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Abstract001

Retrieval-Augmented Generation (RAG) has002
been used in question answering (QA) systems003
to improve performance when relevant informa-004
tion is in one (single-hop) or multiple (multi-005
hop) passages. However, many real life sce-006
narios (e.g. dealing with financial, legal, med-007
ical reports) require checking all documents008
for relevant information without a clear stop-009
ping condition. We term these pluri-hop ques-010
tions, and formalize them by 3 conditions - re-011
call sensitivity, exhaustiveness, and exactness.012
To study this setting, we introduce PluriHop-013
WIND, a multilingual diagnostic benchmark014
of 48 pluri-hop questions over 191 real wind-015
industry reports, with high repetitiveness to re-016
flect the challenge of distractors in real-world017
datasets. Naive, graph-based, and multimodal018
RAG methods only reach up to 40% statement-019
wise F1 on PluriHopWIND. Motivated by this,020
we propose PluriHopRAG, which learns from021
synthetic examples to decompose queries ac-022
cording to corpus-specific document structure,023
and employs a cross-encoder filter at the docu-024
ment level to minimize costly LLM reasoning.025
We test PluriHopRAG on PluriHopWIND and026
the Loong benchmark built on financial, legal027
and scientific reports. On PluriHopWIND, our028
method shows 18-52% F1 score improvement029
across base LLMs, while on Loong, we show030
33% improvement over long-context reasoning031
and 52% improvement over naive RAG.032

1 Introduction033

The rise of Large Language Models (LLMs)034

(Brown et al., 2020) has enabled rapid progress035

in question answering (QA) systems, by incorpo-036

rating LLMs into a QA framework called Retrieval037

Augmented Generation (RAG) (Gao et al., 2023).038

The strength of RAG lies in combining informa-039

tion retrieval techniques with an LLM’s ability to040

synthesize chunks of evidence into a human-like041

answer. Over time, the scope of RAG has expanded,042

allowing it to tackle increasingly complex types of 043

questions. 044

Early RAG systems (Lewis et al., 2020) were 045

best suited for single-hop questions - questions 046

with only one or several relevant passages - be- 047

cause they simply searched for passages that are 048

semantically similar to the original question. It- 049

erative improvements have enabled progress on 050

multi-hop questions where one piece of evidence 051

informs the retrieval of the next; they are often 052

addressed through iterative, agentic, and planning- 053

based approaches (Trivedi et al., 2022; Shao et al., 054

2023; Asai et al., 2023). A parallel line of work 055

has tackled global summarization-style questions 056

by using knowledge-graph-based RAG approaches 057

(Mavromatis and Karypis, 2024; Hu et al., 2024; 058

Edge et al., 2024) that leverage structured entity- 059

relationship representations. These question types 060

are illustrated with examples in Figure 1. 061

In contrast, there has been considerably less 062

progress on a fourth category: questions that re- 063

quire aggregating data across all documents in the 064

knowledge base (see Figure 1). For example, in the 065

context of medical records: "What is the highest 066

and lowest hemoglobin value among all of Jane 067

Doe’s blood tests?". Unlike conventional multi- 068

hop queries, these problems lack a natural stopping 069

condition - retrieval cannot halt after a handful of 070

documents because every record may change the 071

answer, and unlike summarization-style questions, 072

they have an exact answer. 073

In this work, we focus on precisely these ques- 074

tions and coin them pluri-hop questions. They are 075

defined by three conditions: 076

1. Recall sensitivity: Omitting even a single rel- 077

evant passage leads to an incorrect answer. 078

2. Exhaustiveness: It is impossible to infer from 079

the retrieved context whether the evidence set 080

is complete; in principle, all documents must 081

be checked. 082
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Multi-hop

Single-hop

Pluri-hop

Summarization

Broken
Ankle

What was the diagnosis from
Jane Doe’s X-ray on June 15, 2025?

Jane Doe's X-ray
 diagnosis from June 15

 was a broken ankle.

How are Jane Doe’s health
 records similar to other

 patients admitted in 2025?

John Doe also
repeatedly broke his ankle.

What is the highest and lowest
 hemoglobin value among

 all of Jane Doe’s blood tests?

Highest - 110 g/l,
lowest - 160 g/l

Are there any previous 
occurences of Jane Doe's X-ray
diagnosis from June 15 2025?

Jane Doe's X-ray diagnosis
 from June 15 - a broken ankle -

 was also reported in May 1 2008.

Broken Ankle

Jane Doe Broken Ankle May 1 2008

Jane Doe Broken Ankle

Jane Doe X-Ray June 15 2025

Figure 1: Common types of questions RAG systems are used for.

3. Exactness: There is only one best answer. All083

other answers are either incomplete or contain084

superfluous and/or incorrect information.085

These conditions imply that a viable approach to086

pluri-hop QA must go beyond existing paradigms087

which are typically based on "top-k" retrieval. In-088

stead of selectively focusing on a small subset of089

passages, the system must be designed to check090

all documents efficiently, while filtering irrelevant091

material early to maintain feasibility.092

Despite a lack of targeted investigations, pluri-093

hop questions are widespread, especially when han-094

dling recurring report data - medical records, finan-095

cial reports, compliance reports, etc. - see Table 1096

for a list of examples. Such data poses a challenge097

to RAG systems due to a large presence of dis-098

tractor documents - documents that, given a ques-099

tion, are irrelevant but semantically similar to rele-100

vant documents, thus "distracting" the RAG system.101

Therefore, in this work, we seek to answer the fol-102

lowing question: How does one answer pluri-hop103

questions about highly repetitive data (such as104

data from recurring reports) in a scalable way?105

To highlight the difficulties of answering pluri-106

hop questions, we introduce PluriHopWIND, a107

diagnostic multilingual dataset of 48 questions con-108

structed from 191 real-world wind industry techni-109

cal reports in German and English. Crucially, many110

benchmark questions require consulting evidence111

spanning more than the context window of state-112

of-the-art LLMs. The dataset also emphasizes dis-113

tractor density, with large amounts of semantically114

similar but irrelevant material, closely mirroring115

practical QA challenges in recurring report corpora.116

We show that current approaches struggle to117

answer pluri-hop questions, reaching at most 118

40% statement-wise F1 score. 119

Motivated by this, we propose PluriHopRAG, 120

built specifically for pluri-hop questions by follow- 121

ing two design principles: 122

1. Structure-aware query decomposition: the 123

system must learn how information is dis- 124

tributed across documents, then split queries 125

into document-level subquestions accordingly, 126

by using a query decomposer fine-tuned on a 127

small number of synthetic examples. 128

2. Cheap document-level filtering: since all 129

documents must be checked, we employ cross- 130

encoder filtering to discard irrelevant docu- 131

ments after chunk retrieval but before expen- 132

sive LLM reasoning. 133

We compare our approach to a baseline RAG 134

approach, RAG based on knowledge graphs 135

(GraphRAG (Edge et al., 2024)), and vision models 136

(VisdomRAG (Suri et al., 2025)). PluriHopRAG 137

outperforms competing approaches by 18-52% 138

on benchmark F1 score across base LLMs. 139

To demonstrate the general utility of PluriHo- 140

pRAG, we use the Loong QA dataset (Wang et al., 141

2024) containing research papers, financial reports, 142

and legal documents. Loong QA emphasizes ag- 143

gregation across many passages of text and high 144

recall sensitivity. PluriHopRAG outperforms 145

long-context QA by 33% and the previously top- 146

scoring model (Li et al., 2024) by 14%. 147

Taken together, our findings suggest that pluri- 148

hop QA is insufficiently addressed by prominent 149

RAG approaches. Despite its modest size, the 150
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PluriHopWIND dataset exposes the limitations of151

current QA systems on repetitive, distractor-rich152

corpora, while PluriHopRAG’s gains highlight the153

value of exhaustive retrieval with early filtering as154

a powerful alternative to top-k methods.155

2 Related Work156

Methods. Iterative approaches (IRCoT (Trivedi157

et al., 2022), Iter-RetGen (Shao et al., 2023), Self-158

RAG (Asai et al., 2023)) break questions into sub-159

queries but underperform when scanning the en-160

tire corpus is required. Graph-based approaches161

(GRAG (Hu et al., 2024), GNN-RAG (Mavroma-162

tis and Karypis, 2024), GraphRAG (Edge et al.,163

2024)) enable multi-hop reasoning through knowl-164

edge graphs but often lose fine-grained details in165

raw text. Multi-modal methods like VisdomRAG166

(Suri et al., 2025) incorporate visual layout cues167

but do not address scalability for large, repetitive168

corpora.169

Benchmarks. Multi-hop benchmarks such as170

HotpotQA (Yang et al., 2018), 2WikiMultiHopQA171

(Ho et al., 2020) and MultiHopRAG (Tang and172

Yang, 2024) evaluate systems on linking evidence173

from multiple passages. However, these questions174

have clear stopping conditions - given the retrieved175

context, one can determine whether it is sufficient,176

violating the exhaustiveness criterion of pluri-hop177

questions. Summarization-oriented benchmarks178

such as NarrativeQA (Kočiský et al., 2017) require179

models to condense long narratives into high-level180

answers, violating the exactness and recall sensitiv-181

ity criteria.182

MoNaCo (Wolfson et al., 2025) uses Wikipedia,183

confounding retrieval evaluation with pretraining184

knowledge - the authors found that adding retrieval185

actually degraded performance compared to an186

LLM-only baseline.187

The Loong benchmark (Wang et al., 2024) is188

conceptually similar to our work as it requires ag-189

gregating many passages of text and focusses on190

recall sensitivity. However, the benchmark was cre-191

ated to test long-context reasoning, not scalable re-192

trieval, so the context for each document fits within193

an LLM’s context window.194

In summary, existing methods focus on (i) RAG195

with clear stopping conditions, (ii) RAG for sum-196

marization questions, or (iii) passing the full cor-197

pus to an LLM. None address pluri-hop questions198

requiring exhaustive, recall-sensitive aggregation199

across large, repetitive, distractor-heavy corpora in200

a scalable way. This motivates our introduction of 201

the PluriHopWIND dataset and the PluriHopRAG 202

model. 203

3 Dataset 204

3.1 QA Generation 205

PluriHopWIND consists of 48 English questions 206

from 191 technical reports in German or English. 207

The reports originate from the wind industry cov- 208

ering oil laboratory analyses, turbine inspections, 209

and service activities. Each document has been 210

anonymized (blacked out personally identifiable in- 211

formation) and pseudonimized (renamed turbines 212

and windparks, some dates shifted). The docu- 213

ments vary highly in length (1-50 pages) and struc- 214

ture. However, almost all documents combine mul- 215

tiple visually-rich elements, like complex tables, 216

diagrams, images and pictograms, while also con- 217

taining whole paragraphs of text; see Figure 5 for 218

an example page from an oil analysis report. 219

We generate pluri-hop questions via a two-step 220

process. First, we manually create 2-7 single-hop 221

question-answer pairs per document, designed to 222

extract information from visually-rich elements (ta- 223

bles, diagrams) and reflect each report category’s 224

function. Second, an LLM aggregates these into 225

pluri-hop questions1 that should: 226

1. Require aggregating many single-hop answers 227

2. Be useful to a wind energy technician 228

3. Require exhaustive document search 229

4. Create high distractor presence (e.g., for doc- 230

uments from 2018-2022, use 2020-2022 for 231

questions and 2018-2019 as distractors) 232

If required, we manually correct the resulting 233

pluri-hop question-answer pairs and document ci- 234

tations, ensuring all criteria. 235

3.2 Document Analysis 236

Distractor density is a key challenge in real cor- 237

pora based on recurring reports. Distractors are 238

irrelevant passages which are semantically simi- 239

lar to relevant passages (for instance, because they 240

pertain to the wrong entity or time period). For 241

pluri-hop questions requiring the aggregation of 242

1We also instruct the LLM that each reference to a docu-
ment should be quoted with its filename. This is used when
calculating the efficacy of the cross-encoder filter.
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Sector Document Type Typical Question (pluri-hop)
Healthcare Lab results Across 2022–2024, what are Jane Doe’s lowest and

highest eGFR values, with dates?
Education Student progress report Which students failed two or more terms between

Fall 2022 and Spring 2025?
Energy & Utilities Turbine inspection report In windpark W03 (2022–2024), which turbine has

the most gearbox-wear reports (moderate+)?
Retail & Supply
Chain

Supplier compliance re-
port

Which suppliers had quality-check failures in 3+ sep-
arate audits (2022–2024)?

Legal & Contracts Compliance audit For Contract C-17 (2019–2025), which clauses were
ever marked non-compliant?

Table 1: Examples of pluri-hop questions about recurring-report corpora from various fields.

data across all documents, such distractors may sig-243

nificantly impair retrieval. Hence, their presence in244

benchmarks is crucial to generalise the findings to245

real-world performance.246

To quantify distractor density, we use dataset247

repetitiveness, i.e. how much text chunks resemble248

each other in a neighbourhood of size k. The repeti-249

tiveness at k (r@k) is defined as the average cosine250

similarity between each chunk’s embeddings and251

its k nearest neighbors:252

r@k =
1

N

N∑
i=1

1

k

k∑
j=1

cosine_sim(xi, xij), (1)253

where xi is chunk i and xij is its jth closest254

chunk.255

For this computation, we randomly sample N =256

100 documents from PluriHopWIND and 4 other257

multi-hop datasets (MultiHopRAG (Tang and Yang,258

2024), and the scientific, financial, and legal sub-259

sets of Loong (Wang et al., 2024)). Each document260

is chunked into segments of length 500 characters261

with 100 character overlap and embedded using262

OpenAI’s text-embedding-3-large model. We scan263

over k ∈ {1, 2, 5, 10, 20, 50}.264

As shown in Figure 2, PluriHopWIND exhibits265

8–20% higher repetitiveness at k = 2 compared to266

other datasets while at k = 50 the relative gap is 13–267

41%. Moreover, as k increases PluriHopWIND’s268

repetitiveness drops the least (13%), indicating that269

even large top-k retrieval returns highly semanti-270

cally similar distractors.271

These findings show that PluriHopWIND re-272

flects the distractor-rich structure of real recurring273

report corpora. Naive top-k approaches using simi-274

larity based global retrieval struggle in this setting.275

Figure 2: Chunk repetitiveness for PluriHopWIND,
Loong, and MultiHopRAG datasets

Instead, approaches that examine documents indi- 276

vidually offer a better alternative. 277

4 Model 278

4.1 Overview 279

Our RAG algorithm pseudocode is displayed in 280

Algorithm 1, and visualized in Figure 3. There are 281

3 main differences to a naive RAG pipeline: 282

1. Document-scope-based query decomposi- 283

tion (DecomposeQuery, line 1): instead of an- 284

swering a user’s question directly, we decompose it 285

into document-scope intermediate questions and 286

then aggregate the document-wise intermediate 287

answers. The decomposition is performed by an 288

LLM fine-tuned with synthetic examples, created 289

from documents and questions about them, see 290

below. In addition to the intermediate questions, 291

DecomposeQuery also generates a hypothetical 292

summary of a document that would be relevant 293

to answer the original question; this is used for 294

document-wise retrieval. Our query decomposition 295

method is explained further in the next subsection. 296
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Figure 3: Diagram of PluriHopRAG algorithm

Algorithm 1 Model Workflow
1 intermediate_questions,
hypothetical_summary ← Decompose-
Query(query)

2 candidate_docs← PerformSimilaritySearchOf-
Summaries(hypothetical_summary, metadata,
K)

3 intermediate_answers← [ ]
4 for all doc in candidate_docs do
5 doc_chunks← [ ]
6 for all question in intermediate_questions do
7 chunks ← SimilaritySearchChunks(doc,

question, k)
8 append chunks to doc_chunks
9 end for

10 relevance ← CalculateCrossEncoder-
Score(hypothetical_summary, doc_chunks)

11 if relevance > τ then
12 for all q in intermediate_questions do
13 answer ← AnswerIntermediateQuestion(q, doc,

doc_chunks)
14 append (q, answer) to intermediate_answers
15 end for
16 end if
17 end for
18 final_answer ← AggregateAn-

swers(intermediate_answers)

2. Document filtering using a cross encoder297

(CrossEncoderScore, lines 10-11). To minimize298

LLM token usage for highly exhaustive questions,299

we estimate each document’s relevance to the orig-300

inal question using a cross encoder model, before301

answering the intermediate questions about that302

document. We use the cross encoder to calculate303

the similarity between the hypothetical summary304

generated by DecomposeQuery, and the concate-305

nation of chunks retrieved for answering all in-306

termediate questions. If the similarity is below a307

certain threshold, the document is not considered308

for the question, see below for details.309

3. Two-step retrieval. We first retrieve can-310

didate documents by comparing document sum-311

maries to a hypothetical relevant document sum-312

mary from DecomposeQuery (line 2), then re-313

trieve chunks within each candidate document for314

each intermediate question (line 7).315

4.2 Query decomposition 316

One of the key ingredients of PluriHopRAG is 317

structure-aware query decomposition - rewriting 318

the original query into intermediate questions that 319

reflect how information is organized in the target 320

corpus. This step was motivated by two obser- 321

vations. First, the type of information explicitly 322

requested in a pluri-hop question often differs from 323

each document’s content. Second, pluri-hop ques- 324

tions implicitly express filter conditions and aggre- 325

gation instructions that must be disentangled. For 326

instance, the question "Has Jane Doe’s kidney func- 327

tion been steadily declining over the past 3 years?" 328

implicitly contains filter conditions (patient name, 329

time range), a document-level query (kidney func- 330

tion status), and an aggregation instruction (check 331

for decline over time). This can be retrieved by 332

answering these document-level questions: 333

1. Is the person this document talks about Jane 334

Doe? 335

2. When was this document written? 336

3. What does this document say about the pa- 337

tient’s kidney function? 338

In this scenario, query decomposition becomes 339

unnecessary if there is already a single document 340

containing Jane Doe’s 3-year kidney function trend. 341

In other words, the pluri-hop nature of a question 342

is contingent on how evidence is stored in docu- 343

ments which, in turn, the query decomposer needs 344

to understand. This understanding may come from 345

the base LLM’s general knowledge imbued during 346

pre-training, but for niche or closed domains it can 347

be introduced through supervised fine-tuning. We 348

propose a workflow where an LLM is fine-tuned 349

for the query decomposition task with fully LLM- 350

generated examples that are created from a subset 351

of the documents from the corpus. 352

To generate the examples, the LLM is fed tuples 353

consisting of a pluri-hop question and a document 354
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GPT-4o

Setting Precision Recall F1

Fine-tuned 0.48 0.39 0.36
Few-shot 0.50 0.31 0.30

Table 2: Comparison of PluriHopRAG performance on
PluriHopWIND with GPT-4o as base model, using a
fine-tuned vs. few-shot prompted query decomposer

relevant in answering it. It is instructed to355

1. Reason what information is relevant within356

the document to answer the question357

2. After the reasoning tokens, generate a list of358

questions to ask to an equivalent document359

that would be sufficient to extract all the rele-360

vant information361

The questions used to create the training set362

are generated via the same two-step pipeline as363

the dataset questions - by passing a set of single-364

document question-answer pairs to an LLM (see365

Section 3), but without answer verification as we366

only need the question. We use N = 100 questions367

and use OpenAI’s supervised finetuning service to368

fine-tune their GPT-4o model, with Nepochs = 3,369

learning rate multiplier = 2, and batch size = 1.370

4.3 Document filtering371

Given the exhaustive nature of pluri-hop questions,372

checking all documents with separate LLM calls373

would be prohibitively expensive. Therefore, we374

filter out irrelevant documents via cross-encoder375

filtering based on a commercial pre-trained model376

(Cohere Rerank 3.5) before LLM reasoning.377

Pre-trained reranking models are trained to es-378

timate the relevance of one passage of text to an-379

other (Gao et al., 2023). Here, the reranking model380

compares the hypothetical summary and the con-381

catenation of all chunks retrieved to answer the382

intermediate questions. We discard the entire docu-383

ment if the similarity score output by the reranking384

model between the hypothetical summary and re-385

trieved chunks is below some threshold (τ = 0.1).386

Compared to human labels of document rele-387

vance to PluriHopWind questions, this approach388

performs well, see Figure 4. The cross-encoder fil-389

ter correctly removes almost 50% of the documents390

manually assessed as irrelevant to each question.391

On the other hand, only 10% of relevant documents392

are removed, showing that the document filter re- 393

duces LLM token usage without a great impact on 394

document recall. 395

5 Experimental Setup 396

5.1 PluriHopWIND benchmark 397

We run our PluriHopWIND benchmark on our 398

PluriHopRAG model, as well as multiple promi- 399

nent competing RAG approaches: a graph-based 400

RAG (Edge et al., 2024), a multi-model RAG (Suri 401

et al., 2025), and a naive RAG baseline (Lewis 402

et al., 2020). We test multiple variations of naive 403

RAG, with two chunking methods (standard per- 404

character chunking & per-page chunking), as well 405

as cross-encoder reranking of chunks. 406

Indexing. We chunk the document text into 407

chunks with L = 500 characters each and l = 408

100 overlap between them, except for GraphRAG 409

(Edge et al., 2024) which indexes all data into a 410

knowledge graph. 411

PluriHopRAG. We retrieve all document sum- 412

maries (K > 198) and set a threshold of τ = 0.1 413

for the cross-encoder filter. 414

Naive RAG. We use a basic RAG pipeline (Gao 415

et al., 2023), augmented with a pre-trained rerank- 416

ing model (Cohere Rerank 3.5). We put each page’s 417

content into one chunk. We also try character-based 418

chunking and no reranking model in the Appendix. 419

GraphRAG and VisdomRAG. We use the pub- 420

lished code to run the models (Edge et al., 2024; 421

Suri et al., 2025). 422

Evaluation. We evaluate answers using 423

statement-wise precision, recall, and F1. For each 424

question, we split the reference answer into a set 425

of atomic statements G (gold statements), and the 426

model-generated answer into a set of atomic state- 427

ments P (predicted statements). 428

Precision =
|P ∩G|
|P |

, (2) 429

Recall =
|P ∩G|
|G|

, (3) 430

F1 =
2 |P ∩G|
|P |+ |G|

. (4) 431

The statement-level metrics, inspired by (Es 432

et al., 2025), are used instead of more common 433

token-level metrics (such as token-level F1) be- 434

cause they evaluate model outputs at a semantic 435

rather than surface level. This distinction is crucial 436

for PluriHopWIND, where gold standard answers 437
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Figure 4: Behavior of cross-encoder based document filter for the PluriHopWIND dataset. Left: Receiver Operator
Characteristic (ROC) curve for filter at different filter thresholds τ . Right: distribution of estimated document
relevance for relevant and irrelevant documents.

often span multiple sentences and can be expressed438

through many valid paraphrases.439

We split the answers into statements and evaluate440

the presence of a statement within an answer using441

GPT-5, with a few-shot prompt that is provided in442

the Appendix.443

5.2 Loong benchmark444

To demonstrate the general utility of PluriHopRAG,445

we also evaluate it on Loong (Wang et al., 2024).446

Loong is built on research papers, legal documents447

and financial reports. It emphasizes aggregation448

across many passages of text and high recall sensi-449

tivity. However, many questions break the exhaus-450

tiveness criterion of pluri-hop (stopping conditions451

do exist), offering an assessment of PluriHopRAG452

outside the class of questions it was designed for.453

Per domain, we reserve N = 100 questions454

for fine-tuning the query decomposer (keeping the455

same fine-tuning setup as for PluriHopWIND) and456

evaluate the model on the other 1300 questions. We457

use GPT − 4o, the best performing base model in458

the original comparison (Wang et al., 2024). The459

model hyperparameters are the same as for Pluri-460

HopWIND. The evaluation scheme is the same as461

in (Wang et al., 2024): an LLM judge (GPT-4)462

assigns a score of 1 to 100 based on accuracy, hal-463

lucinations, and completeness.464

6 Results465

The performance results of RAG models on Pluri-466

HopWIND and Loong are shown in tables 3 and 4,467

respectively. The main conclusions are as follows:468

PluriHopRAG achieves a significantly higher 469

answer F1 score than other tested models across 470

base LLMs. We see a 18% relative improvement 471

(0.4 to 0.47) in F1 score with Claude 4 Sonnet as 472

the base model and a 52% relative improvement 473

with GPT-4o (0.27 to 0.41). In both cases the sec- 474

ond best model is naive RAG with Cohere Rerank 475

3.5 as reranker, significantly outperforming naive 476

RAG without a reranking model. 477

PluriHopWIND offers a very difficult chal- 478

lenge for modern RAG systems. Despite its 479

modest size, PluriHopWIND exposes fundamental 480

weaknesses in modern QA systems when aggre- 481

gating data in an exhaustive fashion from repeti- 482

tive, distractor-rich report corpora - a set of require- 483

ments that is common in manufacturing, medicine, 484

finance and other fields. 485

PluriHopRAG generalizes well to other do- 486

mains, showing performance gains on Loong. 487

We report a 33% relative increase in performance 488

over long-context reasoning (passing full docu- 489

ments to LLM), a 52% increase over Naive RAG, 490

and 14% increase over the previously best perform- 491

ing RAG model (StructRAG). We note that Struc- 492

tRAG was only evaluated on a different base LLM, 493

but due to the expensive reinforcement learning 494

procedure required to train the model we deemed 495

evaluating it on GPT-4o prohibitively expensive. 496

6.1 Ablations 497

6.1.1 Fine-tuned query decomposition 498

We evaluate our model on PluriHopWIND with a 499

fine-tuned query decomposer and one based on the 500
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Method
Claude 4 Sonnet GPT-4o

Precision Recall F1 Precision Recall F1

PluriHopRAG 0.47 0.57 0.44 0.48 0.39 0.36
NaiveRAG 0.47 0.43 0.38 0.64 0.26 0.25
VisdomRAG 0.39 0.12 0.19 0.32 0.24 0.21
GraphRAG 0.34 0.36 0.30 0.40 0.22 0.21

Table 3: QA performance on PluriHopWIND. For NaiveRAG, the best configuration per base LLM is reported (see
Table 5 for details).

Method Base LLM Set 1 Set 2 Set 3 Set 4 Overall

- - 10K–50K 50K–100K 100K–200K 200K–250K –

PluriHopRAG GPT-4o 81.75 75.20 68.23 56.48 68.53
Long-context GPT-4o 70.40 58.38 46.95 31.11 51.71
NaiveRAG GPT-4o 50.55 49.96 45.99 33.82 45.08

StructRAG Qwen2-72B 69.43 60.95 57.92 51.42 59.93
RQ-RAG Qwen2-72B 53.51 47.09 40.93 31.91 43.36
GraphRAG Qwen2-72B 40.82 33.06 33.28 23.47 32.66

Table 4: QA performance on the Loong benchmark (Wang et al., 2024). StructRAG, RQ-RAG, and GraphRAG
results are taken from (Li et al., 2024), long-context and NaiveRAG results are taken from (Wang et al., 2024).

base version of GPT-4o, only adding a few-shot501

prompt with N = 2 examples from the training502

set of the query decomposer. The results are in503

Table 2 - fine-tuning adds a 20% relative increase504

in F1 score. Comparing the few-shot version to505

other models from Table 3, it is evident that fine-506

tuning is crucial to achieve noticeable performance507

increases over baseline models. This adds weight to508

our claim that the basic logic of how information is509

laid out in document corpora can be imbued using510

fine-tuning with very modest training set sizes.511

7 Conclusion512

In this work, we formalized the notion of pluri-hop513

questions - queries that possess both high recall514

sensitivity, exhaustiveness (no clear stopping con-515

dition), and exactness (factual questions with an516

unambiguously best answer). Such questions arise517

naturally in domains with recurring report data but518

they are poorly represented in existing benchmarks.519

To study this challenge, we developed PluriHop-520

WIND, a diagnostic dataset constructed from real521

wind industry technical reports. Its design empha-522

sizes distractor-heavy, repetitive corpora that can-523

not fit within an LLM’s context window, thereby524

replicating the practical difficulties of answering525

pluri-hop questions. Using our proposed intersim-526

ilarity measure of distractor density, we showed 527

that PluriHopWIND more closely resembles real- 528

istic pluri-hop scenarios than comparable bench- 529

marks. By focusing on distractor density during 530

dataset construction, we managed to showcase fail- 531

ure modes of RAG systems in realistic scenarios 532

despite its modest size. 533

We also presented PluriHopRAG, a retrieval ar- 534

chitecture tailored to the pluri-hop setting. Its 535

core insight is that effective query decomposi- 536

tion must reflect corpus-specific document struc- 537

ture—knowledge that can be learned from a few 538

synthetic examples without manual annotation. 539

Combined with cross-encoder filtering for exhaus- 540

tive but cheap document coverage, PluriHopRAG 541

achieves relative F1 gains of 18-52% on PluriHop- 542

WIND depending on the base LLM, and general- 543

izes to financial, legal, and research domains with 544

notable gains on the Loong benchmark. 545

Together, these contributions extend the RAG 546

literature in three directions: (1) formalizing pluri- 547

hop questions as a distinct category from traditional 548

multi-hop reasoning, (2) providing a dataset exem- 549

plifying the challenges of real-world recurring re- 550

port corpora, and (3) demonstrating that learning 551

document structure enables more effective retrieval 552

for exhaustive, recall-sensitive question answering. 553
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8 Limitations554

While our study introduces new concepts and meth-555

ods for pluri-hop QA, it also comes with limita-556

tions:557

Dataset size and coverage. PluriHopWIND558

contains 191 documents and 48 questions, which559

is modest compared to other QA benchmarks (Ho560

et al., 2020; Yang et al., 2018; Wolfson et al., 2025;561

Wang et al., 2024; Lin, 2025). Given the high repet-562

itiveness of the dataset, we believe this size is suffi-563

cient for a showcase of the difficulty of pluri-hop564

QA and the shortcomings of top-k retrieval for this565

question type. Nevertheless, broader validation566

across larger and more diverse corpora is necessary567

to advance in this space.568

Incomplete comparison to StructRAG The569

best-performing model on Loong to date has been570

StructRAG (Li et al., 2024), which has only been571

evaluated on Loong with Qwen 2-72b as the base572

LLM. We focussed on evaluating PluriHopRAG on573

the best performing base LLM among those tried in574

(Wang et al., 2024). Due to the Direct Preference575

Optimization procedure used in StructRAG, we576

deemed training the model on GPT-4o for Loong577

too expensive.578
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A LLM Prompts667

A.1 Question Decomposition668

Prompt: Question Decomposer (Base Version)

I have a RAG application. Given a question
about one or multiple documents, determine:
1. A hypothetical summary of the document (or
one of the documents) that would be relevant to
answer the question (max 100 tokens). 2. A set
of questions to ask to the document(s) to retrieve
all information needed to answer the question.

Rules:

• Sometimes multiple documents are needed
to answer the question. So a question about
a trend could be answered either with a
document describing this trend (if such a
document exists, usually it doesn’t), or with
multiple documents describing the current
situation and the trend could be inferred.
Therefore, the questions should take both
possibilities into account.

• Try to get all needed information with as
few questions as possible, minimizing over-
lap.

Return in JSON format, without markdown
code block formatting, as follows: {{’hypotheti-
cal_summary’: str, ’questions’: list[str]}}

669

A.2 Document-level Answering670

Prompt: Document Answer Generator

You are a wind energy expert. Given one or
multiple questions, answer all of them using the
provided context. All the context comes from
one document.
Return in JSON format, without markdown code
block formatting, with key ’answers’ and value
list of strings.

Inputs: Questions: {questions} Context: {con-
text}

671

Prompt: Page Group Answer Aggregator

I tried to answer multiple questions using indi-
vidual pages or groups of pages from a docu-
ment. Given the answers based on each page,
construct the correct answers based on the whole
document.
Return in JSON format, without markdown code
block formatting, with key ’answers’ and value
a list of strings.
Do not omit any relevant details.

Inputs: Questions: {questions} Answers: {an-
swers}

672

A.3 Corpus-level Aggregation 673

Prompt: Answer Aggregator

A question was asked about some document(s).
This question was split into intermediate ques-
tions, and these intermediate questions were an-
swered with one or multiple documents as con-
text.
Given the original question, the intermediate
questions, and each document’s answer to the in-
termediate questions, construct the final answer
to the original question (in the language of the
original question).
Only include information that directly answers
the original question. If that means omitting
some information from the intermediate an-
swers, that’s fine. Don’t explain how you arrived
at the answer.
After each fact, put a reference to the document
with [Document <document_index>]. If a fact
comes from multiple documents, reference them
like [Document <1>], [Document <2>], etc.,
instead of [Document 1, 2].
After you construct the final answer, also return a
list of documents which were relevant to answer
the question (i.e. all documents you referenced,
in ascending order of index).
The output should be in JSON format.

Example Output: {{’answer’: ’example an-
swer’, ’relevant_documents’: [3, 5, 6]}}

Your Task:
Original Question: {original_question} Interme-
diate Questions: {intermediate_questions} Doc-
ument Answers: {document_answers}
Final Answer (RETURN IN JSON, without
markdown code block formatting):

674
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A.4 Evaluation - Statement Splitting675

676
Prompt: Statement Splitter (for Answers)

Below is a question and answer. I want to split
the answer into statements in such a way, that
I can recreate the answer (or a paraphrased ver-
sion) by using the question and the statements,
while keeping the statements as few and as short
& simple as possible. If it makes sense, the
statements should be key-value pairs (with keys
and values as strings), otherwise they should be
strings. The whole answer should be in json
format, in the following format:
{
"1": <statement_1>,
"2": <statement_2>,
...
}
Below are some rules to follow: 1. There should
be as few statements as possible, and they should
be as simple as possible, to still recreate the
answer (or a paraphrased version of the answer)
using BOTH the question and statements.
Example:
Question:
Are there any anomalies in the oil report for
wind turbine 123?
Answer:
Yes there are 2 anomalies in the oil report for
wind turbine 123: the chrome level is too high
and the magnesium level too high.
Bad outcome:
{
"1": {"turbine": "123"} # this statement isn’t
necessary to recreate the answer because the
turbine id can be found in the question
"2": {"number of anomalies in oil report": "2"}
# it’s unnecessary to write "oil report" because
the document type can be found in the question
"3": {"anomaly": "chrome level too high"}
"4": {"anomaly": "magnesium level too high"}
}
Desired outcome:
{
"1": {"number of anomalies": "2"},
"2": {"anomaly": "chrome level too high"},
"3": {"anomaly": "magnesium level too high"}
}
2. If the statement is a string, it should be max 1
short sentence. If it is a key-value pair, the value
must be max 1 short sentence.

677

Example:
"Conclusion: Chromium levels high. Continue
monitoring to observe further trends"
Desired behaviour:
{
"1": {"Conclusion": "Chromium levels high"},
"2": {"Conclusion": "Continue monitoring to
observe further trends"}
}
3. If an answer is refused because relevant con-
text couldn’t be found, and alternative questions
are suggested to avoid this, this should be inter-
preted as zero statements. If the answer is that
relevant context couldn’t be found, but the irrel-
evant context is talked about anyway, the answer
should be treated like any other.
4. If the answer contains references to docu-
ments via their filenames, this should be ignored
and not included in the inferred statements.
Question:
{question}
Answer:
{answer}

678

A.5 Evaluation - Statement Comparison and 679

Counting 680

Prompt: Statement Counter and Comparator

An answer to a question was split into statements.
You need to compare this answer to another, ref-
erence, answer. For each statement, determine
SEPARATELY if the *exact* statement can be
directly implied from the reference answer (not
the original answer)?. Respond in json format,
where for each statement the key is the state-
ment index and the value is a bool that is true if
you can infer the statement from the text, false
otherwise. Also have a key-value pair where the
key is "inferred_statements" and the value is the
number of keys in the dictionary with value true.
EXAMPLE: Answer: In the past 5 years, the
repairs on wind turbine 123 have occured 4
times: on 2020.05.01, 2021.05.02, 2022.05.04,
and 2023.05.04.
Statements: [’{{number of repairs’: ’4’}}’,
’{{repair date’: ’2020.05.01’}}’, ’{{repair date’:
’2021.05.02}}’, ’{{repair date’: ’2022.05.04}}’,
’{{repair date’: ’2023.05.04}}’]
Reference text: There were 5 repairs conducted
in the past 5 years: on 2020.05.01, 2021.05.02,
2022.05.03, 2023.05.04, and 2024.05.05.

681
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EXAMPLE OUTPUT: {’1’: false, ’2’: true, ’3’:
true, ’4’: false, ’5’: true, ’inferred_statements’:
3}
YOUR TASK:
Answer: {text}
Statements: {statements}
Reference text: {reference_text}

682

A.6 Naive RAG hyperparameter comparison683

Here we evaluate different variants of Naive RAG684

on PluriHopWIND. We compare the performance685

of Naive RAG for two different chunking methods686

- one chunk per page, and chunks of equal size687

(L = 500, l = 100) - and with/without reranking688

model (selecting k′ = 20 chunks out of k = 80).689

The results are in Table 5 - per-page chunking with690

reranking performs best, and is thus selected for691

the RAG model comparison.692
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Figure 5: Typical report in the PluriHopWIND dataset
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NaiveRAG Variant
Claude 4 Sonnet GPT-4o

Precision Recall F1 Precision Recall F1

Per-page chunking 0.50 0.30 0.26 0.75 0.14 0.14
Per-page chunking + rerank 0.48 0.47 0.40 0.62 0.26 0.27
Char-count chunking 0.47 0.18 0.17 0.81 0.10 0.12
Char-count chunking + rerank 0.44 0.36 0.31 0.65 0.21 0.21

Table 5: NaiveRAG ablation over chunking strategy and reranking. Reranking consistently improves recall and F1
across base LLMs, while optimal chunking differs by model.
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