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Abstract001

Retrieval-augmented generation (RAG) has002
emerged as an effective paradigm for ground-003
ing large language models in external knowl-004
edge, yet most existing RAG systems assume005
centralized knowledge access and ample compu-006
tation. These assumptions break down in edge007
environments, where knowledge is fragmented008
across devices, raw data cannot be shared, and009
repeated LLM calls are prohibitively expensive.010
We propose FD-RAG, a federated dual-system011
RAG framework that decouples lightweight012
memory access from on-demand LLM reason-013
ing for decentralized deployment. Specifically,014
FD-RAG learns semantic-aware adaptive hyper-015
graphs over local corpora and distills them into016
compact QAmemories. At inference time, it an-017
swers well-covered queries via direct memory018
matching and invokes LLM-based reasoning019
only when necessary, while tracing retrieved020
memories to hypergraph-grounded evidence.021
To mitigate cross-device knowledge fragmenta-022
tion, FD-RAG further aggregates anonymized023
memories across devices without exposing024
raw documents. Experiments on standard QA025
benchmarks show that FD-RAG improves accu-026
racy by up to 7.8% while reducing latency by027
8.4× compared with strong local and federated028
baselines. We also provide theoretical analysis029
establishing an O(1/ε2) convergence rate for030
the proposed hypergraph learning, supporting031
its tractable deployment in edge settings.032

1 Introduction033

Retrieval-Augmented Generation (RAG) (Lewis034

et al., 2020b) has emerged as a standard paradigm035

for grounding large language models (LLMs) in036

external knowledge, achieving strong performance037

on knowledge-intensive tasks. However, its effec-038

tiveness implicitly relies on a centralized setting039

where both knowledge and computation are read-040

ily accessible (Oche et al., 2025). This assump-041

tion rarely holds in practice. In real-world domains042

such as healthcare, finance, and law, knowledge is043

inherently distributed across institutions and edge 044

devices, data sharing is restricted by privacy and 045

regulation (Xu et al., 2025), and inference must op- 046

erate under stringent constraints on computation 047

and latency. These challenges necessitate a new 048

paradigm in which RAG operates directly on edge 049

devices while respecting data locality. 050

Extending RAG to such environments introduces 051

fundamental challenges. Existing approaches (Luo 052

et al., 2025; Edge et al., 2024) rely heavily on 053

LLMs throughout the pipeline, using them not 054

only for reasoning but also for knowledge con- 055

struction and query understanding. This design 056

becomes fragile when deployed with small lan- 057

guage models (SLMs), which are typical in edge set- 058

tings: knowledge construction degrades (Fan et al., 059

2025), complex queries are handled less reliably, 060

and repeated model invocations incur prohibitive 061

latency (Liu et al., 2024). Moreover, most RAG 062

frameworks assume access to a unified knowledge 063

repository (Gao et al., 2023). In decentralized envi- 064

ronments, knowledge is fragmented across devices, 065

leaving each node with incomplete coverage, partic- 066

ularly for queries requiring evidence from multiple 067

sources (Chakraborty et al., 2025). As a result, ex- 068

isting systems struggle to simultaneously achieve 069

efficiency and completeness in edge scenarios. 070

We argue that these limitations stem from treat- 071

ing retrieval and reasoning as a monolithic process 072

mediated by language models, without explicitly 073

accounting for their distinct computational roles. In- 074

spired by Dual-Process Theory (Kahneman, 2003), 075

which distinguishes fast, memory-based responses 076

(System 1) from slower, deliberative reasoning (Sys- 077

tem 2), we propose to decouple these two modes 078

in RAG. This leads to Federated Dual-System 079

RAG (FD-RAG), a unified framework that sep- 080

arates lightweight memory access from selective 081

reasoning, enabling efficient and expressive knowl- 082

edge utilization under resource constraints. 083

At the knowledge construction level, FD-RAG 084
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constructs a lightweight yet expressive knowledge085

structure via semantic-aware hypergraph learning,086

capturing higher-order relations without expensive087

extraction. This structure is further distilled into088

question–answer (QA) memories, serving as a com-089

pact interface for efficient access. At the infer-090

ence level, FD-RAG introduces two complemen-091

tary modules: a Memorizer, which directly resolves092

queries well covered by QA memory through effi-093

cient matching, and a Cognizer, which selectively094

invokes LLM-based reasoning over hypergraph-095

grounded evidence for more complex queries. To096

address knowledge fragmentation, FD-RAG further097

incorporates a federated memory aggregation mech-098

anism, enabling multiple devices to collaboratively099

improve coverage without sharing raw data. Our100

main contributions are as follows:101

• We propose FD-RAG, a dual-system RAG102

framework for edge environments that de-103

couples memory-based retrieval and selective104

LLM reasoning, enabling collaborative knowl-105

edge utilization across distributed devices.106

• We introduce a semantic-aware hypergraph107

learning approach for constructing lightweight108

yet expressive knowledge structures, and de-109

rive compact QA memories for efficient infer-110

ence under resource constraints.111

• Experiments on standard QA benchmarks112

show that FD-RAG improves accuracy by up113

to 7.8% while reducing latency by a factor114

of 8.4×. We further prove that the proposed115

hypergraph learning procedure achieves an116

O(1/ε2) convergence rate, providing theoreti-117

cal guarantees for its efficiency and stability.118

2 Related Work119

Retrieval-Augmented Generation. Recent RAG120

research has moved beyond the standard retrieve-121

then-generate pipeline to better support complex122

question answering, primarily through iterative re-123

trieval and structured knowledge modeling (Jin124

et al., 2024; Li et al., 2024b). Iterative retrieval125

methods improve evidence coverage by interleav-126

ing retrieval, generation, and query reformulation,127

but their repeated reliance on large language mod-128

els often incurs substantial latency and computa-129

tional cost (Liu et al., 2025; Asai et al., 2023).130

Another line of work organizes evidence with ex-131

plicit structures, including trees (Sarthi et al., 2024),132

graphs (Gutiérrez et al., 2025; Li et al., 2024a),133

and more recently hypergraphs (Luo et al., 2025). 134

Compared with trees and graphs, hypergraphs can 135

capture higher-order semantic relations beyond pair- 136

wise dependencies, making them particularly ap- 137

pealing for complex reasoning. However, existing 138

structured RAGmethods typically rely on expensive 139

knowledge construction, large context windows, or 140

strong semantic reasoning capabilities, which lim- 141

its their suitability for small models in resource- 142

constrained edge settings. Although efficiency- 143

oriented methods such as EfficientRAG reduce part 144

of the computational burden (Zhuang et al., 2024), 145

how to preserve the benefits of structured knowl- 146

edge while enabling efficient, low-latency inference 147

on edge devices remains largely underexplored. 148

Federated Retrieval-Augmented Generation. 149

Federated RAG extends RAG (Lewis et al., 2020a) 150

to settings where knowledge is inherently dis- 151

tributed across silos and cannot be centralized due 152

to privacy or regulatory constraints. Existing work 153

mainly explores two complementary directions. 154

One line of research focuses on federated retrieval, 155

enabling cross-silo access via routing or aggrega- 156

tion mechanisms (Wang et al., 2024; Guerraoui 157

et al., 2025; Xu, 2024; Zhao, 2024), but still relies 158

on centralized coordination, limiting system auton- 159

omy and flexibility. Another line integrates RAG 160

with federated learning, jointly optimizing model 161

parameters across clients (He et al., 2025; Liang 162

et al., 2026; Fajardo et al., 2025), yet incurs sub- 163

stantial communication and computation overhead 164

due to frequent parameter exchange. Despite these 165

advances, prior work largely overlooks collabora- 166

tion at the knowledge level, hindering support for 167

dynamic, unstructured, and semantically rich RAG 168

scenarios in fully decentralized environments. 169

3 Preliminaries 170

3.1 Hypergraph 171

A hypergraph is defined as H = (V, E), where 172

V = {v1, . . . , vN} denotes the set of nodes, and 173

E = {e1, . . . , eM} denotes the set of hyperedges, 174

each connecting a subset of nodes in V . 175

The structure of the hypergraph is represented 176

by an incidence matrix H ∈ RN×M , where Hnm 177

indicates the membership of node vn in hyperedge 178

em: 179

Hnm =

{
1, if vn ∈ em,

0, otherwise.
(1) 180
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Figure 1: Overview of FD-RAG. We organize each local corpus into a semantic hypergraph and convert hyperedges
into grounded QA memories. At inference time, the Memorizer answers high-confidence queries via direct memory
matching, while the Cognizer retrieves structured evidence from supporting hyperedges and performs LLM-based
reasoning. Local memories can be anonymized and aggregated across devices under federated constraints.

3.2 Problem Formulation181

Let Z = {Zk}Kk=1 be a set of edge devices, where182

each device Zk holds a local corpus Tk and a col-183

lection of user queries Qk = {qkl}Nk
l=1. We aim184

to build a federated RAG system M that enables185

each device to produce accurate answers without186

exposing its local data or queries. Specifically, the187

answer to query qkl is generated as:188

akl = Mk(qkl; Tk, G) , G =
K⋃
k=1

Γk, (2)189

where Γk is an anonymized, shareable knowledge190

summary distilled from Tk, and G aggregates cross-191

device knowledge without centralizing raw data.192

We seek Pareto-optimal solutions that maximize193

answer accuracy U =
∑

k,l Acc(akl) and minimize194

end-to-end latencyL under knowledge-sharing con-195

straints:196

max
M, {Γk}

[
U , −L(M)

]>
s.t. Γk = Φ(Tk), ∀ k ∈ [K],

(3)197

where Φ(·) denotes local knowledge distillation.198

This formulation captures the accuracy–latency199

trade-off while restricting federation to distilled200

knowledge. The solutions lie on the Pareto fron-201

tier (Hochman and Rodgers, 1969), enabling prin-202

cipled trade-offs in resource-constrained edge envi-203

ronments.204

4 Federated Dual-System RAG 205

In this section, we present FD-RAG, which consists 206

of three components: Hypergraph-based Memory 207

Construction (Section 4.1), Dual-System Inference 208

(Section 4.2), and Federated Knowledge Aggrega- 209

tion (Section 4.3), as illustrated in Figure 1. Con- 210

cretely, FD-RAG first constructs a semantic hyper- 211

graph over the local corpus and distills it into a 212

set of hyperedge-grounded QA memories. Dur- 213

ing inference, the Memorizer resolves queries with 214

sufficient memory coverage via direct matching, 215

while the Cognizer handles harder queries by local- 216

izing relevant hyperedges and invoking LLM-based 217

reasoning over the structured evidence. Cross- 218

device knowledge gaps are addressed by sharing 219

anonymized memories under federated constraints. 220

We describe each component in detail below. 221

4.1 Hypergraph-based Memory Construction 222

Semantic-Aware Hypergraph Learning. To 223

capture higher-order semantic relations across text 224

units without relying on costly extraction proce- 225

dures, we learn the corpus structure directly from 226

dense semantic representations. 227

A central design consideration is representational 228

granularity: sentence-level units provide precise, 229

localized anchors suitable for fact-level memory, 230

while paragraph-level units preserve broader dis- 231

course context necessary for multi-hop and com- 232
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positional reasoning. To capture both, we segment233

the local corpus T into paragraph-level units P =234

{pi}Ii=1 and sentence-level units S = {sj}Jj=1, and235

encode them with a pre-trained dense encoder (e.g.,236

BGE-M3 (Chen et al., 2024)), yielding embedding237

matrices EP ∈ RI×D and ES ∈ RJ×D, where D238

denotes the embedding dimension.239

For each granularity t ∈ {p, s}, letXt ∈ RNt×D240

denote the node embedding matrix, where Xp =241

EP and Xs = ES . We introduce M t learnable242

hyperedges and optimize a soft incidence matrix243

Ĥt ∈ [0, 1]Nt×Mt , where Ĥt
nm measures the as-244

sociation degree between node n and hyperedge245

m. Each row is constrained to a probability sim-246

plex (Boyd and Vandenberghe, 2004) to ensure in-247

terpretable membership:248

Mt∑
m=1

Ĥt
nm = 1, Ĥt

nm ≥ 0. (4)249

We then sparsify Ĥt by retaining only assign-250

ments above a threshold µ, yielding a compact inci-251

dence matrix Ht. The prototype of each hyperedge252

etm is computed as the weighted mean of its incident253

node embeddings:254

etm =

∑Nt
n=1H

t
nm xtn∑Nt

n=1H
t
nm

∈ RD, (5)255

where xtn denotes the embedding of node n at gran-256

ularity t.257

We optimize the hyperedge assignments via two258

complementary objectives (Shang et al., 2024). The259

intra-hyperedge term enforces semantic compact-260

ness within each hyperedge:261

Lt
intra =

1

M t

Mt∑
m=1

1

|N (etm)|
∑

xt
n∈N (etm)

‖xtn − etm‖2,

(6)262

where N (etm) denotes the node set incident to etm.263

The inter-hyperedge term regulates the global geom-264

etry of hyperedge prototypes: rather than enforcing265

indiscriminate separation, it attracts semantically266

similar hyperedges while repelling dissimilar ones:267

Lt
inter =

1

(M t)2

Mt∑
i=1

Mt∑
j=1

(
ρij‖eti−etj‖2

+ (1− ρij)max
(
γ − ‖eti − etj‖2, 0

))
,

(7)268

where ρij denotes the cosine similarity (Salton,269

1989) between hyperedge prototypes eti and etj , and270

γ is a margin hyperparameter. The overall objective 271

balances local compactness and global discrimina- 272

tion: 273

Ltotal =
∑

t∈{p,s}

(
λLt

intra + (1− λ)Lt
inter

)
. (8) 274

Here, λ ∈ [0, 1] balances the intra-hyperedge and 275

inter-hyperedge terms. 276

After optimization, paragraph-level hyperedges 277

Ep and sentence-level hyperedges Es jointly form 278

the overall hyperedge set E = Ep ∪ Es with M = 279

|E|. Each hyperedge em ∈ E is associated with 280

a set of text units C(em) from the original corpus, 281

enabling the downstream inference framework to 282

retrieve the corresponding textual evidence. 283

Proposition 1. (Stationarity of Hyperedge Assign- 284

ment Learning.) Under L-smoothness of Ltotal, 285

the simplex-constrained optimization of the soft in- 286

cidence matrix Ĥt attains an ε-stationary point 287

in O(1/ε2) iterations. The proof, tailored to the 288

probability-simplex constraints of our hyperedge 289

assignment formulation, is provided in Appendix A. 290

QA Memory Construction. To expose the hy- 291

pergraph as an efficient memory interface, we con- 292

vert each hyperedge into a set of retrieval-oriented 293

QA memories. For each hyperedge em ∈ E , we 294

first derive a typed fact set from its associated con- 295

text C(em) using a lightweight spaCy-based extrac- 296

tor (Honnibal et al., 2020), providing a comprehen- 297

sive factual basis for subsequent QA generation: 298

Fm = 〈(u1, v1), (u2, v2), . . . , (uTm , vTm)〉, (9) 299

where ut denotes a textual fact span and vt its se- 300

mantic type. This design delegates raw-corpus fact 301

extraction to an efficient traditional NLP pipeline, 302

preserving localized evidence while reducing the 303

burden on the language model. Conditioned on Fm 304

and C(em), we then use a local language model 305

to synthesize hyperedge-grounded QA memory 306

items (see Appendix E for the prompt template). 307

This keeps the offline memory construction stage 308

lightweight and well suited to edge deployment. 309

Formally, 310

Γ =

M⋃
m=1

{γrm = (qrm, arm, Sr
m)}Rm

r=1 , (10) 311

where qrm and arm denote the r-th question–answer 312

pair grounded in hyperedge em, and Sr
m ⊆ E is 313

the supporting hyperedge set, with em ∈ Sr
m re- 314

quired. Additional hyperedges are included when 315
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the question involves cross-hyperedge composition,316

naturally accommodating both fact-level memories317

(|Sr
m| = 1) and multi-hop memories (|Sr

m| > 1).318

The resulting memory Γ serves as a structured ac-319

cess layer over the underlying semantic hypergraph320

rather than an independent synthetic QA pool. Each321

memory item maintains explicit links to its support-322

ing hyperedges, preserving traceability to the origi-323

nal graph structure. During downstream inference,324

the model can answer directly from memory when325

the stored information is sufficient, or retrieve struc-326

tured evidence from the hypergraph when more327

elaborate reasoning is required.328

4.2 Dual-System Inference Framework329

Queries exhibit heterogeneous reasoning demands:330

well-covered queries can be answered via direct331

memory matching, while complex ones require332

structured retrieval and LLM-based reasoning.333

Uniform LLM usage incurs unnecessary latency,334

whereas LLM-free methods sacrifice accuracy. To335

balance this trade-off, we propose a dual-system336

inference framework that routes queries based on337

their coverage under the QA memory Γ.338

Unified Matching Score. To quantify mem-339

ory coverage, we score each candidate γr =340

(qr, ar,Sr) ∈ Γ against the user query q by com-341

bining two complementary signals. Dense seman-342

tic similarity alone may miss structural alignment343

on entity-centric queries, while structural overlap344

alone is brittle when surface forms vary. Their com-345

bination yields a robust, low-cost coverage estimate:346

Score(q, γr) = α Sim
(
f(q), f(qr)

)
+ (1− α) Cover(q,Sr)

(11)347

where f(·) is a dense text encoder, α ∈ [0, 1] bal-348

ances the two signals, and349

Cover(q,Sr) =
2|Aq ∩ Ar|
|Aq|+ |Ar|

(12)350

measures the Dice overlap between the query an-351

chor set Aq (salient named entities, noun phrases,352

and typed concept spans extracted from q) and the353

support anchor setAr =
⋃

e∈Sr
A(e) derived from354

the typed facts of each supporting hyperedge.355

Memorizer: Memory-Triggered Fast Thinking.356

For queries that are well-covered by memory, re-357

peated LLM invocation is wasteful: the answer is358

already latent in the stored QA pairs. The Memo-359

rizer therefore identifies the best-matched item360

r∗ = argmax
r

Score(q, γr), (13)361

and directly returns ar∗ whenever Score(q, γr∗) ≥ 362

δ, bypassing LLM inference entirely. This fast path 363

eliminates the dominant source of latency for the 364

majority of queries while preserving answer fidelity, 365

as the retrieved answer is grounded in hyperedge- 366

verified evidence from the construction phase. 367

Cognizer: Hyperedge-Grounded Slow Thinking. 368

When Score(q, γr∗) < δ, direct memory matching 369

is insufficient as the query may require composi- 370

tional reasoning across multiple evidence pieces 371

that no single memory item can cover. Rather than 372

falling back to full-corpus retrieval, the Cognizer 373

reuses the memory layer as a localization interface: 374

the top-K items Rq = TopK(q,Γ) are retrieved, 375

and their supporting hyperedges are aggregated as 376

Eq =
⋃

γr∈Rq

Sr. (14) 377

For each e ∈ Eq, the source context C(e) and typed 378

fact setF(e) are assembled into structured evidence 379

units ze =
(
C(e),F(e)

)
, over which the LLM rea- 380

sons using the prompt in Appendix E: 381

Zq = {ze | e ∈ Eq},
â = LLM

(
q,Zq

)
.

(15) 382

This design is critical for edge deployment: by 383

confining LLM reasoning to a small, hyperedge- 384

selected evidence set rather than the full corpus, 385

the slow path achieves targeted inference without 386

sacrificing compositional reasoning capability. 387

4.3 Federated Knowledge Aggregation 388

Local corpora on individual devices are inherently 389

incomplete, and evidence for a query may be dis- 390

tributed across devices rather than available to any 391

single one. To mitigate this knowledge fragmenta- 392

tion, FD-RAG performs federation at the memory 393

level: each device shares QA memories distilled 394

from its local hypergraph, while raw corpora and 395

full hypergraph structures remain on device. 396

Local Memory Export. Each device k constructs 397

a local semantic hypergraph Hk and QA memory 398

Γk from its corpus Tk (Section 4.1). For federa- 399

tion, the device uploads a shareable memory view 400

derived from Γk. In privacy-sensitive settings, sen- 401

sitive entities in the typed facts (Eq. 9) are perturbed 402

via randomized response (Warner, 1965) to satisfy 403

ε-LDP (Dwork, 2008). To preserve semantic utility, 404

each entity e is replaced with a surrogate sampled 405

from a candidate setW (|W | = c) containing e and 406

c− 1 semantically similar alternatives. 407
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Proposition 2. (ε-LDP Perturbation Mechanism.)408

Given a sensitive entity e with candidate set W =409

{e, w1, . . . , wc−1} of semantically similar alterna-410

tives, the perturbation mechanism411

Pr[e′ | e] =


eε

eε + c− 1
, e′ = e,

1

eε + c− 1
, e′ ∈ W, e′ 6= e,

(16)412

satisfies ε-local differential privacy. Proof in Ap-413

pendix B.414

This mechanism preserves utility while obfus-415

cating device-specific identifiers. The anonymized416

memory is defined as417

Γ̃k = Anonymize(Γk). (17)418

Global Memory Fusion. Given uploads419

{Γ̃k}Kk=1, the server aggregates them into a global420

memory bank:421

Γg =
K⋃
k=1

Γ̃k. (18)422

Because different devices often contain complemen-423

tary evidence, Γg extends the coverage of any single424

device. It improves the Memorizer by increasing425

the chance of high-confidence matches, and assists426

the Cognizer by providing cross-device cues for427

localizing the hyperedges most likely to contain the428

required evidence. Federation therefore serves pri-429

marily as knowledge-level collaboration to reduce430

fragmentation, while privacy protection remains an431

enabling safeguard for sensitive deployments.432

5 Experiments433

We evaluate FD-RAG from three complementary434

perspectives. RQ1: How does FD-RAG compare435

with representative baselines in overall answer qual-436

ity and efficiency under both local and federated set-437

tings? RQ2: How does the proposed Dual-System438

inference mechanism balance the Memorizer and439

the Cognizer, and does it provide a better accuracy–440

efficiency trade-off than always using either path441

alone? RQ3: Are the main design choices in FD-442

RAG all necessary, and how does removing each443

component affect answer quality and latency?444

5.1 Experimental Setup445

Benchmarks. We follow the benchmark selection446

used in Jiang et al. (2024), evaluating our method447

on HotPotQA (Yang et al., 2018), 2WikiMQA (Ho448

et al., 2020), and MuSiQue (Trivedi et al., 2022). 449

For consistency in evaluation protocol, we adopt 450

the experimental settings introduced in Long- 451

Bench (Bai et al., 2024). 452

Dataset Construction. We evaluate all methods 453

under two settings. (1) Local setting: Each query 454

is assigned to a home client whose local document 455

store contains all of its gold supporting documents 456

D+(q), so that no cross-silo retrieval is required to 457

answer it. Since conventional RAG baselines are 458

not designed with a decentralized protocol, eval- 459

uating them under the federated setting would in- 460

troduce an inherent architectural disadvantage; we 461

therefore restrict their evaluation to this setting to 462

ensure a fair and controlled comparison. (2) Fed- 463

erated setting: Following prior work (Wang et al., 464

2024), we partition the corpus into disjoint subsets 465

assigned to different clients, simulating a multi-silo 466

environment. For each query q, we define it as local 467

if all documents inD+(q) reside on its home client, 468

and cross-silo otherwise. This protocol preserves 469

the original QA pairs while introducing controlled 470

distribution of supporting evidence across clients. 471

Unless otherwise specified, all methods share the 472

same document partition and query assignment on 473

each dataset. Detailed dataset statistics are provided 474

in Appendix C. 475

Evaluation Metrics. We report accuracy (ACC), 476

F1, and average end-to-end latency per query as pri- 477

mary metrics. Latency is measured on device from 478

query receipt to final answer generation and aver- 479

aged over the evaluation set. We further report the 480

average number of LLM calls per query to charac- 481

terize inference cost. In federated settings, metrics 482

are computed per client and averaged across clients. 483

Baselines. We compare FD-RAG against three 484

groups of baselines. (1) RAG baselines: Vanilla 485

RAG (Lewis et al., 2020b), LongRAG (Jiang et al., 486

2024), IterDRAG (Yue et al., 2025), Efficien- 487

tRAG (Zhuang et al., 2024), RAPTOR (Sarthi 488

et al., 2024), GraphRAG (Edge et al., 2024), Hip- 489

poRAG 2 (Gutiérrez et al., 2025), and Hyper- 490

GraphRAG (Luo et al., 2025). (2) Baselines 491

under the federated setting: Local-RAG: a 492

non-collaborative federated baseline where each 493

client performs RAG using only its own local 494

data, RAGRoute (Guerraoui et al., 2025) and C- 495

FedRAG (Xu, 2024). (3) FD-RAG variants: FD- 496

RAG-Local, the single-device version without fed- 497

erated aggregation, and FD-RAG (w/o fusion), 498
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Table 1: Main results on three benchmarks under both local and federated settings. We report F1, accuracy (ACC),
latency (Lat), and average LLM calls (Calls) per query. Best results in each column are shown in bold.

Method HotPotQA 2WikiMQA MuSiQue

F1 ACC Lat Calls F1 ACC Lat Calls F1 ACC Lat Calls

Local Setting
Vanilla RAG (Lewis et al., 2020b) 44.3 49.6 2.4s 1.00 43.5 45.2 2.6s 1.00 11.0 9.2 1.5s 1.00
IterDRAG (Yue et al., 2025) 47.4 44.4 5.2s 2.47 38.8 43.8 6.37s 3.02 17.5 12.2 4.3s 2.13
LongRAG (Jiang et al., 2024) 57.3 53.0 10.4s 6.23 58.1 54.0 12.3s 7.35 35.5 31.0 9.2s 5.48
EfficientRAG (Zhuang et al., 2024) 52.1 50.0 3.3s 2.65 46.3 44.2 3.9s 3.22 18.3 17.0 3.6s 2.86
RAPTOR (Sarthi et al., 2024) 63.5 59.0 4.5s 1.00 61.2 50.6 5.9s 1.00 36.8 30.2 5.6s 1.00
GraphRAG (Edge et al., 2024) 55.1 50.8 6.9s 1.00 58.9 52.7 7.4s 1.00 34.2 29.8 7.1s 1.00
HyperGraphRAG (Luo et al., 2025) 60.7 58.4 4.2s 1.00 61.8 57.1 4.9s 1.00 37.4 34.8 4.1s 1.00
HippoRAG 2 (Gutiérrez et al., 2025) 63.2 60.4 3.8s 1.00 63.5 57.9 3.9s 1.00 40.3 36.2 3.4s 1.00
FD-RAG-Local (Ours) 73.4 68.2 0.45s 0.32 63.1 59.2 0.62s 0.45 39.1 38.0 0.54s 0.52

Federated Setting
Local-RAG 39.2 44.5 2.0s 1.00 41.3 43.3 2.2s 1.00 9.7 7.9 1.3s 1.00
C-FedRAG (Xu, 2024) 49.2 46.1 4.9s 2.84 50.6 47.8 5.3s 2.97 24.9 22.0 4.2s 2.73
RAGRoute (Guerraoui et al., 2025) 53.4 50.9 3.0s 1.31 55.9 52.8 3.2s 1.38 28.7 26.0 2.7s 1.24
FD-RAG (w/o fusion) 65.0 61.2 1.42s 0.80 60.3 56.7 1.58s 0.86 35.6 32.8 1.46s 0.82
FD-RAG (Ours) 68.9 64.5 1.14s 0.62 62.6 58.9 1.28s 0.68 38.3 35.7 1.21s 0.65

Table 2: Dual-system inference decomposition on Hot-
PotQA. Fast-path coverage is the fraction of queries re-
solved by the Memorizer; fast/slow ACC are conditional
accuracies on each subset; Oracle is an upper bound
only.

Method
Fast

Cover.
Fast
ACC

Slow
ACC

Overall
ACC

Avg.
Lat.

FD-RAG (full) 68.0% 77.7 48.0 68.2 0.45s
Mem.-only 100.0% 38.2 — 38.2 0.16s
Cog.-only 0.0% — 59.3 59.3 2.13s
Oracle (upper) 80.0% — — 75.0 0.55s

which keeps the federated deployment protocol but499

removes the global memory fusion stage.500

Implementation Details. We use µ = 0.5, K =501

5, λ = 0.6, and δ = 0.8 across all datasets and502

clients. For privacy-preserving memory sharing,503

we set the local differential privacy budget to ε =504

1.0 with candidate set size c = 5. The semantic-505

aware hypergraph objective is optimized for 300506

steps with a learning rate of 0.05, using a fixed hy-507

perparameter configuration throughout. We adopt508

BGE-M3 (Chen et al., 2024) as the dense encoder509

and Llama-3.1-8B (Grattafiori et al., 2024) (INT4510

quantized) as the language model. All federated ex-511

periments use five clients. FD-RAG is deployed on512

an NVIDIA Jetson Orin Nano 8GB (NVIDIA Cor-513

poration, 2022), with end-to-end latency measured514

on device using batch size 1. Additional deploy-515

ment details and fairness controls are provided in516

Appendix C.2.517

0.2 0.4 0.6 0.8 1.0 1.2
Latency (s)

65

66

67

68

69

Ac
cu

ra
cy

 (%
)

higher δ
threshold sweep

one marker per δ

default
δ= 0.80

Figure 2: Pareto frontier of accuracy and latency on
HotPotQA under varying confidence threshold δ. Each
marker corresponds to one threshold setting, and the
highlighted marker denotes the default δ = 0.8.

5.2 Main Results (RQ1) 518

Table 1 shows that FD-RAG consistently achieves a 519

stronger accuracy–efficiency frontier than both con- 520

ventional RAG baselines and federated competitors. 521

In the local setting, FD-RAG-Local achieves the 522

best ACC on all benchmarks and attains 68.2 on 523

HotPotQA, outperforming HippoRAG 2 by 7.8% 524

ACC while reducing latency by 8.4×. The gain is 525

not merely due to using structured retrieval, since 526

FD-RAG-Local also surpasses GraphRAG and 527

HyperGraphRAG while keeping the average num- 528

ber of LLM calls below 0.6 across datasets. This 529

suggests that the benefit comes from exposing the 530

learned structure as QAmemory and invoking LLM 531

reasoning only when memory coverage is insuffi- 532

cient. In the federated setting, the drop of Local- 533

RAG to 44.5 ACC on HotPotQA highlights the 534

7
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Figure 3: Ablation study on HotPotQA, 2WikiMQA, and MuSiQue. Each panel reports accuracy (Acc.) and latency
(Lat.) for the full model and five ablated variants.

severity of cross-silo knowledge fragmentation. FD-535

RAG substantially recovers this gap, outperform-536

ing RAGRoute by 13.6 ACC points while remain-537

ing 2.6× faster, and it consistently improves over538

FD-RAG (w/o fusion) across all benchmarks. To-539

gether, these results indicate that memory-level fed-540

eration effectively expands coverage for distributed541

evidence while preserving the lightweight inference542

profile of the local model.543

5.3 Dual-System Inference Analysis (RQ2)544

Table 2 provides a direct view of how the two in-545

ference paths divide labor. At the default threshold546

δ = 0.8, the Memorizer resolves 68.0% of queries547

with 77.7 conditional ACC, so most inputs can ter-548

minate on the fast path without triggering full LLM549

reasoning. At the same time, the large gap between550

the full model and Mem.-only (68.2 vs. 38.2 ACC)551

shows that direct memory matching alone cannot552

absorb the compositional burden of multi-hop QA.553

The comparison with Cog.-only is equally reveal-554

ing: although it invokes the LLM on every query,555

it still trails the full system by 8.9 points and in-556

curs nearly 5× higher latency. This indicates that557

QA memory contributes more than routing. The558

top-K retrieved items act as structured hyperedge559

pointers that narrow the evidence space before LLM560

inference, improving slow-path reasoning quality in561

addition to reducing cost. Figure 2 further shows a562

smooth Pareto frontier as δ varies, with the default563

setting lying near the knee of the curve. The routing564

gate therefore functions as a controlled mechanism565

for balancing accuracy and latency, rather than a566

brittle heuristic.567

5.4 Ablation Study (RQ3)568

Figure 3 shows that the gain of FD-RAG is dis-569

tributed across representation, inference, and feder-570

ation modules rather than dominated by a single de-571

sign choice. Removing semantic-aware hypergraph 572

learning (w/o SAHL) consistently lowers accuracy 573

and increases latency, indicating that the learned 574

hypergraph is not an auxiliary construction step but 575

the structural basis for precise memory formation 576

and evidence localization. Removing QA mem- 577

ory (w/o QA memory) is even more damaging on 578

both axes, since QA memory is the interface shared 579

by the Memorizer and the Cognizer: once it is re- 580

moved, the model loses both efficient direct match- 581

ing and focused grounding for the slow path. The 582

two inference ablations reveal complementary fail- 583

ure modes. w/o Memorizer mainly hurts efficiency 584

by forcing all queries through LLM-based reason- 585

ing, whereas w/o Cognizer causes the sharpest accu- 586

racy collapse, showing that memorymatching alone 587

cannot support compositional reasoning. Finally, 588

the drop of w/o Fed-KnowAgg confirms that global 589

memory fusion remains important when supporting 590

evidence is distributed across clients. Additional 591

experimental results are provided in Appendix D. 592

6 Conclusion 593

We presented FD-RAG, a federated dual-system 594

RAG framework for edge environments. By or- 595

ganizing local corpora into semantic hypergraphs 596

and distilling them into QA memories, FD-RAG 597

enables efficient memory-based response for well- 598

covered queries while reserving LLM-based reason- 599

ing for more complex cases. This fast–slow decou- 600

pling, together with federated memory aggregation, 601

provides a practical way to improve knowledge uti- 602

lization under data locality and resource constraints. 603

Empirical results validate the effectiveness of FD- 604

RAG in balancing accuracy and efficiency, while 605

the proposed hypergraph learning objective admits 606

convergence guarantees. We hope FD-RAG offers 607

a principled foundation for RAG deployment in 608

real-world edge scenarios. 609

8



7 Limitations610

FD-RAG demonstrates strong performance in edge-611

device application scenarios; however, its adapta-612

tion to entirely new domains or tasks still relies613

heavily on an offline construction and optimization614

process. This limitation arises because the system’s615

knowledge base, memory organization, and rea-616

soning patterns are built from existing data during617

offline preparation. As a result, when a new domain618

introduces unfamiliar concepts, terminologies, or619

relational structures, the system typically requires620

offline rebuilding, retraining, or re-indexing before621

it can achieve strong performance, rather than adapt-622

ing immediately during deployment. While this de-623

sign helps keep online inference efficient, it also lim-624

its the speed and flexibility of domain transfer. Fu-625

ture work will therefore focus on developing more626

incremental and adaptive mechanisms to reduce the627

cost of offline reconstruction. In particular, transfer628

learning and lightweight continual updating may629

help transfer accumulated knowledge from known630

domains to new ones more efficiently, thereby im-631

proving adaptation speed and system robustness.632
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A Proof of Proposition 1844

A.1 Problem Setup845

We analyze the convergence of the parameter Ht ∈846

Rn in an hypergraph learning framework. The vari-847

able Ht is constrained to lie on the probability sim-848

plex ∆n, defined as follows.849

Definition 1 (Probability Simplex). The n-850

dimensional probability simplex is ∆n := {H ∈851

Rn | Hi ≥ 0 for all i,
∑n

i=1Hi = 1}.852

We consider the optimization problem853

minHt∈∆n Ltotal(H
t), where Ltotal : Rn → R is a854

differentiable objective function.855

Assumption 1 (Smoothness). The objective func-856

tion Ltotal is L-smooth, i.e., ‖∇Ltotal(x) −857

∇Ltotal(y)‖ ≤ L‖x− y‖ for all x, y ∈ Rn.858

We employ Projected Gradient Descent (PGD)859

to solve the above problem.860

Definition 2 (Projected Gradient Descent (PGD)).861

Given a step size η > 0, the PGD update rule is862

Ht
k+1 = Proj∆n

(
Ht

k − η∇Ltotal(H
t
k)
)
, (19)863

where Proj∆n(·) denotes the Euclidean projection864

onto ∆n.865

Definition 3 (Gradient Mapping). The gradient866

mapping at iteration k is Gt
k :=

Ht
k−Ht

k+1

η .867

A.2 Descent Property and Convergence868

We now establish the descent property of the PGD869

updates.870

Lemma 1 (Descent Lemma for PGD). Let η = 1
L .871

Then, for each iteration k, the following holds:872

Ltotal(H
t
k+1) ≤ Ltotal(H

t
k)−

1

2L
‖Gt

k‖2. (20)873

Proof. For brevity, let Lk := Ltotal(H
t
k) and gk := 874

∇Ltotal(H
t
k). By L-smoothness, 875

Lk+1 ≤ Lk+g>k (H
t
k+1−Ht

k)+
L

2
‖Ht

k+1−Ht
k‖2.
(21) 876

Substituting Ht
k+1 −Ht

k = −ηGt
k, we obtain 877

Lk+1 ≤ Lk − ηg>k G
t
k +

Lη2

2
‖Gt

k‖2. (22) 878

Next, the optimality condition of Euclidean pro- 879

jection gives 880〈
Ht

k − ηgk −Ht
k+1, y −Ht

k+1

〉
≤ 0, ∀y ∈ ∆n.

(23) 881

Setting y = Ht
k and using the definition of Gt

k, we 882

get 883

g>k G
t
k ≥ ‖Gt

k‖2. (24) 884

Substituting this bound back yields 885

Lk+1 ≤ Lk − η‖Gt
k‖2 +

Lη2

2
‖Gt

k‖2. (25) 886

Choosing η = 1
L , we obtain Lk+1 ≤ Lk − 887

1
2L‖G

t
k‖2, which is exactly the desired inequal- 888

ity. 889

Restatement of Proposition 1. Let Ht
∗ ∈ ∆n be 890

the optimal solution and define ∆ := Ltotal(H
t
0)− 891

Ltotal(H
t
∗). Then, after T iterations of PGD with 892

η = 1
L , the minimum norm of the gradient mapping 893

satisfies: 894

min
0≤k<T

‖Gt
k‖2 ≤

2L∆

T
. (26) 895

Consequently, to achieve ‖Gt
k‖ ≤ ε, the number of 896

iterations required is: 897

T ≥ 2L∆

ε2
, (27) 898

i.e., the iteration complexity is O(1/ε2). 899

Proof. Summing the descent inequality from 900

Lemma 1 over k = 0 to T − 1, we obtain 901∑T−1
k=0

1
2L‖G

t
k‖2 ≤ Ltotal(H

t
0) − Ltotal(H

t
T ) ≤ 902

∆, and hence
∑T−1

k=0 ‖Gt
k‖2 ≤ 2L∆. Therefore, 903

min0≤k<T ‖Gt
k‖2 ≤ 1

T

∑T−1
k=0 ‖Gt

k‖2 ≤ 2L∆
T . 904

Solving for T such that the right-hand side is at 905

most ε2 gives the desired result. 906
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B Proof of Proposition 2907

B.1 Preliminaries908

Definition 4 (Local Differential Privacy). A ran-909

domized mechanism M : X → Y satisfies ε-local910

differential privacy (ε-LDP) if, for all inputs x, x′ ∈911

X and all outputs y ∈ Y , it holds that912

Pr[M(x) = y]

Pr[M(x′) = y]
≤ eε.913

This condition ensures that the mechanism’s out-914

put does not reveal significant information about915

any individual input, thereby preserving privacy in916

the local model.917

B.2 Restatement of Proposition 2918

Proposition 2. Let e be a sensitive entity and W919

a candidate set with |W | = c. Consider the per-920

turbation mechanism defined by the conditional921

distribution922

Pr[e′ | e] =

{
eε

eε+c−1 , if e′ = e,
1

eε+c−1 , if e′ ∈ W, e′ 6= e.
923

Then, this mechanism satisfies ε-local differential924

privacy.925

B.3 Proof of Proposition 2926

We prove the proposition by verifying the ε-LDP927

condition for all possible inputs e, e∗ ∈ {e} ∪W928

and outputs e′ ∈ {e} ∪W . Specifically, we must929

show:930
Pr[e′ | e]
Pr[e′ | e∗]

≤ eε.931

Proof. We consider the following exhaustive cases:932

• Case 1: e′ = e = e∗.933

934

Pr[e′ | e]
Pr[e′ | e∗]

=
eε

eε+c−1
eε

eε+c−1

= 1 ≤ eε.935

• Case 2: e′ = e 6= e∗.936

937

Pr[e′ | e]
Pr[e′ | e∗]

=
eε

eε+c−1
1

eε+c−1

= eε.938

• Case 3: e′ = e∗ 6= e.939

940

Pr[e′ | e]
Pr[e′ | e∗]

=
1

eε+c−1
eε

eε+c−1

=
1

eε
≤ eε.941

• Case 4: e′ 6= e and e′ 6= e∗. 942

943

Pr[e′ | e]
Pr[e′ | e∗]

=
1

eε+c−1
1

eε+c−1

= 1 ≤ eε. 944

In all cases, the privacy condition Pr[e′|e]
Pr[e′|e∗] ≤ eε 945

is satisfied. Therefore, the mechanism guarantees 946

ε-local differential privacy. 947

C Experiments Details 948

C.1 Statistics of Datasets 949

Table 3 provides detailed statistics of the datasets 950

used in our experiments, including HotPotQA, 951

2WikiMQA, and MuSiQue. These datasets vary in 952

size and complexity, offering a comprehensive eval- 953

uation framework for multi-hop question answering 954

models. 955

C.2 Implementation Details 956

We use µ = 0.5, K = 5, λ = 0.6, and δ = 957

0.8 across all datasets and clients. For privacy- 958

preserving memory sharing, we set the local dif- 959

ferential privacy budget to ε = 1.0 with candidate 960

set size c = 5. We optimize the semantic-aware 961

hypergraph learning objective for 300 steps using 962

a learning rate of 0.05, and keep the same hyper- 963

parameter configuration throughout training. We 964

use BGE-M3 (Chen et al., 2024) as the dense en- 965

coder and Llama-3.1-8B (Grattafiori et al., 2024) 966

in INT4 quantized form as the language model. To 967

ensure a consistent federated protocol, all federated 968

experiments use five clients. 969

For the multi-granularity hypergraph module, 970

we set the numbers of candidate hyperedges as 971

Mp = dNp/4e and M s = dNs/4e, where Np and 972

Ns denote the numbers of paragraph- and sentence- 973

level nodes, respectively. Each soft incidence ma- 974

trix Ĥt is initialized with positive random values 975

and row-wise normalized onto the probability sim- 976

plex, after which the paragraph- and sentence-level 977

hypergraphs are jointly optimized under the unified 978

objective in Eq. (7), while maintaining separate in- 979

cidence matrices and hyperedge prototypes for the 980

two granularities. 981

We deploy FD-RAG on a real NVIDIA Jetson 982

Orin Nano 8GB edge device. Table 4 summarizes 983

the evaluation hardware configuration. We follow 984

the official device specifications and report end-to- 985

end latency measured on this platform with batch 986

size 1 under a 15 W power limit (NVIDIA Corpo- 987

ration, 2022). 988
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Table 3: Statistics of Datasets.

Dataset Avg #Tokens Max #Tokens #Samples

HotPotQA 9.1k 12.7k 500
2WikiMQA 9.2k 12.3k 500
MuSiQue 11.1k 17.3k 500

Table 4: Evaluation Hardware.

Component Specification

CPU Cortex-A78AE, 1.2GHz, 6-core
GPU Ampere, 1024 CUDA cores, 32 Tensor cores,

625MHz
Power Limit 15W
DRAM 8GiB LPDDR5-4250
Storage 512GB SD Card, UHS

C.3 Fairness of Runtime Comparison.989

All runtime comparisons follow a shared deploy-990

ment protocol. Methods requiring answer gener-991

ation use the same generator backbone (Llama-992

3.1-8B, INT4), the same dense encoder (BGE-M3),993

and the same Jetson Orin Nano 8GB environment994

with batch size 1 under a 15 W power limit. We995

also standardize the decoding setup, prompt/output996

length budget, and final evidence budget passed to997

the generator; single-stage retrievers use top-5 re-998

trieval, while multi-stage methods retain their orig-999

inal pipelines but are constrained to the same final1000

evidence budget. Non-federated baselines are re-1001

produced as faithfully as possible from the origi-1002

nal papers and public implementations, with only1003

hardware-compatible adjustments that do not alter1004

their core algorithmic workflow.1005

C.4 Baselines1006

We compare FD-RAG against representative base-1007

lines for multi-hop question answering under both1008

local and federated settings. Methods without a1009

native federated design are evaluated only in the1010

local setting, while federated comparisons are re-1011

stricted to approaches with an explicit decentralized1012

protocol, to avoid introducing ad hoc adaptations.1013

• Vanilla RAG (Lewis et al., 2020b): Integrates1014

a retriever with a generator, retrieving the top-1015

5 relevant documents to augment context for1016

improved answer generation.1017

• IterDRAG (Yue et al., 2025): Segments com-1018

plex queries into sub-queries, utilizing iter-1019

ative retrieval and in-context learning to re-1020

fine answers progressively through a reasoning 1021

chain. 1022

• LongRAG (Jiang et al., 2024): Employs a 1023

dual-perspective approach, combining an in- 1024

formation extractor, chain-of-thought-guided 1025

filter, and generator to address challenges in 1026

processing long texts and identifying fine- 1027

grained factual details. 1028

• EfficientRAG (Zhuang et al., 2024): Trains 1029

lightweight models to iteratively generate 1030

queries and filter irrelevant information, en- 1031

hancing retrieval efficiency and performance 1032

in multi-hop question answering. 1033

• RAPTOR (Sarthi et al., 2024): Constructs a 1034

hierarchical summary tree through recursive 1035

embedding, clustering, and summarization, re- 1036

trieving insights across abstraction levels to 1037

handle long documents effectively. 1038

• GraphRAG (Edge et al., 2024): GraphRAG 1039

is a graph-based RAG method that constructs 1040

an entity knowledge graph and leverages 1041

community-level summaries to generate and 1042

aggregate responses for global queries. 1043

• HippoRAG 2 (Gutiérrez et al., 2025): Hip- 1044

poRAG 2 builds a passage-linked knowledge 1045

graph and performs retrieval with Personal- 1046

ized PageRank, improving multi-hop evidence 1047

association while preserving strong factual re- 1048

call. 1049

• HyperGraphRAG (Luo et al., 2025): Hy- 1050

perGraphRAG is a hypergraph-based RAG 1051

method that models n-ary relations via hyper- 1052

edges, enabling more accurate and efficient re- 1053

trieval and generation than standard and graph- 1054

based RAG. 1055

• C-FedRAG (Xu, 2024): C-FedRAG is a feder- 1056

ated RAG framework that leverages confiden- 1057

tial computing to enable secure and scalable 1058

retrieval across decentralized data sources. 1059
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Figure 4: Training Loss Curves on Three QA Datasets: HotPotQA, 2WikiMQA, MuSiQue

• RAGRoute (Guerraoui et al., 2025): Intro-1060

duces a routing mechanism to dynamically1061

select the most appropriate retrieval and gener-1062

ation strategies based on query characteristics.1063

D Additional Experimental Results1064

D.1 Training Convergence Results1065

We evaluated the convergence performance of our1066

method across three distinct datasets. As illustrated1067

in Figure 4 , the loss curves of these datasets demon-1068

strate the following trends: 1) Rapid Convergence:1069

Across all datasets, the loss values sharply decline1070

during the initial stages of training (within the first1071

50 epochs), indicating that the model swiftly cap-1072

tures thematic information and optimizes effectively1073

early on. 2) Stability: As training progresses, the1074

loss values stabilize after 100 epochs, suggesting1075

that the model has largely converged without sig-1076

nificant oscillations, which indicates the robustness1077

of hypergraph learning across different datasets.1078

3) Consistency: The uniformity of the loss trends1079

across the three datasets further supports the appli-1080

cability of this method to various types of question-1081

answering datasets, highlighting its adaptability and1082

generalization capacity.1083

D.2 Offline Construction Cost Analysis1084

We evaluate the offline construction cost of FD-1085

RAG on HotPotQA and compare it with RAPTOR,1086

GraphRAG, HippoRAG 2, and HyperGraphRAG1087

under the same deployment setting as the main ex-1088

periments. All methods use the same dense en-1089

coder (BGE-M3) and local generator (Llama-3.1-1090

8B, INT4), and all measurements are collected on1091

Jetson Orin Nano 8GB.1092

We report three metrics: LLM output tokens1093

per 1k corpus tokens (OutTok/1kT), wall-clock1094

construction time per 1k corpus tokens (TP1kT),1095

and peak memory during construction. For FD-1096

RAG, only QA-memory synthesis contributes to1097

LLM token usage; spaCy-based fact extraction and 1098

hypergraph optimization are counted in runtime but 1099

not in token usage. Lower is better for all metrics. 1100

As shown in Table 6, FD-RAG achieves the low- 1101

est cost on all three metrics, with 58 OutTok/1kT, 1102

7.1 seconds TP1kT, and 5.5 GB peak memory. 1103

Compared with HippoRAG 2, FD-RAG reduces to- 1104

ken usage, construction time, and peak memory by 1105

67.0%, 58.0%, and 27.6%, respectively. Compared 1106

with HyperGraphRAG, it reduces construction time 1107

from 19.3 to 7.1 seconds and peak memory from 1108

7.2 to 5.5 GB. These results indicate that FD-RAG 1109

offers a more efficient offline construction profile 1110

and is better suited to resource-constrained edge 1111

deployment. 1112

D.3 Privacy Protection Evaluation 1113

We assess whether memories sanitized before feder- 1114

ation still leak recoverable sensitive entities. To this 1115

end, we extract person, organization, and location 1116

mentions from shared QA pairs and supporting-fact 1117

tuples, and perform an LLM restoration attack with 1118

gpt-4o-mini: given a sanitized item, the model is 1119

prompted to recover the original entity from context. 1120

We compare three sharing strategies: No Protec- 1121

tion, which shares raw memories; TypeMasking, 1122

which replaces each sensitive entity with a coarse 1123

placeholder such as [PERSON]; and FD-RAG Pri- 1124

vacy (ours), which applies the proposed seman- 1125

tic candidate perturbation under ε-LDP. We use 1126

Restoration Acc@1 to measure privacy leakage and 1127

downstream QA accuracy to measure utility. The 1128

ε = 1.0 setting for FD-RAG Privacy is the default 1129

federated configuration and therefore matches the 1130

results reported in Table 1. 1131

Table 5 reveals a clear privacy–utility trade-off. 1132

No Protection yields restoration accuracy above 1133

89 on all three benchmarks, indicating that raw 1134

shared memories leak entity identity almost directly. 1135

Type Masking minimizes leakage, reducing aver- 1136

age Restoration Acc@1 to 3.4, but substantially de- 1137
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Table 5: Privacy protection evaluation under an LLM restoration attack in the federated setting. FD-RAG Privacy
uses the default budget ε = 1.0 with candidate set size c = 5. Restoration Acc@1 measures how often the attacker
correctly recovers the original sensitive entity from a shared QA/fact item; lower is better. QA ACC measures
downstream utility after sharing; higher is better. Best results in each column are bolded; second best are underlined.

Method HotPotQA 2WikiMQA MuSiQue Average

Rest.@1↓ ACC↑ Rest.@1↓ ACC↑ Rest.@1↓ ACC↑ Rest.@1↓ ACC↑

No Protection 95.1 65.4 92.8 59.8 89.4 36.5 92.4 53.9
Type Masking 3.9 59.0 3.4 53.7 2.8 31.9 3.4 48.2
FD-RAG Privacy (Ours) 9.6 64.5 8.9 58.9 7.8 35.7 8.8 53.0

Table 6: Offline construction cost on HotPotQA under our deployment setting. All methods use BGE-M3 and
Llama-3.1-8B (INT4) on Jetson Orin Nano 8GB. OutTok/1kT denotes the number of LLM output tokens generated
during construction per 1k corpus tokens. TP1kT denotes wall-clock construction time per 1k corpus tokens. Peak
Mem. is measured during the offline construction stage. Lower is better for all metrics.

Method OutTok/1kT↓ TP1kT (s)↓ Peak Mem. (GB)↓

RAPTOR (Sarthi et al., 2024) 88 12.7 6.0
GraphRAG (Edge et al., 2024) 542 39.4 7.4
HippoRAG 2 (Gutiérrez et al., 2025) 176 16.9 7.6
HyperGraphRAG (Luo et al., 2025) 214 19.3 7.2
FD-RAG (ours) 58 7.1 5.5

Table 7: Privacy–utility trade-off of FD-RAG Privacy
under different local privacy budgets ε in the federated
setting. We fix the candidate set size to c = 5 and report
averages over HotPotQA, 2WikiMQA, and MuSiQue.
The default setting used in the main experiments is ε =
1.0. Lower Restoration Acc@1 indicates less leakage;
higher QA ACC indicates better utility.

Privacy Budget Rest.@1↓ ACC↑

ε = 0.1 4.7 49.4
ε = 0.5 6.4 51.4
ε = 1.0 (default) 8.8 53.0
ε = 2.0 14.3 53.6

grades utility because coarse placeholders remove1138

task-relevant semantics for retrieval and answer se-1139

lection. In contrast, FD-RAG Privacy keeps the1140

attacker success rate below 10% on every dataset1141

while preserving nearly the same QA performance1142

as raw sharing. Averaged across datasets, it reduces1143

Restoration Acc@1 from 92.4 to 8.8, a 90.5% rela-1144

tive reduction in leakage compared with No Pro-1145

tection, while retaining 98.3% of its utility (53.01146

vs. 53.9 average ACC). Relative to Type Masking,1147

it improves downstream accuracy by 4.8 points on1148

average at the cost of only a modest increase in1149

restoration accuracy. These results show that FD-1150

RAG Privacy offers a substantially better privacy–1151

utility balance than either raw sharing or coarse1152

masking.1153

Table 7 further examines this trade-off under dif- 1154

ferent privacy budgets. As expected, larger ε weak- 1155

ens perturbation: the average restoration success 1156

rate rises from 4.7 at ε = 0.1 to 14.3 at ε = 2.0, 1157

while QA accuracy increases from 49.4 to 53.6. 1158

Notably, even under the strictest setting, FD-RAG 1159

Privacy still outperforms Type Masking in utility 1160

(49.4 vs. 48.2 average ACC), suggesting that se- 1161

mantically constrained perturbation preserves more 1162

task-relevant information than coarse placeholders. 1163

The default setting ε = 1.0 provides a balanced 1164

operating point and matches the main federated 1165

results in Table 1: it keeps leakage an order of mag- 1166

nitude below raw sharing (8.8 vs. 92.4) while re- 1167

taining nearly all downstream utility (53.0 vs. 53.9). 1168

Overall, FD-RAG supports a smooth and practical 1169

privacy–utility trade-off. 1170

D.4 Analysis of Generated QA Memory 1171

Questions 1172

Following prior work (Guinet et al., 2024), we 1173

conduct a statistical analysis of the generated QA- 1174

memory questions to assess their diversity and 1175

coverage. Concretely, we randomly sampled 100 1176

question–document (context) pairs from the three 1177

datasets and analyzed the corresponding generated 1178

questions along two dimensions: 1179

Question Type Analysis. Drawing on several 1180

prior research efforts (Guinet et al., 2024; Yang 1181
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Table 8: Number of Questions by Type Across Different Datasets

Question Type HotPotQA MuSiQue 2WikiMQA

Aggregation Questions 953 894 1188
Comparison Questions 910 844 1105
False Premise Questions 912 854 1097
Multi-hop Questions 909 862 1143
Post-processing Heavy Questions 930 876 1152
Set Questions 1469 1459 1562
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Figure 5: Performance evaluation of the generated questions with respect to semantic similarity.

et al., 2024), we further divided the complex ques-1182

tions generated by our QA memory construction1183

pipeline into six categories: Set, Comparison, Ag-1184

gregation, Multi-hop, Post-processing Heavy, and1185

False Premise. This classification allows us to bet-1186

ter assess the diversity and depth of QA memory1187

question generation. As shown in Table 8, our ap-1188

proach consistently covers a wide range of ques-1189

tion types across different benchmark datasets (Hot-1190

PotQA,MuSiQue, and 2WikiMQA), demonstrating1191

its strong generalization capability. In particular,1192

the substantial presence of complex forms such as1193

Set and Multi-hop questions suggests that the gen-1194

erated questions are not only varied in structure but1195

also require multi-faceted reasoning and synthesis1196

across information sources—an essential character-1197

istic for evaluating evidence-grounded multi-hop1198

QA.1199

Question Diversity and Coverage Analysis. As1200

shown in Figure 5 (a), we present the cumulative1201

distribution function (CDF) of semantic similar-1202

ity between the original questions and the top-11203

most semantically similar questions generated by1204

our QAmemory question generation method across1205

three datasets: MuSiQue, 2WikiMQA, and Hot-1206

PotQA. This distribution reflects how closely the1207

generated questions align with the original ques-1208

tions at a semantic level. A wide and smooth distri-1209

bution indicates that our method is capable of gener-1210

ating questions with varying degrees of similarity— 1211

ranging from highly similar to more diverse ones— 1212

demonstrating both strong semantic coverage and 1213

question diversity. 1214

To quantify this, Figure 5 (b) shows the propor- 1215

tion of generated questions whose semantic simi- 1216

larity with the original question exceeds 0.8. In all 1217

three datasets, this proportion exceeds 60%, indicat- 1218

ing that a substantial number of generated questions 1219

are semantically close to the originals. This high 1220

proportion suggests that our method effectively cap- 1221

tures the core semantics of the input while also gen- 1222

erating a broad range of diverse questions. Together, 1223

these results validate that our approach achieves a 1224

good balance between semantic fidelity and diver- 1225

sity, resulting in high-quality and broadly represen- 1226

tative question generation. 1227

E Prompt Templates 1228

We provide the prompt templates used in our exper- 1229

iments. The prompts are designed to elicit specific 1230

information from the model, guiding it to generate 1231

accurate and relevant responses. 1232
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Prompt Template:
Role:
You are an advanced information system responsible for generating retrieval-oriented QA memory
questions grounded in the provided atomic facts and original text.

Task:
Your task is to generate complex questions based on extracted atomic facts and the original text.
The questions should be answerable using only the provided information and, when appropriate,
require multi-fact integration (e.g., comparison, aggregation, or multi-hop reasoning) to support
downstream retrieval and evidence-grounded answering.

Requirements:
Questions must strictly rely on the extracted atomic facts and original text, without introducing any
external information.
Prefer questions that are specific, unambiguous, and informative for retrieval (avoid overly generic
prompts).
Encourage compositional reasoning when supported by the facts (e.g., Set / Comparison /
Aggregation / Multi-hop / Post-processing Heavy / False Premise).
Answers must accurately reflect the original content and refer to specific expressions in the text or
atomic facts whenever possible.
Language must be clear and logically rigorous, avoiding ambiguity.

Output Format (Follow this format strictly):
Example:
{example}

Now, based on the following atomic facts and original paragraph, generate a complex question and
its corresponding answer:
Question Type:
{type}
Extracted Facts:
{extracted_facts}
Original Text:
{text}

Table 9: QA Memory Question Generation Prompt

Prompt Template:
Role:
You are now an intelligent assistant tasked with answering the final question based on the provided
reference question-answer pairs and context documents. Follow these rules strictly: Only output
the final answer, without any explanation or additional content.

Reference Q&A Pairs: {context}
Context Document: {document}
Question: {question}
Answer:

Table 10: RAG Prompt
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