 28.1 38.9 17.2 21.4 39.4 47.3 27.8 32.6 28.5 25.0 10.1 14.9 22.5 12.5 4.0 6.8
RAPTOR 50.0 50.0 58.3 53.9 25.8 43.8 31.8 28.4 34.4 53.1 30.1 32.1 27.6 45.0 27.6 27.6 13.8 12.5 21.8 16.9
PageIndex 49.9 61.1 52.3 51.1 27.6 57.4 33.5 30.2 25.3 56.3 37.6 30.3 15.5 31.3 24.5 19.0 37.7 15.2 15.2 21.6
Fin-STAR 66.7 76.4 55.9 60.9 40.1 61.1 43.5 41.7 38.8 68.8 43.4 41.0 27.6 49.0 30.6 29.0 22.7 37.5 18.4 20.3

Panel B: China (CN) Market
GraphRAG 55.5 63.3 44.0 49.1 48.9 21.3 35.3 41.0 52.6 51.6 30.9 38.9 46.0 42.5 25.5 32.8 45.5 43.8 44.5 45.0
LightRAG 69.9 67.2 44.0 54.0 45.2 31.5 51.6 46.1 30.6 41.9 34.4 32.4 26.9 56.6 28.8 27.9 16.3 25.0 21.3 18.5
ArchRAG 43.6 52.2 28.5 34.5 37.5 9.8 39.0 38.3 37.0 41.9 22.5 28.0 30.7 54.7 29.1 29.9 38.8 37.5 39.6 39.2
HippoRAG2 26.2 34.4 17.8 21.2 41.1 37.7 32.1 36.0 42.8 50.0 30.0 35.2 31.4 10.4 16.5 21.6 22.3 21.4 26.7 24.3
RAPTOR 50.6 62.2 30.0 37.7 54.9 29.7 36.9 44.1 51.4 64.5 28.0 36.2 20.6 18.9 15.2 17.5 25.8 12.5 18.2 21.3
PageIndex 53.3 58.4 43.2 47.7 42.8 27.9 35.8 39.0 52.3 54.9 29.7 37.9 31.5 25.9 28.7 30.0 44.9 41.0 23.5 30.9
Fin-STAR 67.9 74.4 56.5 61.7 60.2 56.6 52.3 56.0 46.8 65.3 46.8 46.8 39.2 58.5 43.0 41.0 45.5 57.1 51.4 48.3
Panel C: Hong Kong (HK) Market
GraphRAG 44.2 60.5 28.2 34.4 46.3 45.3 31.9 37.8 36.7 48.2 33.5 35.1 45.5 36.7 25.1 32.4 44.5 23.8 18.9 26.5
LightRAG 65.7 60.7 34.9 45.6 28.8 51.9 34.9 31.6 24.6 50.5 37.7 29.7 21.0 45.0 24.7 22.7 43.4 31.3 24.2 31.1
ArchRAG 50.0 60.5 28.5 36.3 39.1 55.7 36.1 37.5 30.7 40.6 24.2 27.1 30.2 41.7 22.6 25.9 43.4 31.3 24.2 31.1
HippoRAG2 17.5 32.6 20.1 18.7 28.4 34.9 23.7 25.8 36.2 42.0 25.9 30.2 27.3 23.3 19.2 22.5 26.0 6.3 18.9 21.9
RAPTOR 17.4 35.7 24.2 20.2 29.1 30.2 8.4 13.0 39.1 37.5 14.5 21.2 23.7 34.1 16.8 10.6 6.1 12.5 12.7 8.3
PageIndex 64.8 53.6 36.5 46.6 28.9 56.3 27.3 28.1 22.4 31.3 26.0 24.1 28.3 25.0 32.3 30.2 38.4 32.5 20.7 26.9
Fin-STAR 65.0 76.7 56.5 60.4 44.8 56.6 40.5 42.6 53.5 56.3 36.1 43.1 30.4 48.3 31.2 30.8 51.4 43.8 32.6 39.9

bilities rather than model-specific hyperparameter446

artifacts.447

5 Experimental Results & Analysis448

We evaluate Fin-STAR across 15 regimes (3 mar-449

kets × 5 difficulty tiers). The main experimental450

results are summarized in Table 2.451

Holistic Performance across Markets and Tiers.452

Fin-STAR establishes a robust dominance, achiev-453

ing the highest Joint F1 score in 12 out of 15 scenar-454

ios. While methods like LightRAG and GraphRAG455

achieve marginal leads in isolated scenarios (e.g.,456

US-T1, HK-T4) with negligible gaps (∆ < 0.016),457

Fin-STAR maintains consistent superiority across458

diverse regulatory frameworks and escalating diffi-459

culty levels. Crucially, this effectiveness is under-460

pinned by a superior performance-efficiency bal-461

ance (see Appendix C). This establishes a baseline462

of uniform reliability and cost-efficiency essential463

for high-stakes finance, prioritizing scalable stabil-464

ity over occasional, narrow-domain peaks.465

Source of Gain: Verification over Fluency. A 466

granular decomposition of metrics reveals a distinct 467

“asymmetric advantage.” Fin-STAR’s superiority 468

is not driven by surface-level textual similarity—it 469

leads Answer F1 in only 4/15 cases and Seman- 470

tic Answer Similarity (SAS, see Appendix C) in 471

just 2/15. Conversely, it dominates in verification- 472

centric metrics, securing best-in-class performance 473

for Numeric Accuracy (14/15) and Evidence F1 474

(11/15). This divergence confirms that the improve- 475

ments in Joint F1 stem from the rigorous alignment 476

of evidence chains rather than mere stylistic flu- 477

ency. By enforcing structural constraints to miti- 478

gate scope drift” and numerical misattribution, Fin- 479

STAR prioritizes the precise, verifiable grounding 480

essential for financial integrity. 481

Tier-wise Sensitivity and Multi-hop Reasoning. 482

Performance breakdown by difficulty tier validates 483

our design motivation. We calculate gains by 484

comparing the cross-market average of Fin-STAR 485

against the strongest tier-specific baseline. The 486
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Table 3: Ablation on the US market across difficulty tiers (%). Bold denotes the best score in each column. “w/o Virt.
Node” removes virtual-scope generation and uses only the original hierarchical paths; “w/o Sem. Inj.” replaces our
cross-attention semantic injection with simple prefix-style path concatenation; “w/o Invariance” drops the factual
invariance constraint during injection, allowing factual elements (e.g., entities/numbers/time) to be unconstrained.

Config.
T1@1 T2@3 T3@4 T4@5 T5@6

F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j

w/o Virt. Node 54.5 49.5 39.9 46.1 33.7 58.0 33.4 33.5 32.9 39.7 24.2 27.9 21.3 40.3 22.8 22.0 15.9 16.7 4.2 6.6

w/o Sem. Inj. 62.8 68.7 45.0 52.4 36.3 46.8 37.5 36.9 34.7 56.3 39.3 36.9 25.0 40.7 18.5 21.3 19.7 33.3 6.3 9.5

w/o Invariance 57.8 61.0 45.3 50.8 31.8 54.0 31.1 31.5 37.3 56.3 35.9 36.6 24.4 42.9 18.9 21.3 19.0 19.9 13.2 15.6

Fin-STAR 66.7 76.4 55.9 60.9 40.1 61.1 43.5 41.7 38.8 68.8 43.4 41.0 27.6 49.0 30.6 29.0 22.7 37.5 18.4 20.3

results reveal a dynamic advantage profile: start-487

ing with solid gains in simple tasks (T1, +13.0%),488

performance peaks at T2 (+25.2%) where explicit489

structural navigation is most critical. The advan-490

tage narrows slightly at T4 (+14.0%) as global ag-491

gregation becomes dominant, but notably rebounds492

at T5 (+19.8%). This trajectory confirms that ex-493

plicating implicit structural cues confers a resilient494

edge, enabling Fin-STAR to outperform special-495

ized architectural baselines even in high-entropy,496

complex reasoning scenarios.497

6 Ablation Studies498

We focus our ablation study on the US market (Ta-499

ble 3), while results for the CN and HK markets500

(which exhibit consistent trends) are detailed in501

Appendix D. A critical pattern emerges: removing502

structural components triggers a catastrophic drop503

in Evidence F1 (e.g., −77% in US-T5 for w/o Virt.504

Node) whereas Answer F1 declines more moder-505

ately. This “asymmetric degradation” attributes506

Fin-STAR’s gains to verifiable numerical binding507

rather than superficial answer fluency.508

Component Validity. A detailed breakdown val-509

idates our design choices: (1) Virtual Nodes as An-510

chors: The collapse of w/o Virt. Node in complex511

tiers identifies virtual nodes as essential anchors512

that prevent “scope drift” by grounding implicit513

constraints. (2) Semantic Injection: The superiority514

over w/o Sem. Inj. underscores that naïve inte-515

gration of raw paths fails to resolve implicitness;516

our cross-attention paradigm is essential to dynam-517

ically extract structural alignment, effectively fil-518

tering noise before integration. (3) Invariance as519

Prerequisite: Crucially, the drop in w/o Invariance520

reveals that unconstrained injection acts as adver-521

sarial noise. This confirms that gains derive from522

the rigorous factual correctness of structural con-523

straints, not merely the injection mechanism itself.524

7 FinTierQA 525

To bridge the reality gap, we leverage Fin-STAR 526

to construct FinTierQA by simulating analyst rea- 527

soning on real-world filings, establishing a new 528

standard for scope and difficulty. 529

In terms of breadth, FinTierQA aggregates 530

78,564 Annual, IPO, and ESG filings from 8,657 531

companies across China, Hong Kong, and the US 532

(2015–2024), covering diverse regulatory and lin- 533

guistic frameworks. For depth, the dataset com- 534

prises 3,928,500 samples, systematically balanced 535

across five difficulty tiers through predefined sam- 536

pling ratios (T1: 1,178,550, T2: 942,840, T3: 537

785,700, T4: 628,560, T5: 392,850), where each 538

instance is programmatically annotated with the 539

question, answer, evidence, and tier label. 540

This dataset propels dual-domain advancements. 541

In computer science, its trilateral market coverage 542

and tiered complexity facilitate cross-lingual align- 543

ment and robust reasoning over structurally im- 544

plicit semantics. In finance, by scaling systematic 545

cross-market analysis, it promotes a paradigm shift 546

from manual information retrieval to automated, 547

reasoning-centric analytical workflows. 548

8 Conclusion 549

We introduce Fin-STAR to resolve systemic seman- 550

tic implicitness by transforming document hierar- 551

chy from a physical skeleton into intrinsic seman- 552

tic knowledge. Through virtual node injection and 553

cross-attention, our framework enforces rigorous 554

evidence anchoring, a capability validated by its su- 555

periority over SOTA baselines on FinTierQA Gold. 556

These findings establish explicit structural injec- 557

tion as a prerequisite for precise numerical binding. 558

To further bridge the academic-industrial gap, we 559

release FinTierQA (3.9M pairs), a massive-scale re- 560

source catalyzing the shift toward robust, structure- 561

aware financial intelligence. 562
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Limitations563

While Fin-STAR establishes robust dominance,564

achieving the highest Joint F1 score in 12 out of565

15 scenarios, baseline methods like LightRAG and566

GraphRAG achieve marginal leads in isolated sce-567

narios (e.g., US-T1, HK-T4). This reflects our568

experimental isolation of indexing-stage seman-569

tic injection: we employed a standard hybrid re-570

trieval backbone without the specialized runtime571

routing or global navigation used by GraphRAG572

or ArchRAG. Consequently, Fin-STAR faces per-573

formance ceilings in scenarios heavily dependent574

on such runtime heuristics. However, this limi-575

tation validates our core hypothesis: Fin-STAR’s576

consistent superiority in Numeric Accuracy and577

Evidence F1 proves that indexing-level injection578

independently secures factual precision. This es-579

tablishes a high-fidelity foundation, offering a clear580

path to further elevate performance by integrating581

task-specific routing mechanisms in future work.582

Ethics Statement583

Data Sourcing and Privacy. The dataset con-584

structed in this work, FinTierQA, is derived exclu-585

sively from publicly available financial disclosures586

(e.g., Annual Reports, IPO prospectuses, ESG re-587

ports) filed with regulatory bodies in the United588

States (SEC), Hong Kong (HKEX), and China589

(SSE/SZSE). These documents are in the public590

domain and intended for investor scrutiny. We have591

strictly adhered to the terms of use of the respec-592

tive data repositories. Given the corporate nature593

of these documents, they contain minimal person-594

ally identifiable information (PII) regarding private595

individuals; any incidental PII (e.g., names of cor-596

porate officers) appears in their public professional597

capacity.598

Annotator Recruitment & Compensation. Our599

dataset construction involved a human-in-the-loop600

verification process, specifically during the "Con-601

sensus Verification" stage described in Section 4.1.602

We recruited 18 financial experts through profes-603

sional industry channels. All participants were604

explicitly informed about the purpose of the study605

and the intended usage of the annotated data. To606

ensure fair labor practices, annotators were com-607

pensated at an hourly rate that significantly exceeds608

the local minimum wage and aligns with the com-609

petitive market rate for financial analysts in their610

respective regions.611

Intended Use and Potential Risks. Fin-STAR is 612

designed to assist financial professionals in infor- 613

mation retrieval and complex reasoning over long 614

documents. However, financial decision-making is 615

a high-stakes domain. While our method improves 616

numerical accuracy and factual grounding com- 617

pared to baselines, it is not immune to errors or hal- 618

lucinations inherent in language models. Therefore, 619

this system should be deployed as a "copilot" to 620

augment human analysts, not as a fully autonomous 621

financial advisor. We explicitly warn against us- 622

ing this model for automated trading or investment 623

decisions without rigorous human oversight. 624

AI-Assisted Data Synthesis. We utilized large 625

language models (as detailed in Section 4.1) to 626

assist in the initial generation of QA pairs. We 627

acknowledge that synthetic data may carry biases 628

present in the underlying models. The subsequent 629

human verification stage was implemented specif- 630

ically to mitigate such biases and ensure logical 631

soundness. 632
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A FinTierQA Gold Construction Prompt746

and Supplemental Materials747

Figure 4: The standardized prompt used for the AI
expert panel to generate annotations for the FinTierQA
Gold benchmark.

We adhere to the principle of full transparency748

in the creation of the FinTierQA Gold benchmark.749

Figure 4 presents the exact prompt utilized by our750

AI expert panel to generate the high-fidelity QA751

annotations. This prompt design ensures that the752

resulting dataset maintains strict factual grounding753

and supports complex multi-hop reasoning.754

In addition, the complete RAG implementation755

code, detailed configurations, demo data, raw RAG756

outputs, and indexing demos for our ablation set-757

tings are provided in the supplementary materials758

(attachments).759

B Sensitivity Analysis of Retrieval Depth760

To validate the rationale behind the retrieval set-761

tings in our main evaluation, we present the sensi-762

tivity heatmaps of retrieval depth (k) for all base-763

line models (excluding Fin-STAR) in Figure 5. We764

report performance across varying tiers (T1–T5)765

and markets using two complementary metrics: Re-766

call@K, which measures evidence completeness by767

capturing the proportion of retrieved gold evidence,768

and nDoC@K, which assesses ranking quality by769

prioritizing evidence appearing earlier in the list.770

Consistent with the observations in the main text,771

the results exhibit a pronounced tier-dependent772

preference for optimal k: (1) Low-Tier Precision:773

Simpler queries (e.g., T1) consistently favor smaller774

k values. This restriction helps maintain a high de-775

gree of evidence concentration (nDoC) by filtering776

out irrelevant context noise. (2) High-Tier Cov-777

erage: Conversely, complex queries (e.g., T4–T5)778

necessitate larger retrieval scopes to capture dis-779

persed evidence.780

These findings underscore that enforcing a static781

k introduces comparative bias—either overwhelm- 782

ing simple queries or starving complex ones. Con- 783

sequently, we derived a unified tier-adaptive con- 784

figuration (i.e., k ∈ {1, 3, 4, 5, 6} for T1–T5) based 785

on the aggregate stability regions across all base- 786

lines. Applying this consensus schedule uniformly 787

ensures that retrieval budgets dynamically align 788

with reasoning complexity, guaranteeing that per- 789

formance metrics reflect intrinsic algorithmic capa- 790

bilities unskewed by model-specific hyperparame- 791

ter artifacts. 792

C Efficiency and Supplementary 793

Semantic Analysis 794

In this section, we expand our evaluation to include 795

computational efficiency (Token Consumption) and 796

supplementary surface-level metrics (Semantic An- 797

swer Similarity, SAS), visualized in the dual-axis 798

plots of Figure 6. 799

Token Efficiency. From a practical engineering 800

perspective, Fin-STAR demonstrates superior cost- 801

effectiveness. As observed in the high-tier subplots 802

(e.g., T3–T5), global graph-based methods like 803

LightRAG incur prohibitive computational costs, 804

represented by elevated bars significantly exceed- 805

ing the average. In contrast, Fin-STAR maintains a 806

lean token footprint comparable to summarization- 807

based baselines (e.g., RAPTOR), validating that 808

utilizing document structure allows for targeted re- 809

trieval rather than the brute-force context flooding 810

observed in global graph approaches. 811

Source of Gain: Verification over Surface Flu- 812

ency. Decomposing the performance metrics re- 813

veals a distinct “asymmetric advantage.” While 814

Fin-STAR demonstrates competitive stability in the 815

SAS line charts, it leads surface similarity metrics 816

in limited scenarios—topping Answer F1 (in main 817

text) in only 4/15 cases and SAS (Figure 6) in just 818

2/15. However, it decisively dominates in Numeric 819

Accuracy (14/15) and Evidence F1 (11/15). This 820

pattern suggests that the Joint F1 improvement re- 821

ported in the main experiments does not stem from 822

generating superficially fluent answers, but from 823

the rigorous alignment of reasoning chains. By 824

injecting structural scope to mitigate “scope drift” 825

and numerical misattribution, Fin-STAR ensures 826

the mathematical precision and verifiable ground- 827

ing essential for financial integrity, prioritizing cor- 828

rectness over mere semantic similarity. 829
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Figure 5: Tier-Dependent Sensitivity of Retrieval Depth (k) across Baseline Models (%).

Table 4: Ablation study across difficulty tiers (%). Bold indicates the best performance within each market. “w/o
Virt. Node” removes virtual-scope generation and uses only the original hierarchical paths; “w/o Sem. Inj.” replaces
our cross-attention semantic injection with simple prefix-style path concatenation; “w/o Invariance” drops the factual
invariance constraint during injection, allowing factual elements (e.g., entities/numbers/time) to be unconstrained.

Config.
T1@1 T2@3 T3@4 T4@5 T5@6

F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j F1a Accn F1e F1j

China (CN) Market
w/o Virt. Node 49.2 59.7 42.6 45.7 46.0 21.9 20.0 27.8 25.8 40.3 29.6 27.6 38.0 56.0 20.8 26.9 32.5 25.5 40.0 38.0

w/o Sem. Inj. 54.9 38.7 30.1 38.9 51.7 25.0 18.4 27.1 36.9 57.0 37.9 37.4 39.4 46.0 39.4 39.4 42.6 10.9 42.2 42.4

w/o Invariance 56.6 38.7 28.5 37.9 53.4 20.9 18.6 27.6 25.8 40.3 19.6 22.3 39.5 28.3 39.3 39.4 39.6 46.4 20.5 27.0

Fin-STAR 67.9 74.4 56.5 61.7 60.2 56.6 52.3 56.0 46.8 65.3 46.8 46.8 39.2 58.5 43.0 41.0 45.5 57.1 51.4 48.3
Hong Kong (HK) Market
w/o Virt. Node 57.5 66.0 45.2 50.6 41.2 35.2 15.6 22.6 51.7 49.3 27.3 35.7 24.6 19.6 25.2 24.9 46.3 25.0 25.3 32.7

w/o Sem. Inj. 53.4 56.4 52.2 52.8 30.8 49.5 31.6 31.2 48.5 37.5 17.7 25.9 18.1 27.5 19.0 18.5 48.9 10.2 12.0 19.2

w/o Invariance 35.7 41.0 35.8 35.8 41.9 22.6 17.9 25.1 48.1 50.0 19.8 28.1 21.7 23.7 18.4 19.9 46.8 6.3 22.9 30.7

Fin-STAR 65.0 76.7 56.5 60.4 44.8 56.6 40.5 42.6 53.5 56.3 36.1 43.1 30.4 48.3 31.2 30.8 51.4 43.8 32.6 39.9

D Extended Ablation Analysis830

To verify the robustness of Fin-STAR across di-831

verse linguistic and regulatory environments, we832

extended the component-wise ablation study to the833

China (CN) and Hong Kong (HK) datasets. De-834

tailed performance comparisons across varying dif-835

ficulty tiers are presented in Table 4.836

Ablation Analysis on CN Market. Experimen- 837

tal results on the China (CN) market consistently 838

mirror the findings observed in the US market, par- 839

ticularly emphasizing the sensitivity of evidence- 840

side metrics. We observe a distinct “asymmetric 841

degradation” where the removal or low-quality in- 842

jection of structural components primarily leads 843
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(a) Tier 1: Atomic (Direct Retrieval) (b) Tier 2: Intra-topic (Chain ≥2 hops)

(c) Tier 3: Inter-topic (Chain ≥3 hops) (d) Tier 4: Global (Aggregation)

(e) Tier 5: Multi-doc (Align & Compare)

Figure 6: Efficiency-Performance Trade-off across Difficulty Tiers (T1–T5). We visualize the Average Token
Consumption (Bars, Left Axis) versus Semantic Answer Similarity (SAS, Lines, Right Axis).

to a collapse in F1e and F1j , while F1a remains844

relatively stable. For instance, in CN–T4, skipping845

the virtual node (Config 1) causes F1e to plummet846

from 43.0 to 20.8 (approx. −51.6%), yet F1a only847

decreases slightly from 39.2 to 38.0 (−3.1%). Sim-848

ilarly, on CN–T2, replacing semantic injection with849

simple concatenation (Config 2) reduces F1e from850

52.3 to 18.4 (−64.9%) and F1j from 56.0 to 27.1851

(−51.6%), contrasted with a moderate 14.2% drop852

in F1a. On the most complex tier CN–T5, utilizing853

weak paths (Config 3) results in a 60.1% reduction854

in F1e (51.4 to 20.5), while F1a only declines by855

12.8%. These results confirm that Fin-STAR’s core856

utility lies in transforming implicit structural cues857

into verifiable evidence paths rather than merely858

improving surface textual fluency.859

Ablation Analysis on HK Market. The Hong860

Kong (HK) market further validates the necessity of861

explicit structural modeling for maintaining factual 862

integrity in financial RAG. Similar to other regions, 863

removing the virtual node on HK–T2 causes F1e 864

to drop from 40.5 to 15.6 (−61.6%) and F1j from 865

42.6 to 22.6 (−47.0%), whereas F1a only shows 866

an 8.0% decline. In multi-hop and aggregation 867

scenarios like HK–T3, simple path fusion reduces 868

F1e from 36.1 to 17.7 (−51.0%) and F1j from 869

43.1 to 25.9 (−39.9%). Notably, on the challeng- 870

ing HK–T5 tier, inadequate injection significantly 871

impairs numerical precision, dragging Accn from 872

43.8 down to 10.2 (−76.7%) and reducing F1j by 873

half (39.9 to 19.2). These findings consistently sup- 874

port that providing structural cues via simple con- 875

catenation or insufficient injection leads to severe 876

mismatches between numerals and evidence chains. 877

Collectively, the cross-market results emphasize 878

that making implicit structural cues explicit and 879

injecting them through constrained mechanisms 880
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is vital for the robustness of financial analytical881

systems.882
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