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Abstract001

Existing graph-based retrieval-augmented gen-002
eration (RAG) methods often fail to capture the003
device-centric, star-shaped ontology of elec-004
tronic datasheets, leading to topological mis-005
matches and entity–attribute misattribution in006
technical question answering. We propose007
ElecGraph-RAG, an ontology-aligned hierar-008
chical RAG framework explicitly designed for009
device-centric knowledge organization, which010
introduces ontology-aware semantic abstrac-011
tion as an inductive bias for retrieval. The012
framework performs coarse-to-fine retrieval013
by first localizing relevant high-level semantic014
abstractions and then extracting fine-grained015
attribute-level evidence. We also introduce016
ElecGraph-QA, a benchmark of 200 com-017
plex factual and comparative queries derived018
from real-world industrial specifications. Ex-019
perimental results show that ElecGraph-RAG020
achieves 94.28% and 85.00% accuracy on021
factual and comparative queries, respectively,022
while reducing token consumption by 76.3%023
compared to state-of-the-art graph-based base-024
lines. These results demonstrate the effective-025
ness of ontology-aligned hierarchical abstrac-026
tion for efficient domain-specific RAG.027

1 Introduction028

Retrieval-Augmented Generation (RAG) enhances029

LLMs with external knowledge but struggles with030

the strict entity–attribute bindings in technical doc-031

umentation (Es et al., 2024). Specifically, text-032

centric retrievers often fail to distinguish the oper-033

ating voltage of distinct chips in the same datasheet034

corpus(Luan et al., 2021). This causes semantic035

ambiguity and hallucination—challenges that text-036

centric or generic graph-based retrieval methods037

fail to address(Cossio, 2025).038

We identify a critical topological mismatch as039

a dominant failure mode. Datasheet knowledge040

is inherently asymmetric: each device serves as041

a semantic center for numerous attributes, form-042

Figure 1: Workflow of ElecGraph-RAG. The framework
employs a dual-path strategy (blue arrows) to construct
independent local (L1) and global (L2) indices from the
star-shaped graph (L0). During retrieval (green arrows),
L2 serves as a cognitive map to prune the search space,
guiding precise evidence extraction from targeted de-
vices

ing a “star-shaped” ontology. Mainstream Graph 043

RAG (Edge et al., 2024), however, relies on density- 044

based community detection that ignores this seman- 045

tic centering. By merging attributes from distinct 046

devices into coarse clusters, these methods cause 047

misattribution rather than simple information loss, 048

where attributes are mapped to the wrong device. 049

We propose that faithful retrieval requires 050

ontology-aligned abstraction. Architectures must 051

identify semantic anchors (target devices) before 052

parsing fine-grained details. To this end, we 053

introduce ElecGraph-RAG. It employs a three- 054

level hierarchical semantic index tailored to the 055

domain’s star-shaped topology, which includes 056

atomic graphs (L0), device profiles (L1) and the- 057

matic summaries (L2). Unlike linear hierarchies, 058

we implement a distinct dual-path abstraction strat- 059

egy that simultaneously derives local device pro- 060

files and global thematic clusters from the atomic 061

graph, ensuring that macro-level navigation does 062

not obscure micro-level structural details. 063

Crucially, this architecture enables a coarse-to- 064
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Figure 2: The device-centric knowledge graph modeling process in ElecGraph-RAG. The framework first extracts
and aligns device entities from all text chunks to construct a normalized device layer; then, using these devices as
anchors, it reprocesses the text to extract and align related attribute entities, ultimately forming a unified knowledge
graph with a “star-shaped” topology.

fine hierarchical retrieval strategy with early-stage065

semantic pruning (Peng et al., 2025). Top-layer066

summaries act as a cognitive navigation map, mim-067

icking human search by identifying relevant seman-068

tic regions before parsing details. This minimizes069

irrelevant processing while ensuring high recall for070

multi-hop queries.071

Our contributions are as follows:072

• We identify topological mismatch as a key073

cause of retrieval unfaithfulness in domain-074

specific RAG, and empirically demonstrate075

that aligning retrieval architectures with do-076

main ontology significantly improves entity–077

attribute faithfulness in technical QA.078

• We propose ElecGraph-RAG, a hierarchical079

RAG framework that integrates device-centric080

star-shaped graph modeling with a dual-path,081

ontology-aligned semantic abstraction mecha-082

nism, enabling coarse-to-fine focused retrieval083

that performs early-stage semantic pruning,084

precise device anchoring, and efficient extrac-085

tion of fine-grained factual evidence.086

• We introduce ElecGraph-QA, a domain-087

specific benchmark derived from real-world088

electronic datasheets, and show through com-089

prehensive experiments that ontology-aligned090

hierarchical retrieval improves accuracy while091

reducing token consumption by up to 76.3%.092

2 Related Work093

Retrieval-Augmented Generation (RAG) mitigates094

LLM hallucinations via external knowledge (Es095

et al., 2024). Standard methods, or Naive RAG, rely096

on dense vector retrieval (Karpukhin et al., 2020).097

While effective for general QA, these text-centric098

pipelines implicitly assume that semantic similarity099

is sufficient for relevance matching. However, this 100

assumption breaks down in technical domains such 101

as electronic datasheets, where correct answers 102

require preserving strict entity–attribute bindings 103

(e.g., distinguishing parameters of closely related 104

device models), resulting in fragmentation (Liu 105

et al., 2023). 106

Recent works integrate knowledge graphs (KGs) 107

to add structural context. Methods like GraphRAG 108

(Edge et al., 2024) use community detection for 109

global summarization. However, they suffer from 110

a topological mismatch in electronics, as generic 111

clustering fails to isolate specific device models 112

based on semantic centrality. Subgraph methods 113

like LightRAG (Guo et al., 2024) retrieve local 114

paths but lack a unified macro-to-micro view. Re- 115

cent bottom-up approaches (Zhang et al., 2025b) 116

still rely on implicit topology rather than explicit 117

schemata(Chepurova et al., 2024). 118

For efficiency, hierarchical approaches like 119

ArchRAG (Wang et al., 2025) and HiRAG (Jiao 120

et al., 2025) filter irrelevant data. Yet, they rely on 121

vector clustering or general semantics, lacking do- 122

main alignment. In contrast, ElecGraph-RAG con- 123

structs a hierarchy based on the explicit “Device- 124

Attribute” ontology. This provides an interpretable 125

cognitive navigation map that ensures both preci- 126

sion and token efficiency. 127

3 The ElecGraph-RAG Architecture 128

To address the challenges of misattribution and 129

topological mismatch, ElecGraph-RAG departs 130

from generic graph clustering methods. Instead, we 131

explicitly model device-centric star-shaped graphs 132

and construct a hierarchical semantic index aligned 133

with domain ontology. This design rationale en- 134

ables a two-phase retrieval process: early-stage 135

pruning at higher abstraction levels to lock onto 136
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semantic anchors, followed by focused retrieval of137

fine-grained factual evidence. As illustrated in Fig-138

ure 1, the workflow comprises three stages: device-139

centric graph construction, hierarchical semantic140

indexing, and cognitive-inspired retrieval.141

3.1 Knowledge Graph Construction142

The ElecGraph-RAG framework first leverages an143

LLM to transform unstructured electronic device144

datasheets into a domain-specific structured knowl-145

edge graph G = (V,E). The entire construction146

process can be abstractly expressed as:147

G = (V,E) = Afuse

 ⋃
ti∈T

ϕextract(ti)

 (1)148

where T is the set of text chunks parsed from149

the original PDF documents, and ϕextract(·) and150

Afuse(·) respectively represent the two-stage con-151

struction functions centered on device entities. The152

overall demonstration of this pipeline is shown in153

Figure 2, and the core logic is described as follows:154

• The framework first feeds each text chunk ti155

into the LLM and uses ϕextract(ti) to identify156

and extract all potential device entities vd. It157

then calls Afuse(·) to align and merge all ex-158

tracted vd, combining different descriptions of159

the same real-world device into a normalized160

device entity set {v(1)d , v
(2)
d , . . . , v

(n)
d }.161

• Next, the framework treats the normalized de-162

vice node set as anchors, reprocesses all text163

chunks with ϕextract(ti) to extract all associ-164

ated attribute entities vp for each normalized165

device entity and assign predefined semantic166

community labels c to each attribute. Based167

on each community, Afuse(·) is invoked again168

to align and aggregate attributes vp associ-169

ated with the same vd and construct edges170

connecting vd and vp. The final output is171

a local entity set with community attributes,172

where each entity v is represented as a tuple173

v = (pkey, pvalue, c).174

The resulting “star-shaped” knowledge graph G175

from ElecGraph-RAG faithfully mirrors the struc-176

ture of knowledge in the electronics domain, with177

all attribute entities systematically organized under178

distinct “device” subgraphs. The detailed prompt179

template settings are provided in Appendix A.1.180

Figure 3: The Hierarchical Semantic Index Architecture
of ElecGraph-RAG. The framework constructs device-
specific profiles (L1: Local View) and cross-device the-
matic clusters (L2: Global View) in parallel from the
atomic graph (L0), balancing intra-device detail with
global navigability.

3.2 Hierarchical Semantic Indexing 181

To enable coarse-to-fine navigation, we construct 182

a three-level index via a dual-path abstraction 183

strategy (Figure 3). We derive both local (device- 184

specific) and global (cross-device) views from the 185

star-shaped graph to balance informational breadth 186

and depth. 187

Graph factual layer L0. This layer encodes 188

atomic factual knowledge. We generate embed- 189

dings for nodes Enode(v) and edges Eedge(e). Ad- 190

ditionally, to support semantic filtering, we con- 191

struct dynamic community vectors Ecommunity(c) 192

by fusing the community name with member em- 193

beddings, details are provided in Appendix B.1. 194

Ecommunity(c) = Fuse
(
Ename(c),

{Enode(vi) | vi ∈ Vc}
) (2) 195

Device profile layer L1. To summarize the mul- 196

tifaceted properties of a single device, we perform 197

intra-device clustering. For each device anchor vd, 198

the framework aggregates all associated attribute 199

entities vp and applies the density-based clustering 200

algorithm HDBSCAN (Campello et al., 2013) to 201

identify intrinsic functional themes (e.g., “Current 202

Parameters”). Subsequently, attributes within each 203

cluster CL1 are synthesized by an LLM into coher- 204

ent natural language summaries SL1. These sum- 205

maries are then vectorized to form semantic em- 206

beddings {EL1}, representing the major attribute 207

dimensions of the device while reducing retrieval 208

granularity. 209

Cross-device thematic summary layer L2. To 210
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Figure 4: Illustration of the query retrieval process in the ElecGraph-RAG framework. The process first uses an
LLM to decompose the query intent and extract keywords, which are matched to the corresponding communities.
Retrieval is then performed within the matched communities at the L2 layer to obtain candidate device weights.
The framework subsequently focuses on these candidate devices, retrieving L1 device profiles and L0 graph paths
in parallel as evidence. Finally, these multi-granularity contexts are synthesized, and the LLM generates the final
precise answer.

capture macro-level patterns while supporting con-211

tinuous data ingestion, we employ a hybrid incre-212

mental clustering strategy directly on attribute213

entities across the graph.214

We first define a composite distance metric215

D(u, v) to calibrate semantic embeddings with lex-216

ical similarity(Wang et al., 2017), preventing the217

merging of functionally distinct but semantically218

close parameters:219

D(u, v) = α · (1− cos(Eu, Ev))

+ (1− α) · (1− Jaro(Su, Sv))
(3)220

where Jaro(·) denotes Jaro-Winkler string similar-221

ity.222

For initialization, we apply HDBSCAN using223

this metric to discover high-density semantic re-224

gions. For incoming datasheets, we compute the225

distance between new attributes and existing L2226

centroids. Matches trigger a localized summary up-227

date, fusing new evidence into the existing theme;228

non-matches beyond a threshold τ instantiate new229

thematic clusters. These clusters are organized un-230

der high-level semantic communities to facilitate231

pruned retrieval. Each L2 summary maintains an232

inverted index mapping the thematic cluster back to233

its contributing source devices {vd}. This mapping234

enables the downstream retrieval module to identify235

and rank candidate devices based on their cumula-236

tive association with the matched query themes.237

3.3 Hierarchical Retrieval 238

Retrieval in ElecGraph-RAG is formulated as a 239

query-conditioned navigation problem over hier- 240

archical semantic abstractions, inspired by the hu- 241

man cognitive process of selective attention. Rather 242

than exhaustively traversing the entire knowledge 243

graph, the framework progressively narrows the 244

search space by leveraging higher-level semantic 245

summaries to guide lower-level evidence extrac- 246

tion. Specifically, the L2 layer serves as a cogni- 247

tive navigation map to identify relevant seman- 248

tic regions, which enables early-stage pruning of 249

irrelevant knowledge and focuses retrieval on a 250

small set of candidate devices. Conditioned on this 251

coarse localization, the system then performs par- 252

allel multi-granularity retrieval over device profiles 253

(L1) and atomic factual paths (L0), ensuring both 254

efficiency and precision. 255

As illustrated in Figure 4, the overall retrieval 256

pipeline consists of four core stages. The hyperpa- 257

rameter settings used in this chapter are detailed in 258

Appendix B.2. 259

Intent Understanding. Given a natural lan- 260

guage query Qraw, ElecGraph-RAG uses the LLM 261

to extract a set of key concepts Kgoal. Each key 262

concept k is embedded into a vector Ek, resulting 263

in the overall query intent vector Eq and a set of 264

query anchor vectors {Ek}. Detailed prompts are 265

provided in Appendix A.2. 266
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Macro-Level Pruning (L2). Retrieval begins267

at the top layer. L2 summaries are organized un-268

der predefined semantic communities (e.g., Voltage269

Parameters, Packaging). To jointly consider the270

overall query intent and the focus of individual271

key concepts during retrieval, we construct a fused272

query vector for each key concept:273

Equery(k) = ωq · Eq + ωk · Ek (4)274

where ωq and ωk are hyperparameters controlling275

the balance between global and local query seman-276

tics.277

We compute the similarity between Equery(k)278

and the community vectors Ecommunity(c) to iden-279

tify the most relevant target communities ck. This280

step performs semantic pruning by restricting the281

search scope to matched communities only. Within282

these active regions, we retrieve the top-K L2 the-283

matic summaries {S(ck)
L2

} using vector similarity.284

Device Anchoring & Profiling. ElecGraph-285

RAG leverages the inverted index maintained by286

the retrieved L2 summaries to trace back to the287

set of linked source device anchors. We compute288

an importance weight W (vd) for each candidate289

device vd to prioritize the most relevant hardware:290

W (vd) = ωfreq ·Fnorm(vd)+ωqual ·Savg(vd) (5)291

where Fnorm is the normalized frequency of the292

device appearing across retrieved L2 themes, and293

Savg is the average relevance score. Based on294

W (vd), we select a candidate set Vcand. For these295

locked anchors, the system then retrieves their L1296

Device Profiles in parallel to provide comprehen-297

sive device-level context.298

Path Reasoning. For each candidate device en-299

tity vd ∈ Vcand, ElecGraph-RAG evaluates all one-300

hop reasoning paths P = (vd, e, vp). The relevance301

score Spath of each path is computed using a com-302

posite scoring function Score:303

Spath(P,Equery(k)) =

max
k∈Kgoal

Score(ωdW (vd), ωnSn, ωeSe, ωcSc)
(6)304

where Score(P,Equery(k)) integrates multiple se-305

mantic signals: importance weight W (vd) of the306

device vd, the semantic similarity Sn between the307

attribute entity vp and the query vector Equery(k),308

the semantic similarity Se between the edge e309

and the query vector Equery(k), and the semantic310

similarity Sc between the community embedding311

Ecommunity(cp) of entity vp and the key concept312

vector Ek. Through this evaluation mechanism, 313

ElecGraph-RAG produces, for each core candi- 314

date device vd, a ranked subset of reasoning paths 315

Pgraph(vd) based on Spath, which serve as precise 316

evidence sources for final answer generation. 317

3.4 Answer Generation 318

Finally, ElecGraph-RAG synthesizes the multi- 319

granular evidence, global L2 context, L1 device 320

profiles, and precise L0 paths. By explicitly pro- 321

viding the LLM with the source device identity for 322

every piece of attribute evidence, the framework 323

minimizes hallucination and ensures that compara- 324

tive answers rigorously respect entity boundaries. 325

4 Experiments and Results Analysis 326

This section conducts a comprehensive evaluation 327

of the effectiveness and efficiency of the ElecGraph- 328

RAG framework in handling complex question- 329

answering tasks in the electronics domain. We com- 330

pare the overall performance of ElecGraph-RAG 331

against existing baselines, analyze its adaptability 332

and token consumption under different query types, 333

and perform ablation studies to validate the contri- 334

butions of its core modules. 335

4.1 Experimental Setup 336

Datasets. To simulate real-world scenarios of 337

electronic design and device selection and to thor- 338

oughly evaluate the capabilities of RAG systems, 339

we constructed a dedicated knowledge graph and 340

question-answering dataset. Details of the dataset 341

composition are provided in Appendix C. 342

ElecGraph-KG. We collected and processed 70 343

official datasheets of electronic devices from indus- 344

try sources. To ensure diversity of data sources, 345

50 datasheets describe individual devices, while 20 346

datasheets cover multiple series of related models, 347

spanning 20 categories of devices from 18 leading 348

semiconductor manufacturers. 349

ElecGraph-QA. To evaluate complex QA capa- 350

bilities, we constructed the ElecGraph-QA bench- 351

mark, a high-quality set of 200 questions. It covers 352

four distinct categories: precise fact queries (70), 353

comparative analysis across multiple devices (60), 354

multi-hop reasoning (40), and macro-level sum- 355

maries (30). The detailed generation process is 356

described in Appendix A.3. 357

Baselines. To comprehensively evaluate the per- 358

formance of ElecGraph-RAG, we selected several 359

representative baseline methods for comparison: 360
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• LLM-only: This baseline answers questions361

directly using a large language model with-362

out external retrieval, covering both Zero-Shot363

and Chain-of-Thought reasoning (Wei et al.,364

2022).365

• Retrieval-only: This category represents stan-366

dard text-based RAG methods, which re-367

trieve from a vector index built on raw text368

chunks. Two implementations are included:369

Naive-RAG, which constructs a vector index370

on chunked datasheets and retrieves directly371

based on query embedding similarity; and372

HyDE (Gao et al., 2023), which uses an LLM373

to generate a hypothetical document from the374

original query and retrieves relevant chunks375

using this synthetic query, combining the re-376

trieved chunks to produce an answer.377

• Graph-based RAG: This category leverages378

graph data structures during retrieval. We in-379

clude two advanced open-source frameworks:380

GraphRAG (Edge et al., 2024) and Ligh-381

tRAG (Guo et al., 2024). GraphRAG is eval-382

uated with both global community summary383

retrieval (GraphRAG-Global) and local neigh-384

bor expansion retrieval (GraphRAG-Local).385

LightRAG is evaluated with three retrieval386

strategies: LightRAG-Local (low-level entity-387

focused retrieval), LightRAG-Global (high-388

level relation/theme-focused retrieval), and389

LightRAG-Hybrid (a hybrid strategy). De-390

tailed graph indexing configurations are pro-391

vided in Appendix B.3.392

• ElecGraph-RAG Ablation Models: To vali-393

date the contributions of each innovative mod-394

ule of ElecGraph-RAG, we designed four ab-395

lation variants, detailed in Section 4.4.396

Implementation Details. In all our experiments,397

ElecGraph-RAG and all baseline methods used398

the deepseek-chat model (Liu et al., 2024) for all399

LLM operations by default. We adopted Qwen-400

text-embedding-v4 (Zhang et al., 2025a) as the401

embedding model to vectorize all text. All rele-402

vant code and detailed hyperparameter settings are403

provided in Appendix B.4.404

Evaluation Metrics and Methodology. We405

adopted both quantitative and qualitative evalua-406

tion. Accuracy was computed for precise fact and407

comparative analysis queries, where an answer was408

considered correct if it fully contained the core409

Model Precise Fact Comparative
Analysis

LLM-only
Zero-shot 21.43% 8.33%
Chain-of-Thought 14.29% 15.00%

Retrieval-only
Naive-RAG 82.86% 68.33%
HyDE 84.29% 70.00%

Graph-based RAG
GraphRAG-Global 62.86% 41.67%
GraphRAG-Local 82.86% 78.33%
LightRAG-Global 41.13% 25.00%
LightRAG-Local 85.71% 66.67%
LightRAG-Hybrid 88.57% 76.67%

Our Method
ElecGraph-RAG 94.28% 85.00%

Table 1: Accuracy (%) comparison on precise fact and
comparative analysis.

information of the reference answer (Wang et al., 410

2025). For complex reasoning and macro-level 411

queries, we used head-to-head LLM-based evalua- 412

tion (Guo et al., 2024), with deepseek-chat serving 413

as a neutral judge for pairwise (Li et al., 2025), 414

anonymous ranking. Although the same model 415

family is used for both generation and evaluation, 416

the judge is isolated from the retrieval process and 417

only compares anonymized final answers, follow- 418

ing established prior work. Evaluation focused on 419

three aspects: (i) relevance and completeness, (ii) 420

logical structure and clarity, and (iii) insightfulness 421

and technical depth. Details of the evaluation setup 422

and LLM-as-a-Judge prompts are provided in Ap- 423

pendix A.4. 424

4.2 Quantitative Evaluation 425

We first evaluated the accuracy of ElecGraph-RAG 426

and all baseline methods on “Precise Fact” and 427

“Comparative Analysis” queries (Table 1). Results 428

show that LLM-only methods, lacking external re- 429

trieval, perform poorly, confirming the necessity of 430

retrieval augmentation. ElecGraph-RAG achieved 431

the best accuracy of 94.28% and 85.00% on the 432

two tasks, respectively, surpassing both Retrieval- 433

only and advanced Graph-based RAG baselines. 434

Based on this, the following qualitative evaluation 435

on “Multi-hop Reasoning” and “Macro-summary” 436

focuses on comparisons among RAG frameworks. 437

4.3 Qualitative Evaluation 438

Table 2 shows that ElecGraph-RAG significantly 439

outperforms text-based RAG baselines such as 440

Naive-RAG and HyDE, which lack structured 441

knowledge, achieving an overall win rate consis- 442

tently exceeding 80% on multi-hop reasoning and 443
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Multi-hop Reasoning Macro-summary

Naive-RAG ElecGraph-RAG Naive-RAG ElecGraph-RAG

Relevance & Completeness 25.00% 75.00% 33.33% 66.67%
Logical Structure & Clarity 18.75% 81.25% 15.00% 85.00%
Insightfulness & Depth 17.50% 82.50% 28.33% 71.67%
Overall 17.50% 82.50% 15.00% 85.00%

Hyde ElecGraph-RAG Hyde ElecGraph-RAG
Relevance & Completeness 17.50% 82.50% 16.67% 83.33%
Logical Structure & Clarity 10.00% 90.00% 15.00% 85.00%
Insightfulness & Depth 8.75% 91.25% 8.33% 91.67%
Overall 11.25% 88.75% 6.67% 93.33%

GraphRAG-Local ElecGraph-RAG GraphRAG-Local ElecGraph-RAG
Relevance & Completeness 43.75% 56.25% 60.00% 40.00%
Logical Structure & Clarity 46.25% 53.75% 38.33% 61.67%
Insightfulness & Depth 38.75% 61.25% 70.00% 30.00%
Overall 41.25% 58.75% 48.33% 51.67%

GraphRAG-Global ElecGraph-RAG GraphRAG-Global ElecGraph-RAG
Relevance & Completeness 43.75% 56.25% 61.67% 38.33%
Logical Structure & Clarity 55.00% 45.00% 36.67% 63.33%
Insightfulness & Depth 43.75% 56.25% 65.00% 35.00%
Overall 48.75% 51.25% 46.67% 53.33%

LightRAG-Local ElecGraph-RAG LightRAG-Local ElecGraph-RAG
Relevance & Completeness 50.00% 50.00% 55.00% 45.00%
Logical Structure & Clarity 41.25% 58.75% 35.00% 65.00%
Insightfulness & Depth 48.75% 51.25% 53.33% 46.67%
Overall 45.00% 55.00% 41.67% 58.33%

LightRAG-Global ElecGraph-RAG LightRAG-Global ElecGraph-RAG
Relevance & Completeness 45.50% 57.50% 43.33% 56.67%
Logical Structure & Clarity 35.00% 65.00% 40.00% 60.00%
Insightfulness & Depth 43.75% 56.25% 40.00% 60.00%
Overall 37.50% 62.50% 26.67% 73.33%

LightRAG-Hybrid ElecGraph-RAG LightRAG-Hybrid ElecGraph-RAG
Relevance & Completeness 53.75% 46.25% 56.67% 43.33%
Logical Structure & Clarity 42.50% 57.50% 56.67% 43.33%
Insightfulness & Depth 55.00% 45.00% 48.33% 51.67%
Overall 46.25% 53.75% 55.00% 45.00%

Table 2: Win rate (%) of ElecGraph-RAG over baselines on multi-hop reasoning and macro-summary queries

macro-summary queries.444

For multi-hop reasoning queries, ElecGraph-445

RAG achieves the highest overall win rate across all446

comparisons, with the most pronounced advantage447

observed in the “Logical Structure and Clarity” di-448

mension. Through the synergy of the L1 device pro-449

file layer and the L0 factual graph layer, ElecGraph-450

RAG provides the LLM with logically coherent and451

highly relevant evidence chains, thereby generat-452

ing clearer and more complete answers for tasks453

requiring deep reasoning.454

In macro-summary query tasks, ElecGraph-RAG455

demonstrates strong competitiveness. Experimen-456

tal results show that our framework significantly457

outperforms baselines such as GraphRAG-Global458

and LightRAG-Global, which adopt pure global re-459

trieval strategies. This indicates that our dual-path460

abstraction strategy, combining device-centric L1461

profiles and L2 thematic clusters, is more effective 462

at aggregating and distilling macro-level informa- 463

tion than generic global community summaries. 464

Even when compared with top-performing hybrid 465

baselines such as LightRAG-Hybrid, ElecGraph- 466

RAG remains highly competitive, validating the 467

effectiveness of our framework in handling global- 468

level queries. 469

4.4 Ablation Analysis 470

To verify the effectiveness of each core module in 471

the ElecGraph-RAG framework, we removed four 472

specific modules and evaluated their impact on the 473

performance of four query types, with the results 474

shown in Figure 5, and the detailed experimental 475

design is provided in Appendix B.5. 476

The experimental results clearly reveal the dif- 477

ferentiated roles of the modules. Removing the 478
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Model Prompt Completion Total

Retrieval-only

Naive-RAG 1,737,837 31,789 1,769,626
HyDE 2,389,431 113,363 2,502,794

Graph-based RAG

GraphRAG-Local 2,099,273 133,536 2,232,809
GraphRAG-Global 44,733,550 603,552 45,337,102
LightRAG-Local 2,425,371 95,842 2,521,213
LightRAG-Global 1,584,920 82,568 1,667,488
LightRAG-Hybrid 3,426,133 100,569 3,526,702

Our Method

ElecGraph-RAG 783,775 53,661 837,436

Table 3: Comparison of total token consumption on
ElecGraph-QA.

summary layer (w/o Summaries) causes a severe479

performance drop on macro-level queries, with a480

win rate of only 3.33%, and also severely affects481

comparative analysis capability. This demonstrates482

the critical role of dual-path abstraction in global483

information aggregation and providing rich con-484

text. Removing graph path reasoning (w/o Graph-485

Path) has the largest impact on multi-hop reasoning486

queries, proving the importance of structured path487

evidence from the L0 layer in constructing rigorous488

logical chains. Removing the L2 global semantic489

pruning strategy (w/o L2-Filter) disrupts the cog-490

nitive navigation mechanism, failing to lock onto491

the correct focus of attention, and removing the492

intent understanding module (w/o Intent) both lead493

to performance degradation across all query types.494

These ablation results strongly demonstrate that495

every module in ElecGraph-RAG’s hierarchical in-496

dexing and focused retrieval architecture makes a497

key contribution to achieving its superior overall498

performance.499

4.5 Cost Analysis500

We evaluate the resource efficiency of ElecGraph-501

RAG by measuring total token consumption on the502

ElecGraph-QA benchmark (Table 3).503

Our framework achieves a 52.7% reduction504

in total tokens compared to Naive-RAG. Cru-505

cially, when compared to the strongest quality506

baseline, LightRAG-Hybrid, ElecGraph-RAG con-507

sumes only 23.7% of its tokens. The efficiency gain508

is most pronounced against GraphRAG-Global,509

which incurs massive costs by traversing numerous510

communities.511

ElecGraph-RAG leverages the macro-level L2512

layer to efficiently focus on a small set of highly513

Figure 5: Ablation analysis of ElecGraph-RAG on four
query types. For “Precise Fact” and “Comparative Anal-
ysis” queries, the metric is accuracy, while for “Multi-
hop Reasoning” and “Macro-summary” queries, the
metric is win rate.

relevant candidate devices at the early stage of re- 514

trieval, avoiding the processing of large amounts of 515

irrelevant context and significantly reducing both 516

LLM API costs and generation latency, demonstrat- 517

ing the framework’s advanced capability to balance 518

answer quality and runtime cost. 519

5 Conclusion 520

This paper presents ElecGraph-RAG, the first 521

retrieval-augmented generation framework explic- 522

itly designed to align hierarchical retrieval with 523

the device-centric, star-shaped ontology of elec- 524

tronic datasheets. By introducing ontology-aligned 525

semantic abstraction and coarse-to-fine retrieval, 526

ElecGraph-RAG addresses a fundamental failure 527

mode of existing graph-based RAG systems, entity- 528

attribute misattribution in technical question an- 529

swering. In addition to improved accuracy on 530

both factual and comparative queries, our approach 531

substantially reduces retrieval and generation cost, 532

demonstrating that faithful retrieval and resource 533

efficiency are not conflicting objectives but can be 534

jointly achieved through principled structural de- 535

sign. 536

Comprehensive experiments validate the effec- 537

tiveness of ElecGraph-RAG. It achieves 94.28% 538

and 85.00% accuracy on “Precise Fact” and “Com- 539

parative Analysis” queries, and over 80% win rate 540

on complex tasks compared with unstructured text 541

RAG baselines. Moreover, its token usage is only 542

23.7% of the strongest baseline, demonstrating a 543

balanced trade-off among accuracy, overall perfor- 544

mance, and resource efficiency, and offering a new 545

paradigm for building production-grade domain- 546

specific RAG systems. 547
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Limitations548

While ElecGraph-RAG demonstrates superior per-549

formance in the electronics domain, it has several550

limitations: (1) PDF Parsing: The framework’s551

performance is still partially bounded by the qual-552

ity of initial PDF-to-text conversion, particularly553

for complex nested tables. (2) Real-time Updates:554

While we support incremental clustering in L2, a555

fully real-time graph update mechanism for rapidly556

changing data streams is yet to be implemented.557

Ethics Statement558

The data used in this study (ElecGraph-KG) con-559

sists of publicly available official datasheets from560

semiconductor manufacturers. No private or sensi-561

tive user data was involved. The proposed frame-562

work is intended for design assistance and does563

not generate harmful or biased content. However,564

users should verify critical parameters in industrial565

safety-sensitive applications.566
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Appendix669

A Prompt Details670

A.1 Knowledge Graph Construction Prompts671

Our knowledge graph construction pipeline672

aims to systematically build a device-centric,673

well-structured star-shaped knowledge graph from674

unstructured PDF datasheets, addressing core chal-675

lenges such as entity ambiguity, information dis-676

persion, and attribute misassignment. The detailed677

process is as follows:678

First, the raw PDF datasheets are parsed us-679

ing OCR and segmented into text chunks. Sub-680

sequently, the framework applies the prompt for681

device model extraction (see Figure 6) to each text682

chunk to identify and extract all potential device683

model names. This process records the chunk ID684

where each model occurs and, in parallel, detects685

“common information chunks” that are not tied to686

specific models but instead apply to the entire doc-687

ument or product series.688

Due to potential issues in the initial model ex-689

traction, such as the coexistence of aliases, series690

names, and specific models (e.g., LM392DGKT691

and LM392), or redundancies caused by format-692

ting errors, we designed a crucial entity fusion693

and normalization step. We employ heuristic rules694

(e.g., subsequence relationships in device names)695

to automatically cluster potentially related models696

into groups. For each group, the framework in-697

vokes an LLM to construct context based on all698

models within the group and their associated text699

chunk IDs. Using built-in domain-specific rules for700

electronic components (e.g., distinguishing series701

names, packaging suffixes, orderable models, and702

datasheet subject models), the LLM intelligently703

determines whether to perform merge or delete op-704

erations. For instance, it merges information from705

the package model LM392DGKT into the base706

model LM392. This process ultimately outputs a707

clean, unique, and normalized device entity list,708

where each entity aggregates all its relevant text709

chunk IDs.710

After obtaining the normalized device list, the711

framework performs attribute extraction for each712

device. First, it identifies all relevant text chunks713

for the device, including its dedicated chunks and714

all common information chunks. Each individ-715

ual text chunk is then traversed, and using the At-716

tributes_prompt (see Figure 8), with the device717

name as an anchor, the framework extracts struc- 718

tured parameters for the device. Finally, parameters 719

extracted from all relevant text chunks are aggre- 720

gated to form a complete attribute entity set for the 721

device. 722

After aggregating all attribute entities for each 723

device, the framework performs a fine-grained post- 724

processing stage for conflict resolution. This pro- 725

cess is handled by a tool-using LLM agent designed 726

to merge, select, or consolidate conflicting values. 727

To resolve ambiguity, the agent can autonomously 728

request and analyze the original text context, en- 729

suring the final attribute set is both consistent and 730

accurate. 731

The final step in the pipeline is to assemble the 732

normalized device entities and their cleaned at- 733

tribute entities into a coherent knowledge graph. 734

This process is governed by a set of rules designed 735

to strictly enforce the device-centric, star-shaped 736

topology: 737

• Dynamic Edge Naming: The relationship 738

type for most attributes is dynamically gen- 739

erated from the attribute’s base name. A key 740

aspect of this process is normalization: for 741

parameter attributes that include specific con- 742

ditions (e.g., “Forward Voltage @Ta=25°C”), 743

the framework strips these conditional suf- 744

fixes to generate a generalized edge type (e.g., 745

“has Forward Voltage”). This design choice 746

allows multiple parameter nodes representing 747

the same attribute under different conditions 748

to share a single, canonical relationship type, 749

which significantly improves the efficiency 750

and robustness of retrieval for general queries. 751

• Specific Relations: Key relationships are ex- 752

plicitly defined, such as the “is produced by” 753

edge connecting a “Device” to a “Manufac- 754

turer”, and the “Belongs to Category” edge 755

connecting a “Device” to its lowest-level “Cat- 756

egory”. 757

This rule-based assembly ensures that the final 758

knowledge graph is consistent, logically structured, 759

and optimized for the subsequent hierarchical re- 760

trieval tasks. 761

A.2 Intent Understanding Prompts 762

During retrieval, the framework employs the LLM 763

to decompose the user query intent via chain-of- 764

thought reasoning and extract a list of potential 765

keywords contained in the query (see Figure ??). 766
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Figure 6: Prompt for device model extraction and common information identification.

A.3 ElecGraph-QA Generation Process767

The ElecGraph-QA benchmark was systematically768

constructed to ensure question quality, diversity,769

and relevance to real-world applications in the elec-770

tronics domain. The process is detailed below.771

Contextual Grounding. To ground the question772

generation process in realistic data, we employed773

a context-sampling strategy. In each generation774

round, the system randomly selected five datasheets775

from our corpus and extracted their full text con-776

tent. This collection of texts served as the context777

provided to the Large Language Model (LLM), en-778

suring that the generated questions were based on779

a diverse but manageable set of information.780

Persona-Based Question Generation. To guar-781

antee the practical relevance and domain-specificity782

of the questions, we instructed the LLM to adopt783

one of four pre-defined expert personas for each784

generation task. This persona-based approach en-785

sured that the generated questions covered a wide786

spectrum of user intentions encountered in the elec-787

tronics industry (see Figure 9):788

• Hardware Engineer: Responsible for power789

supply and signal conditioning module design,790

focusing on device voltage and current param-791

eters, heat dissipation capabilities, and relia-792

bility, including power device and sensor se-793

lection. 794

• Procurement Specialist: Develops consumer 795

electronics/IoT products, focusing on periph- 796

eral device interface compatibility, analog sig- 797

nal front-end configuration, and system inte- 798

gration efficiency. 799

• Embedded Developer: Responsible for prod- 800

uct selection and price comparison, focusing 801

on device packaging compatibility, substitu- 802

tion relationships between mainstream man- 803

ufacturers, and model performance compari- 804

son. 805

• Test and Validation Engineer: Performs 806

functional, extreme parameter, and logical be- 807

havior testing on samples in the laboratory, 808

focusing on device response speed, extreme 809

values, and behavioral consistency. 810

Quality Control and Curation. After multiple 811

generation rounds, we curated a final set of 200 812

questions. To eliminate any potential for LLM- 813

induced hallucinations or factual inaccuracies, ev- 814

ery generated answer was manually verified against 815

the source datasheets by human experts. Any an- 816

swers found to be incorrect or ambiguous were 817

either corrected or discarded, ensuring the high 818

quality and reliability of the final benchmark. The 819

12



Figure 7: Prompt for structured extraction of device-centric attribute entities.

final distribution of question types is detailed in the820

main paper’s Experimental Setup section.821

A.4 Evaluation Setup and LLM-as-a-Judge822

Prompts823

To ensure a comprehensive and fair assessment of824

our framework’s performance, we employed two825

distinct evaluation methodologies, each tailored to826

the nature of the query types. An LLM was utilized827

as an impartial judge in both setups.828

A.4.1 Accuracy Evaluation for Factual829

Queries830

For “Precise Fact” and “Comparative Analysis”831

queries, which have definitive correct answers, we832

conducted a point-wise accuracy evaluation against833

a ground truth. The evaluation process for each834

question-answer pair involved providing the LLM835

judge with three pieces of information: the original836

question, the manually verified ground truth an-837

swer, and the generated answer from the model838

being evaluated.839

Evaluation Criteria. The LLM was instructed to 840

follow a strict "core fact matching" rule. A gener- 841

ated answer was deemed correct if it semantically 842

contained all the key factual information present 843

in the ground truth answer. The presence of addi- 844

tional, correct information in the generated answer 845

was permissible and did not result in a penalty. 846

An answer was marked as incorrect if it contra- 847

dicted any core fact or omitted critical information 848

from the ground truth. The detailed system prompt, 849

which enforces a JSON output format specifying 850

correctness and reasoning, is shown in Figure 10. 851

A.4.2 Head-to-Head (H2H) Evaluation for 852

Complex Queries 853

For the more subjective “Multi-hop Reasoning” 854

and “Macro-summary” queries, where a single 855

ground truth answer is often insufficient, we 856

adopted a pair-wise, head-to-head (H2H) evalu- 857

ation methodology. In this setup, the LLM judge 858

was presented with the original question and two 859

anonymously provided answers (“Answer 1” and 860

“Answer 2”), one from our ElecGraph-RAG frame- 861
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Figure 8: Prompt for structured extraction of device-centric attribute entities.

work and one from a baseline model.862

Evaluation Criteria. The LLM, acting as a do-863

main expert, was tasked with selecting the superior864

answer based on three specific dimensions: (i) Rel-865

evance & Completeness, (ii) Logical Structure866

& Clarity, and (iii) Insightfulness & Technical867

Depth. The full system prompt provided to the868

LLM judge is shown in Figure 11.869

Bias Mitigation and Robust Win Condition. To870

mitigate potential positional bias from the LLM871

judge, each pair of answers was evaluated twice,872

with their order swapped in the second run (i.e., A873

vs. B, then B vs. A). A model was declared the874

winner for a given dimension only if the LLM’s875

preference remained consistent across both evalua-876

tions. If the judgments were inconsistent between877

the two runs, the result for that dimension was878

considered a tie. This robust process ensures the re-879

liability of the final win-rate calculations presented880

in the main paper.881

B Implementation and Configuration 882

Details 883

B.1 Configuration of Dynamic Community 884

Vectors 885

As introduced in the Graph Factual Layer subsec- 886

tion, the dynamic community vector Ecommunity(c) 887

is constructed via a Fuse(·) function, formally de- 888

fined in Equation (2). The fusion is implemented 889

as a weighted linear combination of two key com- 890

ponents: the community’s conceptual name vector 891

and the average vector of its member entities. 892

Community Name Vector (Ename(c)). To cre- 893

ate a rich semantic representation for each com- 894

munity’s name, we do not simply embed the name 895

itself (e.g., “Manufacturer”). Instead, each commu- 896

nity is associated with a pre-defined set of seman- 897

tically related keywords and descriptions, which 898

are maintained within the framework’s configura- 899

tion. For instance, the “Parameters” community is 900

associated with the string “Technical parameters, 901

electrical characteristics, physical characteristics, 902

performance metrics”. The resulting embedding 903

of this descriptive string serves as the community 904

name vector, denoted as Ename(c). 905
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Figure 9: Prompt for persona-based generation of QA pairs.

Aggregated Member Vector. The set of mem-906

ber entity vectors, {Enode(vi) | vi ∈ Vc}, is aggre-907

gated into a single representative vector by com-908

puting their element-wise mean. This results in the909

average member vector, which we can denote as910

Ēmembers(c).911

Fusion Implementation. The Fuse(·) function912

is thus implemented as the following weighted913

sum: 914

Ecommunity(c) = wname · Ename(c)

+ wmembers · Ēmembers(c)
915

The weights for this fusion are set as follows: 916

• The weight for the community name vector, 917

wname, is set to 0.6. 918

• The weight for the average member vector, 919

wmembers, is set to 0.4. 920
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Figure 10: Prompt for the point-wise accuracy evaluation.

Figure 11: Prompt for the head-to-head (H2H) evaluation.

The choice of these weights is deliberate. By921

assigning a higher weight to the community name922

vector (wname = 0.6), we ensure that the final923

community embedding Ecommunity(c) primarily re-924

flects its abstract, predefined semantic concept (e.g.,925

the general concept of “Parameters”). This makes926

the community vector a more stable and reliable tar-927

get during the L2 Macro-summary Retrieval stage, 928

where broad conceptual keywords extracted from 929

the user’s query need to be matched to the cor- 930

rect community. The non-zero weight for the aver- 931

age member vector (wmembers = 0.4) serves as a 932

data-driven refinement, grounding the abstract con- 933

cept in the specific context of the entities actually 934
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Hyperparameter Symbol Value

L2 Macro-summary Retrieval
Query Fusion Weight ωq 0.4
Keyword Weight ωk 0.6
Community Match Threshold – 0.3
L2 Summary Score Threshold – 0.4

L1 Device Summary Retrieval
Device Frequency Weight ωfreq 0.4
Quality (Relevance) Weight ωqual 0.6
Total Summaries to Retrieve Ktotal 10
Similarity Weight (Ranking) – 0.7
Device Weight (Ranking) – 0.3

L0 Path Reasoning
Device Importance Weight ωd 0.1
Neighbor Node Similarity ωn 0.4
Edge Similarity Weight ωe 0.25
Community Similarity Weight ωc 0.5
Top Paths to Return – 10

Table 4: Hyperparameter settings for the hierarchical
retrieval process.

present in our knowledge graph.935

Finally, the resulting vector Ecommunity(c) is L2-936

normalized to ensure it has a unit length. This937

weighted fusion approach allows the community938

vector to balance the community’s core semantic939

definition with the actual semantics of its member940

entities, creating a robust and dynamic representa-941

tion for retrieval.942

B.2 Configuration of Hierarchical Retrieval943

As described in the Hierarchical Retrieval section,944

our retrieval process consists of four core stages.945

This appendix provides the detailed hyperparame-946

ter configurations used in each stage. A summary947

of all key parameters is presented in Table 4.948

Macro-summary Retrieval. This stage identi-949

fies relevant high-level themes from the L2 sum-950

mary layer. The construction of the fused query951

vector, Equery(k), as defined in Equation (3), is952

weighted by ωq = 0.4 and ωk = 0.6. To ensure rel-953

evance, a keyword is routed to a community only if954

the matching similarity exceeds a threshold of 0.3,955

and an L2 summary is retrieved only if its score is956

above 0.4.957

Device Summary Retrieval. This stage calcu-958

lates an importance weight, W (vd), for each candi-959

date device based on the retrieved L2 summaries.960

As shown in Equation (4), this calculation is gov-961

erned by the weights ωfreq = 0.4 for normal-962

ized frequency and ωqual = 0.6 for average rel-963

evance score. Based on these weights, a total of964

Ktotal = 10 candidate devices are selected for the965

next step. The subsequent ranking of L1 summaries 966

for these devices is performed using a separate scor- 967

ing function that weighs semantic similarity at 0.7 968

and the device weight at 0.3. 969

Path Reasoning. This final retrieval stage scores 970

one-hop reasoning paths from the candidate de- 971

vices. The composite scoring function, detailed in 972

Equation (5), integrates multiple semantic signals. 973

The weights for this function are set as follows: de- 974

vice importance weight ωd = 0.1, neighbor node 975

similarity ωn = 0.4, edge similarity ωe = 0.25, 976

and community similarity ωc = 0.5. The top 977

10 paths are returned as the final graph-based evi- 978

dence. 979

B.3 Baseline Model Configurations 980

To ensure a fair and reproducible comparison, this 981

section details the key configurations for the Ligh- 982

tRAG and GraphRAG baseline frameworks. For all 983

experiments involving these baselines, key recall 984

parameters (such as the number of retrieved entities 985

or relationships) were consistently set to 10 to align 986

with our method’s settings. 987

B.3.1 LightRAG Configuration 988

For all LightRAG experiments, the set of extracted 989

entity types was defined as “Device”, “Package 990

type”, “Basic information”, “Pin Configuration”, 991

“Parameters”, “Manufacturer”, and “Ordering in- 992

formation”. These types were chosen to directly 993

correspond to the predefined semantic communi- 994

ties used in our ElecGraph-RAG framework. The 995

configurations for each retrieval mode are as fol- 996

lows: 997

Local Mode (LightRAG-Local). The local 998

search retrieves relevant entities based on keyword 999

similarity. The primary retrieval parameter, top k, 1000

was set to 10. The maximum token limits for entity 1001

context and the total query context were kept at 1002

their default values of 10,000 and 30,000, respec- 1003

tively. 1004

Global Mode (LightRAG-Global). The global 1005

search focuses on retrieving relevant relationships. 1006

The top k for relationships was also set to 10. The 1007

cosine similarity threshold for vector search was 1008

the default value of 0.2, and token limits were kept 1009

at their default settings. 1010

Hybrid Mode (LightRAG-Hybrid). The hybrid 1011

mode combines both local and global strategies. 1012
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For our experiments, the number of retrieved enti-1013

ties, relationships, and initial text chunks were all1014

consistently set to 10.1015

B.3.2 GraphRAG Configuration1016

The initial knowledge graph for GraphRAG was1017

built using the entity types “Device”, “Manufac-1018

turer”, “Package type”, “Basic information”, “Pin1019

Configuration”, “Parameters”, and “Ordering Infor-1020

mation”. As with LightRAG, these entity types cor-1021

respond to the semantic communities in our main1022

framework.1023

Local Mode (GraphRAG-Local). Local search1024

was configured to retrieve a balanced context con-1025

sisting of the top 10 most relevant entities and the1026

top 10 most relevant relationships. The propor-1027

tional allocation of the context window for different1028

information types was kept at the default setting.1029

Global Mode (GraphRAG-Global). Global1030

search involves a map-reduce process over com-1031

munity summaries. We utilized the default config-1032

uration for our experiments, which sets the total1033

context window size to 12,000 tokens and limits1034

the search to a maximum depth of two levels within1035

the community hierarchy.1036

B.4 Experimental Implementation Details.1037

In our experiments, all LLM operations for both1038

ElecGraph-RAG and the baseline methods were1039

implemented using the deepseek-chat model. We1040

employed Qwen-text-embedding-v4 as the embed-1041

ding model to encode all textual data.1042

To provide appropriately sized context for down-1043

stream tasks while preserving the document’s se-1044

mantic integrity, we designed and implemented a1045

dynamic text chunking strategy. This process is ap-1046

plied to all datasheets and consists of the following1047

steps:1048

1. Structural Splitting: First, we parse the1049

Markdown document and split it into semanti-1050

cally coherent “structural blocks” based on its1051

inherent structure (e.g., headings, paragraphs,1052

tables). This initial step ensures that logically1053

related content, such as an entire table, is not1054

prematurely divided.1055

2. Adaptive Chunk Size Calculation: To avoid1056

forcibly splitting large, important blocks (like1057

a comprehensive parameter table), we dynam-1058

ically calculate an adaptive target chunk size.1059

This size is determined based on the length of1060

the largest structural block found in the doc- 1061

ument, but is constrained within a predefined 1062

minimum and maximum range (e.g., 400 to 1063

1000 tokens). This adaptability ensures that 1064

the chunk size is appropriate for the specific 1065

content of each datasheet. 1066

3. Greedy Block Combination: Next, we greed- 1067

ily combine consecutive structural blocks into 1068

a set of initial, non-overlapping text chunks. 1069

This combination process continues until the 1070

inclusion of the next block would exceed the 1071

dynamically calculated target size. This step 1072

results in a series of chunks that are semanti- 1073

cally complete. 1074

4. Structural Overlap Application: Finally, to 1075

preserve contextual continuity between adja- 1076

cent chunks, a structural overlap is applied. 1077

For each chunk (from the second chunk on- 1078

wards), the framework prepends a portion of 1079

the preceding chunk. Critically, this overlap 1080

is not a fixed token count that could truncate a 1081

block mid-sentence. Instead, it is constructed 1082

by taking complete structural blocks from the 1083

end of the preceding chunk until the total size 1084

of the overlap reaches approximately 200 to- 1085

kens. This method ensures that each chunk 1086

begins with a coherent context from the pre- 1087

vious section, mitigating information loss at 1088

chunk boundaries. 1089

B.5 Ablation Study Design 1090

To quantitatively assess the contribution of each 1091

core module within the ElecGraph-RAG frame- 1092

work, we designed four distinct ablation variants. 1093

Each variant disables a specific component to iso- 1094

late its impact on performance across the four query 1095

types. 1096

B.5.1 w/o Summaries 1097

This experiment aims to validate the value of the 1098

L1 Device Profile and L2 Cross-Device Thematic 1099

Summary layers in providing essential macro-level 1100

context and semantic generalization. 1101

Methodology. In this mode, the L1 and L2 sum- 1102

mary layers of the hierarchical index are completely 1103

disabled, forcing the entire retrieval process to op- 1104

erate directly on the L0 factual graph layer. The 1105

process is as follows: first, after query deconstruc- 1106

tion, the overall query vector Eq is used to perform 1107

a global similarity search against all device entities 1108
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in the L0 graph, identifying an initial set of top-1109

10 candidate starting devices. Subsequently, for1110

this candidate set, the framework conducts a one-1111

hop path evaluation. The relevance of each path1112

is scored using the fused query vector Equery(k),1113

as defined in Equation (3) of the main paper. Con-1114

sequently, the final context provided to the LLM1115

consists solely of L0 graph path evidence, without1116

any summary information.1117

B.5.2 w/o Graph-Path1118

This experiment is designed to assess the contribu-1119

tion of the fine-grained, structured path evidence1120

provided by the L0 factual graph layer in ensuring1121

factual precision and logical interpretability.1122

Methodology. The retrieval pipeline in this1123

mode—from intent deconstruction to L2 filter-1124

ing and L1 drill-down—is identical to the full1125

ElecGraph-RAG framework. The sole modifica-1126

tion occurs in the final context construction stage,1127

where the system is configured to ignore the results1128

from the Path Reasoning step. As a result, the fi-1129

nal context includes only the summary information1130

from the L2 and L1 layers.1131

B.5.3 w/o L2-Filter1132

This experiment evaluates the core function of the1133

L2 summary layer as an efficient candidate-set fil-1134

ter and focusing mechanism for improving both1135

retrieval efficiency and precision.1136

Methodology. In this variant, the L2 summary1137

layer is bypassed, forcing the initial retrieval to oc-1138

cur on the much larger and noisier L1 layer. The1139

fused query vectors are used to perform a global1140

top-10 vector search across an aggregated pool con-1141

taining all L1 summaries from all devices. The1142

results of this broad search are then used to reverse-1143

engineer device relevance and compute their con-1144

textual weights, which in turn guide the final L01145

path reasoning stage.1146

B.5.4 w/o Intent1147

This experiment tests the necessity of the LLM-1148

based intent deconstruction module, particularly1149

for handling multifaceted and complex queries.1150

Methodology. In this mode, the step of extract-1151

ing multiple keywords via the LLM is disabled.1152

Instead of using a cluster of keyword vectors, the1153

entire retrieval process relies on a single vector de-1154

rived from the original, un-decomposed user query.1155

Hyperparameters Accuracy (%)

ωqual ωfreq Precise Fact Comp. Analysis

0.1 0.9 67.14 51.67
0.3 0.7 72.86 60.00
0.5 0.5 70.00 63.33
0.6 0.4 94.28 85.00
0.7 0.3 71.43 63.33
0.9 0.1 71.43 60.00

Table 5: Sensitivity analysis of device anchoring
weights on retrieval accuracy. The default configuration
(ωqual = 0.6, ωfreq = 0.4) yields the highest perfor-
mance.

This single vector is used for all subsequent simi- 1156

larity calculations, including L2 community rout- 1157

ing, L1 summary retrieval (top-10), and L0 path 1158

scoring (top-10). This forces the system to un- 1159

derstand and retrieve information from a single, 1160

un-differentiated semantic perspective. 1161

B.6 Hyperparameter Sensitivity Analysis 1162

To determine the optimal configuration for the 1163

device anchoring mechanism described in Equa- 1164

tion (4), we conducted a sensitivity analysis on 1165

the weighting parameters ωqual (Quality/Relevance 1166

Weight) and ωfreq (Frequency Weight). 1167

We evaluated the framework’s performance on 1168

the “Precise Fact” and “Comparative Analysis” 1169

query sets under varying weight combinations, sub- 1170

ject to the constraint ωqual + ωfreq = 1.0. The 1171

results, summarized in Table 5, demonstrate a dis- 1172

tinct performance peak. 1173

Analysis of Results. The data reveals that the 1174

retrieval performance is highly sensitive to the bal- 1175

ance between semantic relevance and structural 1176

centrality. 1177

• Dominance of Frequency (ωfreq > 0.5): 1178

When the frequency weight is too high (e.g., 1179

0.9), the system tends to retrieve generic or 1180

"hub" devices that appear frequently in the 1181

dataset but may not be semantically specific to 1182

the user’s query, leading to a significant drop 1183

in accuracy (e.g., 67.14% on factual queries). 1184

• Dominance of Quality (ωqual > 0.6): Con- 1185

versely, relying too heavily on semantic sim- 1186

ilarity alone (e.g., ωqual = 0.9) increases 1187

the risk of selecting devices that mention the 1188

query keywords purely by chance or in a tan- 1189

gential context, lacking the structural evidence 1190

of being a core topic. 1191
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• Optimal Balance: The configuration of1192

ωqual = 0.6 and ωfreq = 0.4 achieves a1193

synergy where semantic relevance guides the1194

search, while frequency acts as a structural an-1195

chor to confirm the device’s importance. This1196

setting provides a substantial accuracy gain1197

(+24.28% on Precise Fact queries compared1198

to the 0.5/0.5 baseline), validating its selection1199

as the default for our framework.1200

C Dataset Composition1201

C.1 ElecGraph-KG: Knowledge Graph1202

Source Data1203

Our knowledge base, ElecGraph-KG, was con-1204

structed to reflect real-world industry scenarios.1205

The source corpus consists of 70 official electronic1206

device datasheets collected from various industry-1207

leading manufacturers. To ensure data source di-1208

versity, the corpus includes 50 datasheets for sin-1209

gle devices and 20 for device series, spanning 201210

distinct device categories from 18 leading semicon-1211

ductor manufacturers. A representative sample of1212

the datasheets is shown in Table 6.1213

Due to copyright restrictions associated with1214

the official datasheets, the source PDF files for1215

ElecGraph-KG cannot be publicly released.1216

C.2 ElecGraph-QA: Question Answering1217

Benchmark1218

To address the lack of standardized benchmarks1219

for complex question answering in the electron-1220

ics domain, we constructed the ElecGraph-QA1221

evaluation set.1222

The benchmark was generated using a Large1223

Language Model (LLM) instructed to adopt four1224

pre-defined domain expert personas: a Hardware1225

Engineer, a Procurement Specialist, an Embedded1226

Developer, and a Test & Validation Engineer. In1227

each generation round, the LLM was provided1228

with the text content from 5 randomly sampled1229

datasheets as context. This process ensures the1230

questions are both grounded in real data and repre-1231

sentative of authentic application scenarios, with1232

sufficient depth and breadth.1233

The final benchmark consists of 200 questions,1234

which are categorized as follows:1235

• 70 Precise Fact Queries, which ask about1236

specific parameters for a single device.1237

• 60 Comparative Analysis Queries, which re-1238

quire comparing specific performance aspects1239

of two or more devices. 1240

• 40 Multi-hop Reasoning Queries, whose an- 1241

swers must be inferred through relationship 1242

chains in the knowledge graph. 1243

• 30 Macro-summary Queries, which target 1244

global questions about a device category or a 1245

specific topic. 1246

The full ElecGraph-QA benchmark, including 1247

questions and manually reviewed ground-truth an- 1248

swers, will be made available as part of the supple- 1249

mentary material for this paper. 1250

D Comparative Analysis of Framework 1251

Outputs 1252

D.1 Comparison of Knowledge Base 1253

Structures 1254

Based on the same corpus of 70 datasheets, we 1255

constructed knowledge bases using our proposed 1256

method as well as the two baseline frameworks. 1257

The following statistics highlight the significant 1258

differences in their resulting structure and scale. 1259

ElecGraph-RAG. Using the device-centric con- 1260

struction methodology, our framework generated 1261

a highly structured and detailed knowledge base 1262

with the following statistics: 1263

• Entities: 13,005 1264

• Edges: 17,733 1265

• L1 Device Summaries: 4,900 1266

• L2 Cross-Device Summaries: 308 1267

GraphRAG. The knowledge base constructed by 1268

the GraphRAG framework, using the entity types 1269

specified in Appendix B.3, consists of the following 1270

components: 1271

• Entities: 2,884 1272

• Relationships: 3,705 1273

• Community Reports: 427 1274

• Text Units: 473 1275

LightRAG. The knowledge base generated by 1276

the LightRAG framework, using the entity types 1277

specified in Appendix B.3, has the following statis- 1278

tics: 1279

• Entities: 6,844 1280

• Edges: 7,013 1281

• Text Chunks: 473 1282
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Datasheet Device Count Manufacturer Category

LDF 1 STMicroelectronics N.V. LDO Regulator
SGT120R65AL 1 STMicroelectronics N.V. GaN Device
STPS5L60SFY 1 STMicroelectronics N.V. Schottky Diode
1N6642U 1 STMicroelectronics N.V. Switching Diode
L2720W 1 STMicroelectronics N.V. Op-Amp
STPSC8H065-Y 1 STMicroelectronics N.V. Schottky Diode
UC3611M 2 Texas Instruments Diode Array
TMAG6180-Q1 1 Texas Instruments Angle Sensor
LMG3100R017 1 Texas Instruments GaN Device
EZX84WC15V 4 Texas Instruments Zener Diode
CSD75208W1015 1 Texas Instruments MOSFET
UD1006FR 1 ON Semiconductor Rectifier Diode
ON-J111 6 ON Semiconductor JFET
NCV8614B 1 ON Semiconductor LDO Regulator
NXP-X3T-OH048 4 NXP Semiconductors Angle Sensor
BF904 2 NXP Semiconductors MOSFET
PMEFJ112 3 NXP Semiconductors FET
IRG4PH50S 1 Infineon IGBT
TLV4976-2K 1 Infineon Hall Effect Switch
IMT65R048M1H 1 Infineon GaN Device
ADPD2140 1 Analog Devices, Inc. Angle Sensor
LTC1555L 1 Analog Devices, Inc. Latch
HMC843 1 Analog Devices, Inc. SLogic Gate
ADI-MAX31827 1 Maxim Integrated Temperature Sensor
APD Series 36 Isolink, Inc. Switching Diode

Table 6: A Representative Sample of Datasheets in the ElecGraph-KG Corpus

(a) GraphRAG (b) LightRAG (c) ElecGraph-RAG

Figure 12: A visual comparison of knowledge graph structures generated for the LM392 datasheet. (a) The graph
from GraphRAG shows a web-like structure. (b) The graph from LightRAG presents another relational structure.
(c) Our ElecGraph-RAG framework generates a distinct, device-centric star-shaped topology.

D.2 Visual Comparison of Knowledge Graph1283

Topologies1284

To visually illustrate the fundamental structural dif-1285

ferences between the knowledge bases, Figure 121286

presents the graph topologies generated by the three1287

frameworks for the same LM392 datasheet.1288

GraphRAG. As shown in Figure 12(a), the1289

topology generated by GraphRAG is, similar to1290

LightRAG, a multi-centric and clustered structure.1291

While several prominent hub nodes form local clus-1292

ters, a significant number of entities remain com-1293

pletely disconnected as isolated nodes scattered 1294

throughout the graph space. This indicates that the 1295

generic extraction process fails to establish relation- 1296

ships for many entities. Consequently, retrieving a 1297

complete context for a single device is challenging, 1298

as information is fragmented across multiple, dis- 1299

connected clusters and numerous isolated entities, 1300

leading to a high risk of information loss. 1301

LightRAG. Similar to GraphRAG, the topology 1302

generated by LightRAG, shown in Figure 12(b), is 1303

also a multi-centric and clustered structure. The 1304

graph features several prominent hub nodes (e.g., 1305
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Question Recommend a suitable IGBT module (600V, 50A, low thermal resistance) for an industrial robot servo
driver, and explain its switching loss and packaging characteristics.

GraphRAG-Local Recommends the IMT65R048M1H, correctly identifying its voltage rating. However, it incorrectly states
the continuous current is 15A and suggests a parallel design to meet the 50A requirement. The answer
provides a very detailed analysis of the device’s low switching loss (due to CoolSiC technology), its
thermally optimized packaging, and is supplemented with extensive application suggestions [...].

ElecGraph-RAG Also recommends the IMT65R048M1H. It correctly identifies the continuous current rating as 50A at
25°C, directly meeting the user’s requirement. The answer is presented as a highly concise, structured list
of key specifications covering the device’s voltage/current capability, thermal resistance, packaging, and
switching performance, concluding with a practical heat dissipation recommendation.

LLM Decision (Run 1: GraphRAG-Local vs. ElecGraph-RAG)

• Relevance & Completeness: Winner = GraphRAG-Local. Reasoning: The answer is more compre-
hensive, providing alternative solutions and application advice.

• Logical Structure & Clarity: Winner = ElecGraph-RAG. Reasoning: The bulleted list structure is
clearer and easier to read.

• Insightfulness & Depth: Winner = GraphRAG-Local. Reasoning: The answer explains the meaning
of the parameters in the application context and provides a life expectancy estimate.

LLM Decision (Run 2: ElecGraph-RAG vs. GraphRAG-Local)

• Relevance & Completeness: Winner = ElecGraph-RAG. Reasoning: The answer is closer to the
question and completely addresses all user requests.

• Logical Structure & Clarity: Winner = ElecGraph-RAG. Reasoning: The organization is clear and
the bulleted list is easy to understand.

• Insightfulness & Depth: Winner = ElecGraph-RAG. Reasoning: The answer provides practical
advice such as heat dissipation recommendations and highlights the benefits of the SiC technology.

Table 7: An example of head-to-head evaluation for a multi-hop reasoning query, including the two generated
answers and the full results from the bias-mitigation evaluation runs.

for the device model and manufacturer) that form1306

local clusters. However, attributes are not anchored1307

to a single, central device entity. Instead, informa-1308

tion is distributed across these different clusters,1309

and numerous entities exist as disconnected, iso-1310

lated nodes. This fragmentation can lead to an1311

incomplete context during retrieval for a specific1312

device.1313

ElecGraph-RAG. In sharp contrast, our frame-1314

work, shown in Figure 12(c), generates a distinctly1315

hierarchical and device-centric star-shaped topol-1316

ogy. The central node (red) represents the core1317

device entity (LM392). The smaller star-like sub-1318

structures visible in the diagram are a result of our1319

edge generalization strategy. The centers of these1320

small stars (e.g., parameter types, shown in orange)1321

are not actual data nodes; they are visual conver-1322

gence points for edges sharing the same general-1323

ized relationship type (e.g., “has Forward Voltage”).1324

In the underlying data, all attribute nodes connect1325

directly and exclusively to the single, central de-1326

vice entity. This architecture ensures that a simple1327

one-hop query from the device node is sufficient to1328

retrieve all its associated information, drastically1329

simplifying query complexity and eliminating the1330

risk of entity isolation that can occur in more com- 1331

plex graph structures. 1332

D.3 Qualitative Comparison of Generated 1333

Answers 1334

To illustrate the practical difference in output qual- 1335

ity, Table 7 presents a concrete example of a head- 1336

to-head evaluation for a complex, multi-hop rea- 1337

soning query. This comparison showcases how the 1338

underlying knowledge base structure impacts the 1339

relevance, clarity, and depth of the final generated 1340

answer. 1341
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