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Abstract001

Multimodal knowledge graph completion002
(MKGC) aims to improve structural reasoning003
by incorporating visual and textual information.004
However, existing approaches rely heavily on005
embedding fusion, where multimodal features006
are compressed and fused into a unified vector007
before structural prediction. This compression-008
then-fusion paradigm inevitably reduces the009
rich semantics carried by raw modalities, treat-010
ing them as auxiliary cues rather than sources011
of explicit structural knowledge. As a re-012
sult, current MKGC methods often fail to013
capture deeper relational semantics implied014
in texts and images. To address this limita-015
tion, we propose LLM-SE (Large Language016
Model–driven Structural Enhancement), a017
generate-then-disentangle framework that trans-018
forms raw multimodal signals into explicit019
structural triplets instead of collapsing them020
into unified embeddings. LLM-SE includes021
two main modules: (1) Multimodal Triplet022
Generation, which performs the generation023
step by leveraging large multimodal models024
to extract meaningful triplets from texts and025
images; and (2) Dual-View Complex mod-026
ule, a disentanglement mechanism that sepa-027
rates origin triplets from LLM-generated deep028
triplets, enabling the model to adaptively cap-029
ture stable and exploratory knowledge. Exten-030
sive experiments on multiple MKGC bench-031
marks show that LLM-SE consistently outper-032
forms state-of-the-art models across all met-033
rics. The code and data are available at034
https://anonymous.4open.science/r/LLM-SE.035

1 Introduction036

Knowledge graph (KG) completion is a pivotal area037

within the broader field of knowledge representa-038

tion and reasoning. Since the inception of knowl-039

edge graphs, exemplified by Google’s KG in 2012,040

they have become essential for structuring and in-041

terrelating vast amounts of data across domains042

(Liu et al., 2024; Xu et al., 2024). Knowledge043

Figure 1: An intuition of existing MKGC methods and
LLM-SE. Our method directly extracts deep information
from multimodal features to enhance KG.

graphs have numerous applications, including rec- 044

ommendation system (Wang et al., 2025) and natu- 045

ral language understanding (Liu et al., 2018; Jiang 046

et al., 2025). However, the real-world KGs are 047

usually incomplete because their source documents 048

and web information are usually deficient. Knowl- 049

edge graph completion addresses this challenge 050

by predicting missing links and entities, thereby 051

enhancing its effectiveness across various applica- 052

tions. 053

Multimodal knowledge graph completion 054

(MKGC) extends the traditional KG completion 055

task by incorporating additional entity-related 056

modalities such as textual descriptions, images, 057

and other auxiliary data sources. By leveraging 058

these heterogeneous signals, MKGC aims to 059

improve the prediction of missing entities and 060

relations. This naturally raises a central research 061

question: How can multimodal information be 062

more effectively exploited to enhance knowledge 063

graph completion? 064

As illustrated in Figure 1(a), existing MKGC 065

approaches primarily follow a compression-then- 066

fusion paradigm: multimodal information is com- 067

pressed into frozen embeddings and subsequently 068

fused into a unified representation. For example, 069

OTKGE (Cao et al., 2022) employs optimal trans- 070

port to align modalities into a unified embedding 071
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space. VISTA (Lee et al., 2023) applies Trans-072

former architectures in both encoder and decoder073

stages to fuse multimodal signals before structural074

learning. MyGO (Zhang et al., 2025b) proposes075

a fine-grained fusion mechanism that more tightly076

integrates visual and textual semantics into a joint077

embedding. Despite their architectural differences,078

these methods share a common limitation: multi-079

modal information experiences partial loss through080

compression.081

Therefore, we propose LLM-SE, a new082

generate-then-disentangle framework for multi-083

modal knowledge graph completion. LLM-SE con-084

sists of two complementary components. The mul-085

timodal triplet generation module leverages large086

language models to generate deep triplets from087

visual and textual features, followed by deduplica-088

tion and pruning operations to optimize KG. The089

dual-view complex module models triplets from090

different knowledge sources as two distinct views,091

enabling the model to differentiate varying levels092

of reliability and provenance.093

Our main contributions are summarized as fol-094

lows:095

• To the best of our knowledge, this is the096

first work that departs from compression-then-097

fusion designs and introduces a generate-then-098

disentangle framework for MKGC task.099

• We introduce a multimodal triplet generation100

module that employs LLMs to construct se-101

mantically rich deep triplets from visual and102

textual modalities.103

• We propose a dual-view complex module that104

separates surface triplets from LLM-generated105

deep triplets through two distinct views, dif-106

ferentiating knowledge from different sources107

of credibility.108

• We conduct extensive experiments on multiple109

benchmark datasets, demonstrating that LLM-110

SE consistently outperforms state-of-the-art111

methods.112

2 Problem Formulation113

A surface MKG Gsurf = (E ,R, T , I,D) con-114

sists of an entity set E , a relation set R, the tu-115

ples T , a set of images I, and a set of text de-116

scriptions D. Each triplet in T is represented as117

T = {(h, r, t)|h, t ∈ E , r ∈ R}. Entity h is re-118

lated to entity t through relation r. Besides, I,D119

correspond to the collections of images and tex- 120

tual descriptions for each entity e. The MKGC 121

task aims to predict the missing component in the 122

triplets, where the missing component can be ei- 123

ther the head entity in the triplet (h, r, ?) or the tail 124

entity in the triplet (?, r, t). 125

3 Methodology 126

As shown in Figure 2, the proposed LLM-SE frame- 127

work comprises two key components: multimodal 128

triplet generation and dual-view complex module. 129

3.1 Multimodal Triplet Generation 130

In order to obtain deeper knowledge, we carry out 131

the following four steps: triplet extraction, relation 132

alignment, graph deduplication, and graph pruning. 133

3.1.1 Triplet Extraction 134

Triplet extraction serves as the core component of 135

the structural enhancement process, transforming 136

unstructured multimodal descriptions into explicit 137

relational facts. We design a six-step prompting 138

strategy that guides the LLM to gradually infer 139

triplets. Specifically: 140

(1) Main Entity Prioritization. Deep triplets 141

are constrained to include surface entities. 142

(2) Joint Multimodal Reasoning. Text is 143

treated as the primary information source, while im- 144

ages are incorporated as complementary evidence. 145

(3) Entity Formatting Constraints. Entity 146

names are required to be explicit and well-defined, 147

avoiding vague expressions (e.g., "two people"). 148

(4) Textual and Visual Verifiability. All entities 149

must be verifiable through textual descriptions or 150

visual evidence. 151

(5) Relation Coherence. Relations are restricted 152

to well-defined expressions, with preference given 153

to be selected from origin relations R. 154

(6) Category-Aware Image Reasoning. We 155

provide example of how to extract triplets from 156

images of certain categories (e.g. poster). 157

We construct prompt Textract(·) from the textual 158

De and visual information Ie of the entity e: 159

(ĥ, r̂, t̂)n = LLM(Textract(Ie, De,R)) (1) 160

where (ĥ, r̂, t̂)n denotes generated triplets. De- 161

tailed prompts are provided in Appendix D. 162

3.1.2 Relation Alignment 163

After building the initial deep triplets, deep rela- 164

tions have many textual differences but are semanti- 165

cally one relation. We used a two-step LLM prompt 166
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Figure 2: The framework of our proposed LLM-SE.

strategy. After extracting relation information from167

the text in the first step, we use FAISS index (John-168

son et al., 2021) to retrieve specification relation169

names Rwiki from Wikidata KG and rank them170

based on cosine similarity. This index is built using171

pretrained Contriever embeddings (Izacard et al.,172

2022). We select the top-5 relations, denoted as173

top5(Rwiki), that are most similar to r̂. We con-174

struct these 5 candidate relations, entity descrip-175

tions, and triplets as prompts:176

r̄ = LLM(Talign(De, ĥ, r̂, t̂, top5(Rwiki))) (2)177

where r̄ denotes the aligned representation of r̂.178

3.1.3 Graph Deduplication179

This stage aims to refine the subgraphs extracted180

in the previous step into standardized and explicit181

forms, thereby integrating the separated subgraphs182

in the deep knowledge graph.183

Entity Description Acquisition. Many entities184

contain only short surface forms, resulting in shal-185

low semantic signals that hinder accurate graph186

merging. For example, entities such as "United187

States" and "USA" are lexically distant despite re-188

ferring to the same concept. Therefore, we lever-189

age recent advances in LLMs to generate concise,190

entity-focused descriptions. We design a prompt 191

Tdescription(·) that guides the LLM to produce se- 192

mantically informative text for each entity e. 193

D̂e = LLM(Tdescription(e)) (3) 194

The resulting D̂e enriched descriptions provide a 195

stronger semantic basis for subsequent merging and 196

alignment. 197

Cross-Graph Deduplication. The next step is 198

to eliminate redundancy and integrate the surface 199

KG with the deep KG. Redundancy may occur 200

both within the deep graph and across the deep and 201

surface graphs, as semantically equivalent entities 202

can appear under different lexical forms. To this 203

end, we perform similarity-based entity merging, 204

where entities from the deep graph are deduplicated 205

or aligned to their surface counterparts. Formally, 206

the merging operation is triggered when the cosine 207

similarity between two entity embeddings satisfies 208

cos(ei, ej) ≥ λe: 209

merge(ei, ej) =

{
ei, ei, ej ∈ Gdeep

ej , ei ∈ Gdeep, ej ∈ Gsurf

(4) 210

where ei, ej denote the textual embeddings of enti- 211

ties, λe is the entity threshold, Gdeep represents the 212
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deep KG, and cos(·, ·) denotes the cosine similarity213

function. Correspondingly, we also use a similar214

threshold λr and method to handle relations.215

3.1.4 Graph Pruning216

The generation process introduces a large num-217

ber of low-degree entities and triplets. Many of218

these newly create nodes had degree one and re-219

main isolated near the periphery of the graph. Dur-220

ing backpropagation, the representation updates of221

these newly generated entities are almost entirely222

determined by a single neighboring entity–relation223

pair, resulting in highly unstable and uninformative224

gradients. To mitigate this issue, we apply a degree-225

based pruning strategy and remove deep entities226

with degree one along with their associated deep227

triplets.228

3.2 Dual-View Complex Module229

The new knowledge graph G′ = (E ′,R′, T ′) con-230

sists of a new entity set E ′, a relation set R′, and231

the tuples T ′.232

3.2.1 Motivation233

After augmenting the KG with LLM-generated234

triplets, the resulting graph becomes a mixture of235

reliable original triplets and potentially noisy LLM-236

generated ones. Therefore, we propose a dual-view237

complex module that disentangles knowledge from238

two distinct views according to their credibility.239

Stable View: Corresponding to the original, sur-240

face, and high-confidence triplets. Exploratory241

View: Corresponding to LLM-generated, deep, and242

lower-confidence triplets. Then, we identify three243

fundamental logical patterns that a robust model244

should capture:245

Property 1: The same entity pair may corre-246

spond to different relations under different views.247

Property 2: Certain triples remain valid across248

different views.249

Property 3: A triple valid in one view may be-250

come invalid in another.251

We show that the LLM-SE is theoretically capa-252

ble of modeling these patterns (Appendix C.7).253

3.2.2 Formalization and Scoring Function254

ComplEx (Trouillon et al., 2016) is a widely used255

and robust baseline model. Therefore, we choose to256

conduct research and development based on Com-257

plEx. Let h, r, t ∈ Cd be the complex embeddings258

of the head, relation, and tail, respectively, where d259

is the embedding dimension. We split these com- 260

plex vectors into their real and imaginary parts: 261

h = (Re(h), Im(h)), and similarly for r and t. 262

View embedding v ∈ C3d is a high-dimensional 263

vector that encodes the source (surface or deep) of 264

a triplet. This vector is segmented to provide view 265

specific adjustments for the head, tail, and relation 266

representations: vh, vr, vt ∈ Cd. 267

The head and tail embeddings are adjusted by 268

adding a view-specific bias: 269

h′ = (Re(h) +Re(vh), Im(h) + Im(vh))
t′ = (Re(t) +Re(vt), Im(t) + Im(vt))

(5) 270

Additionally, the relation embedding is modulated 271

by vr, which acts as a view-specific relation modu- 272

lator. The view-specific relation representation r′ 273

is computed as a complex multiplication: 274

r′ = (Re(r)⊙Re(vr)− Im(r)⊙ Im(vr)),
Re(r)⊙ Im(vr) + Im(r)⊙Re(vr))

(6) 275

where ⊙ denotes the Hadamard product. 276

The score for a triplet (h, r, t) under view v is 277

formulated as a modified complex inner product: 278

ϕ(h, r, t, v)

=
〈
(Re(h′)⊙Re(r′)− Im(h′)⊙ Im(r′)), Re(t′)

〉
+
〈
(Im(h′)⊙Re(r′) +Re(h′)⊙ Im(r′)), Im(t′)

〉
(7) 279

where ⟨·, ·⟩ denotes the dot product. The two parts 280

constitute the standard ComplEx scoring function. 281

For the loss function, mathematically, we express 282

it as: 283

L = −log(
exp(ϕ(h, r, t, v))∑

t′ ̸=t∩t∈E ′ exp(ϕ(h, r, t, v))
) (8) 284

In addition, we use N3 (Lacroix et al., 2018) regu- 285

larization and Adagrad optimizer to train our model 286

for robust inference. 287

4 Experiments 288

4.1 Experiment Setup 289

Dataset. We conduct experiments on three publicly 290

available MKG datasets: MKG-W (Xu et al., 2022), 291

MKG-Y (Xu et al., 2022), and DB15K (Liu et al., 292

2019). Detailed information about the datasets used 293

is provided in Table 1. 294

Data Leakage. During the filtering stage, we im- 295

pose strict constraints by filtering only original 296

knowledge to ensure that potentially noisy triples 297

do not lead to false performance improvements. 298
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Table 1: Statistic of Datasets.

E E ′ R R′ #train #train′ #valid #test Image Text
MKG-W 15000 25404 169 1005 34196 119751 4276 4274 14463 14123
MKG-Y 15000 25482 28 980 21310 102541 2665 2663 14244 12305
DB15K 12842 21392 279 1611 79222 157207 9902 9904 12818 9078

Table 2: Comprehensive link prediction results across different datasets. The best results are in bold, and the
second-best are underlined.

Model MKG-W MKG-Y DB15K
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

Uni-modal KGC Methods
TransE (Bordes et al., 2013) 0.292 0.211 0.332 0.442 0.307 0.235 0.352 0.434 0.249 0.128 0.315 0.471
DistMult (Yang et al., 2015) 0.210 0.159 0.223 0.309 0.250 0.193 0.278 0.360 0.230 0.148 0.263 0.396
ComplEx (Trouillon et al., 2016) 0.249 0.191 0.267 0.367 0.287 0.223 0.321 0.409 0.275 0.184 0.316 0.454
RotatE (Sun et al., 2019) 0.337 0.268 0.367 0.467 0.350 0.291 0.384 0.453 0.293 0.179 0.361 0.500
PairRE (Chao et al., 2021) 0.344 0.282 0.367 0.460 0.320 0.255 0.358 0.439 0.311 0.216 0.359 0.493

Multi-modal KGC Methods
TBKGC (Sergieh et al., 2018) 0.315 0.253 0.340 0.432 0.340 0.305 0.353 0.401 0.284 0.156 0.370 0.499
TransAE (Wang et al., 2019) 0.300 0.212 0.349 0.447 0.281 0.253 0.291 0.330 0.281 0.213 0.312 0.412
IKRL (Xie et al., 2017) 0.324 0.261 0.348 0.441 0.332 0.304 0.343 0.383 0.268 0.141 0.349 0.491
OTKGE (Cao et al., 2022) 0.344 0.289 0.363 0.449 0.355 0.320 0.372 0.414 0.239 0.185 0.259 0.342
MMKRL (Lu et al., 2022) 0.301 0.222 0.341 0.447 0.368 0.317 0.398 0.453 0.268 0.139 0.351 0.494
IMF (Li et al., 2023) 0.345 0.288 0.366 0.454 0.358 0.330 0.371 0.406 0.323 0.242 0.360 0.482
VISTA (Lee et al., 2023) 0.329 0.261 0.354 0.456 0.305 0.249 0.324 0.415 0.304 0.225 0.336 0.459
AdaMF-MAT (Zhang et al., 2024b) 0.359 0.290 0.390 0.484 0.386 0.343 0.406 0.458 0.351 0.253 0.411 0.529
MyGO (Zhang et al., 2025b) 0.361 0.298 0.385 0.478 0.384 0.350 0.398 0.442 0.377 0.301 0.413 0.522
MoMoK (Zhang et al., 2025a) 0.359 0.304 0.375 0.461 0.379 0.351 0.392 0.432 0.396 0.324 0.435 0.541
NativE (Zhang et al., 2024a) 0.366 0.296 - - 0.390 0.348 - - 0.372 0.280 - 0.541
LLM-SE (ours) 0.477 0.405 0.519 0.607 0.506 0.446 0.542 0.613 0.441 0.351 0.488 0.604
improve∆ 30.3% 33.2% 33.1% 25.4% 29.7% 27.1% 33.5% 33.8% 11.4% 8.3% 12.2% 11.6%

Moreover, the knowledge encoded in the LLM and299

the provided multimodal input does not constitute300

data leakage, as no external supervision from the301

evaluation sets is introduced.302

Baselines. For unimodal KGC methods, we adopt303

5 representative models: TransE (Bordes et al.,304

2013), DistMult (Yang et al., 2015), ComplEx305

(Trouillon et al., 2016), RotatE (Sun et al., 2019),306

PairRE (Chao et al., 2021). For multimodal KGC307

methods, we employ 11 competitive models, in-308

cluding TBKGC (Sergieh et al., 2018), TransAE309

(Wang et al., 2019), IKRL (Xie et al., 2017),310

OTKGE (Cao et al., 2022), MMKRL (Lu et al.,311

2022), IMF (Li et al., 2023), VISTA (Lee et al.,312

2023), AdaMF-MAT (Zhang et al., 2024b), MyGO313

(Zhang et al., 2025b), MoMoK (Zhang et al.,314

2025a), and NativE (Zhang et al., 2024a).315

Parameters Setting. Learning rates are set as 1e-1.316

Batch sizes are set as 1024. The entity and relation317

thresholds λe, λr are set to 0.8 and 0.7, respectively.318

The embedding dimension is fixed at 512. The319

LLM we used is Qwen-VL-235B-A22B-Instruct.320

The best model is selected via early stopping on the321

validation set. We show the details of the evaluation322

protocol in Appendix B.323

4.2 Main Results 324

From Table 2, LLM-SE consistently outperforms 325

all competing methods across the three datasets, 326

yielding substantial gains in all evaluation metrics. 327

For uni-modal KGC baselines, their performance 328

is generally inferior to multimodal approaches. 329

In most datasets, the multimodal variants outper- 330

form their uni-modal counterparts, indicating that 331

multimodal information provides complementary 332

signals. Recent MKGC methods remain subopti- 333

mal due to excessive information loss introduced 334

by aggressive feature compression. For example, 335

VISTA (Lee et al., 2023) extends multimodal fu- 336

sion to include relational modalities and employs 337

Transformer encoders; Similarly, MyGO (Zhang 338

et al., 2025b) introduces fine-grained multimodal 339

fusion with contrastive training strategies. But all 340

of them still operate on heavily compressed em- 341

beddings. In contrast, LLM-SE achieves superior 342

performance by adopting a novel generation-then- 343

disentangle paradigm, yielding substantial improve- 344

ments on MKG-W and MKG-Y (30%), and rela- 345

tively smaller gains on DB15K (10%). This dis- 346

crepancy arises because DB15K contains fewer 347

textual and visual features, resulting in a limited 348

number of generated deep triplets. 349
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Table 3: Results of ablation study. The best results are presented in boldface.

Category MKG-W MKG-Y DB15K
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

(1) w/o Image 0.462 0.391 0.498 0.590 0.493 0.435 0.529 0.592 0.436 0.349 0.482 0.595
(2) w/o Text 0.378 0.319 0.402 0.489 0.393 0.356 0.414 0.459 0.408 0.326 0.448 0.560
(3) w/o CGD 0.472 0.402 0.507 0.599 0.422 0.365 0.441 0.510 0.407 0.323 0.448 0.562
(4) w/o Pruning 0.471 0.396 0.510 0.597 0.501 0.440 0.534 0.608 0.433 0.345 0.478 0.595
(5) w/o DVC 0.431 0.357 0.474 0.558 0.442 0.367 0.495 0.562 0.420 0.324 0.475 0.592
LLM-SE (ours) 0.477 0.405 0.519 0.607 0.506 0.446 0.542 0.613 0.441 0.351 0.488 0.604

Figure 3: Visualization of low-dimensional player embeddings. Each node represents a player, and the five colors
correspond to different team affiliations. The red hollow circles mark the some players, and the gray dashed lines
indicate the distances between them.

4.3 Ablation Study350

To further evaluate the effectiveness of LLM-SE351

and its components, we conduct a systematic abla-352

tion study, as shown in Table 3. Experiments (1)353

and (2) remove the image and text modalities, re-354

spectively. Performance drops in both cases, with355

a notably larger degradation when textual features356

are removed, indicating the dominant role of text in357

these datasets. Experiment (3) removes the Cross-358

Graph Deduplication (CGD) module, resulting in359

substantial performance declines on MKG-Y and360

DB15K, but only a minor drop on MKG-W. This361

is attributed to the more consistent entity seman-362

tics generated by the LLM on MKG-W, which re-363

duces the reliance on deduplication. Experiment364

(4) shows that removing graph pruning causes mod-365

erate performance degradation across all datasets,366

suggesting that pruning deep entities not only re-367

duces model size but also benefits performance.368

Finally, Experiment (5) replaces the dual-view com-369

plex module (DVC) with ComplEx, leading to an370

approximately 10% performance drop, which high-371

lights the effectiveness of dual-view modeling.372

5 Discussion373

5.1 Entity Embedding Visualization374

To further assess the quality of the learned repre-375

sentations, we visualize the embeddings of football376

players using t-SNE on the MKG-Y dataset, as377

shown in Figure 3. The first three subfigures illus-378

trate the structural, visual, and textual patterns. The 379

fourth and fifth subfigures present the representa- 380

tions produced by the VISTA and LLM-SE. 381

For a single modality, players from different 382

teams tend to appear in overlapping regions, mak- 383

ing team boundaries difficult to discern. In contrast, 384

both VISTA and LLM-SE draw players from the 385

same team closer together and more clearly sepa- 386

rate players from different teams, demonstrating 387

their effectiveness in multimodal information inte- 388

gration. However, the clusters generated by VISTA, 389

while internally compact, are excessively distant 390

from each other, resulting excessive separation that 391

does not reflect real-world continuity. For example, 392

the red hollow circles in the figure highlight play- 393

ers from two teams who share the same on-field 394

position (guards). Their positional roles imply that 395

they should not be placed far apart solely based on 396

team affiliation. In this case, LLM-SE produces 397

more reasonable representations than VISTA, yield- 398

ing a distribution that better reflects the underlying 399

semantic relationships. 400

5.2 Effectiveness of the Multimodal Triplet 401

Generation Module 402

To verify the effectiveness of the multimodal triplet 403

generation (MTG) module, we conduct experi- 404

ments on several uni-modal baseline models using 405

the enhanced knowledge graph dataset. We eval- 406

uate and compare the performance of each base- 407

line model before and after integrating MTG while 408
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Table 4: Results of different models with multimodal triplet generation. The best results are in bold.

MKG-W MKG-Y DB15K
Model

MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
LLM-SE (ours) 0.477 0.405 0.519 0.607 0.506 0.446 0.542 0.613 0.441 0.351 0.488 0.604
ComplEx (w/ MTG) 0.431 0.357 0.474 0.558 0.442 0.367 0.495 0.562 0.420 0.324 0.475 0.592
ComplEx 0.249 0.191 0.267 0.367 0.287 0.223 0.321 0.409 0.275 0.184 0.316 0.454
DistMult (w/ MTG) 0.426 0.347 0.471 0.564 0.425 0.341 0.488 0.557 0.405 0.311 0.475 0.595
DistMult 0.210 0.159 0.223 0.309 0.250 0.193 0.278 0.360 0.230 0.148 0.263 0.396
RotatE (w/ MTG) 0.430 0.347 0.483 0.567 0.435 0.351 0.501 0.569 0.398 0.299 0.468 0.581
RotatE 0.337 0.268 0.367 0.467 0.350 0.291 0.384 0.453 0.293 0.179 0.361 0.500

keeping all parameter configurations unchanged.409

As shown in Table 4, MTG consistently improves410

performance across multiple datasets, demonstrat-411

ing its effectiveness and generality.412

Specifically, MTG enhances all evaluation met-413

rics for the three decoder baselines on all datasets.414

Notably, the MRR metric exhibits substantial gains.415

For example, on the MKG-W dataset, OTKGE im-416

proves ComplEx from 0.249 to 0.344 through mul-417

timodal feature fusion, whereas directly enhancing418

structural features with LLM-generated triplets fur-419

ther boosts performance to 0.431. The considerable420

improvements across different decoders indicate421

that enriching structural information rather than422

compressing multimodal features may provide a423

more effective solution for MKGC task.424

5.3 Training Dynamics under Dual-View425

Mechanism426

To verify the effectiveness of the proposed DVC427

module, we analyze the training dynamics of Com-428

plEx and DVC on enhanced KGs, as shown in429

Figures 4 and 5. We observe that the ComplEx430

model fails to stably fit the training data on all three431

datasets enhanced with deep triplets, as the training432

metric Hits@1 stops improving before reaching433

100%. This is because ComplEx assumes a single-434

view semantic space, while the enhanced KGs con-435

tain inherently conflicting triples, which violates436

the three logical properties in Section 3.2.1. In437

contrast, DVC introduces a dual-view mechanism438

that explicitly disentangles stable knowledge from439

exploratory information. Moreover, evaluations on440

the test set further demonstrate that this improved441

training behavior does not lead to overfitting, but442

instead yields stronger adaptability and robustness443

in the presence of noisy data.444

5.4 Case Study445

To validate how our LLM-driven data augmentation446

optimizes reasoning, we conduct a detailed case447

study comparing LLM-SE and NativE in Table 5.448

(a) MKG-W (b) MKG-Y (c) DB15K

Figure 4: Comparison on the Hits@1 vs. epochs of
DVC and ComplEx in train datasets.

(a) MKG-W (b) MKG-Y (c) DB15K

Figure 5: Comparison on the Hits@1 vs. epochs of
DVC and ComplEx in test datasets.

Case 1: (The Belly of an Architect, cast mem- 449

ber, ?) 450

The baseline NativE struggles with data spar- 451

sity, forced to traverse a 4-hop path involving ir- 452

relevant nodes like "United Kingdom" to reach 453

the target "Brian Dennehy". In contrast, LLM- 454

SE identifies a direct 1-hop connection. This indi- 455

cates that our LLM-driven module successfully ex- 456

tracted the explicit triplet (The Belly of an Architect, 457

cast_member, Brian Dennehy) directly from the 458

movie’s description and injected this missing edge 459

into the graph. By turning a potential multi-hop 460

reasoning problem into a simple 1-hop retrieval, 461

LLM-SE significantly improves accuracy. 462

Case 2: (The Wild, composer, ?) 463

LLM-SE infers the composer "Alan Silvertri" 464

via a highly plausible collaborative chain: "The 465

Wild" shares the lead actor "Kiefer Sutherland" 466

with the movie "Young Guns II", which was com- 467

posed by "Alan Silvertri". This suggests a strong 468

latent correlation in the production process. Con- 469

versely, NativE generates a long path by relying on 470

the generic high-degree node "film". Relying on 471
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Table 5: Comparison between LLM-SE and NativE on different queries.

Query
LLM-SE NativE

Correct entity ranking position
& Top-5 ranked candidate entities

Shortest_path
& Hops

Correct entity ranking position
& Top-5 ranked candidate entities

Shortest_path
& Hops

(The Balley of an Architect,
cast member, ?)
Ground Truth:
Brian Dennehy

1, (Brian Dennehy ✓,
Peter Greenaway,

Chloe Grace Moretz,
John Gielgud,
Ciaran Hinds)

The Balley of an Architect
→ Brian Dennehy

12, (Peter Greenaway,
John Gielgud,
Ciaran Hinds,

Richard Bohringer,
Michael Gambon)

The Balley of an Architect
→ United Kindom
→ Tony Blair

→ Yale University
→ Brian Dennehy

(The Wild,
composer, ?)

Ground Truth:
Alan Silvertri

3, (Ed Dector,
John Debney,

Alan Silvertri ✓.
David Newman,
Randy Edelman)

The Wild
→ Kiefer Sutherland
→ Young Guns II
→ Alan Silvertri

17, (John Debney,
Randy Edelman,
David Newman,
Christophe Beck,
Danny Elfman)

The Wild
→ Ed Dector

→ There’s Something About Mary
→ film

→ The Quick and the Dead
→ Alan Silvertri

(a) MKG-W (b) DB15K

Figure 6: Visual representation of relation embedding
from different views and datasets.

the broad concept of "film" creates a weak semantic472

link, whereas LLM-SE leverages strong entity-to-473

entity correlations enriched by our enhancement.474

Across all the cases, LLM-SE consistently out-475

performs NativE, ranking correct entities higher476

and uncovering shorter reasoning paths.477

5.5 Dual-View Effect on Relation Embeddings478

To investigate the impact of the dual-view mech-479

anism, we visualize embeddings of the original480

relations from the MKG-W and DB15K datasets481

under two distinct views. As illustrated in Figure 6,482

we apply t-SNE to project the embeddings into a483

low-dimensional space, where blue circles denote484

relations in the stable view and orange squares de-485

note relations in the exploratory view. Our relation486

embeddings r are combined with two views vr via487

complex multiplication, corresponding to distinct488

rotations and scalings in each view (Trouillon et al.,489

2016). Consequently, for DB15K, some relations490

remain close under both views (central), indicating491

that the dual-view transformations induce consis-492

tent shifts, while others are separated (periphery),493

reflecting adaptive shifts. This indicates that the494

dual-view mechanism introduces controllable se-495

mantic shifts, adaptively allocating representational496

capacity to balance stability and exploration.497

Table 6: Resource consumption comparison among
LLM-SE, NativE and MoMoK.

Metrics LLM-SE NativE MoMoK
1. Trainable Parameters (M) ↓ 28.07 39.96 86.96
2. GPU Memory (GB) ↓ 0.75 9.64 3.65
3. TPS ↑ 15363.25 2242.82 8012.70
4. GFLOPS ↓ 0.83 1.81 17.84

5.6 Resource Consumption 498

To systematically evaluate the computational effi- 499

ciency of our proposed LLM-SE framework, we 500

conduct a comparative analysis with two base- 501

line models: NativE and MoMoK. Specifically, 502

we evaluate the number of trainable parameters, 503

GPU memory consumption, transactions per sec- 504

ond (TPS), and GFLOPS. 505

As shown in Table 6, LLM-SE demonstrates su- 506

perior resource efficiency, achieving the lowest con- 507

sumption across all four evaluated resources while 508

also delivering the fastest runtime. This lightweight 509

characteristic stems from the architectural design of 510

LLM-SE, which models structural information in 511

a uni-modal manner, thereby avoiding the substan- 512

tial computational overhead typically introduced by 513

multimodal fusion during training and inference. 514

6 Conclusions 515

In this work, we propose a simple yet effective ap- 516

proach that departs from conventional compression- 517

then-fusion designs and introduces a generate-then- 518

disentangle framework for MKGC. Instead of com- 519

pressing heterogeneous modalities into unified em- 520

beddings, our method directly transforms multi- 521

modal data into structured representations, thereby 522

explicitly performing knowledge generation at the 523

structural level. LLM-SE directly enhances MKGC 524

performance and achieve state-of-the-art results on 525

three benchmark datasets. 526
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Limitations527

Although our framework achieves strong perfor-528

mance, it is not without limitations. First, the use529

of LLMs introduces overhead. Because we invoke530

the LLM once for each existing entity, KGs with a531

large number of entities require substantial token532

consumption, which increases computational cost.533

Second, the effectiveness of our approach is influ-534

enced by domain specificity. When the multimodal535

information of a KG differ substantially from the536

corpora on which the LLM was pre-trained, perfor-537

mance may degrade. This often requires manual538

intervention, such as incorporating domain-specific539

terminology into in-context examples to improve540

LLM understanding.541
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A Related Work 732

In this section, we respectively introduce embed- 733

ding methods for static and multimodal knowledge 734

graph. 735

A.1 Static Knowledge Graph Methods 736

TransE (Bordes et al., 2013) modeled each relation 737

as a translation vector that mapped the head en- 738

tity embedding close to the tail entity embedding, 739

i.e., h+ r ≈ t. To alleviate the limitations of rep- 740

resenting all relations in a single space, TransH 741

(Wang et al., 2014) projected entity embeddings 742

onto relation-specific hyperplanes. DistMult (Yang 743
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et al., 2015) adopted a simple bilinear scoring func-744

tion, enabling efficient modeling of relation seman-745

tics through multiplicative interactions. ComplEx746

(Trouillon et al., 2016) further extended this formu-747

lation into the complex-valued space, allowing the748

model to naturally capture both symmetric and an-749

tisymmetric relational patterns. RotatE (Sun et al.,750

2019) represented relations as rotations in the com-751

plex plane, effectively generalizing translational752

assumptions. QuatE (Zhang et al., 2019) further753

generalized this idea by embedding entities and re-754

lations in quaternion space. ConvE (Dettmers et al.,755

2018) introduced convolutional neural networks756

to model interactions between entity and relation757

embeddings.758

A.2 Multimodal Knowledge Graph Methods759

KBLRN (García-Durán and Niepert) represented760

one of the earliest attempts by jointly modeling re-761

lational, latent, and numerical information. DKRL762

(Xie et al., 2016) leveraged textual descriptions763

alongside structural information, while IKRL (Xie764

et al., 2017) incorporated visual features into en-765

tity representations. TransAE (Wang et al., 2019)766

extended TransE with a multimodal autoencoder767

to learn joint representations across modalities.768

MoSE (Zhao et al., 2022) highlighted the issue769

of modality conflicts and addressed it by maintain-770

ing modality-specific representations followed by771

ensemble-based prediction. RSME (Wang et al.,772

2021) introduced a learnable gating mechanism to773

regulate the influence of visual contextual informa-774

tion. IMF (Li et al., 2023) proposed a two-stage775

fusion strategy that exploited cross-modal com-776

plementarity while preserving modality-specific777

knowledge. VISTA (Lee et al., 2023) enriched778

multimodal KGs by incorporating relational-level779

visual and textual information into a unified het-780

erogeneous encoding framework. NativE (Zhang781

et al., 2024a) proposed a framework for MKGC782

that introduced a relation-guided dual adaptive fu-783

sion module for flexible multi-modal fusion and a784

collaborative modality adversarial training strategy785

to augment missing or underrepresented modalities.786

MyGO (Zhang et al., 2025b) proposed a framework787

that tokenized fine-grained multi-modal entity in-788

formation and encoded it with a cross-modal entity789

encoder, further enhancing representations via fine-790

grained contrastive learning to capture detailed se-791

mantic interactions. MoMoK (Zhang et al., 2025a)792

leveraged relation-guided modality knowledge ex-793

perts to learn adaptive, relation-aware multi-modal794

entity representations, integrating predictions from 795

multiple modalities. 796

B Evaluation Protocol 797

In this experiment, we evaluate our method us- 798

ing four widely adopted evaluation metrics: Mean 799

Reciprocal Rank (MRR), Hits@1, Hits@3, and 800

Hits@10. The MRR metric measures the average 801

reciprocal rank of the correct entity during link 802

prediction, with a higher value indicating better 803

performance. Meanwhile, Hits@n quantifies the 804

proportion of correct entities present within the top- 805

n ranked predictions. MRR and Hits@n can be 806

calculated as: 807

MRR =
1

|Ttest|

|Ttest|∑
i=1

(
1

rh,i
+

1

rt,i
) (9) 808

809

Hits@n =
1

|Ttest|

|Ttest|∑
i=1

(1(rh,i ≤ n)+1(rt,i ≤ n))

(10) 810

where rh,i and rt,i are the results of head prediction 811

and tail prediction respectively, Ttest is the test 812

triple set. 813

C Supplementary Discussion 814

Due to space limitations in the main paper, we pro- 815

vide a more detailed discussion of additional anal- 816

yses in this section. Specifically, we organize our 817

investigation around 9 research questions (RQs): 818

RQ1: How do entity and relation thresholds 819

affect cross-graph deduplication? (Threshold Sen- 820

sitivity of Cross-Graph Deduplication) 821

RQ2: How does LLM-SE compare with 822

finetuning-based MKGC methods? (Analysis of 823

Finetuned Pretrained-Model Approaches) 824

RQ3: How does multimodal triplet generation 825

benefit entities with different degrees in MKGC? 826

(Case Study on Entity Degree Effects) 827

RQ4: Why are degree-one deep entities selec- 828

tively pruned during graph pruning? (Rational for 829

Degree-one Graph Pruning) 830

RQ5: How does graph pruning reduce the scale 831

of deep knowledge graphs? (Impact of Graph Prun- 832

ing on Graph Scale) 833

RQ6: How does the choice of LLM backbone 834

affect multimodal triplet generation? (Impact of 835

Different LLMs) 836

RQ7: Can the proposed dual-view mechanism 837

theoretically model different logical view patterns? 838

(Theoretical Properties) 839
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RQ8: How robust is the dual-view complex840

module to noise introduced by multimodal triplets?841

(Noise Robustness)842

RQ9: How robust is LLM-SE to missing multi-843

modal information? (Missing Robustness)844

C.1 Threshold Sensitivity of Cross-Graph845

Deduplication846

In Section 3.1.3, we introduced the cross-graph847

deduplication, where thresholds λe, λr are used to848

merge semantically identical entities and relations.849

As illustrated in Figures 7 and 8, we examine how850

the thresholds influence the number of deep entities851

and relations, model performance, and the number852

of generated triplets on the MKG-Y dataset.853

We first analyze the changes in the number of854

entities and relations. As expected, both increase855

as the threshold grows. We then evaluate the effect856

of the threshold on MRR and the number of deep857

triplets. The λr has minimal impact on both met-858

rics. When it exceeds 0.5, adjusting its value alters859

MRR by no more than 3%, and its influence on the860

number of deep triplets remains limited. This is861

likely because relations are already aligned before862

the graph deduplication stage. Next, we focus on863

λe. By jointly analyzing MRR and the quantity of864

deep triplets, we observe that model performance865

peaks when λe is set to 0.8, which aligns with in-866

tuition. A threshold that is too low merges many867

semantically dissimilar entities, severely damaging868

structural information and reducing performance.869

Conversely, an excessively high threshold produces870

many sparse entities that are subsequently removed871

during graph pruning, decreasing the number of872

deep triplets and ultimately harming performance.873

In addition, thresholds associated with higher MRR874

generally correspond to a larger number of gener-875

ated triplets, revealing a strong positive relationship876

between the two.877

C.2 Analysis of Finetuned Pretrained-Model878

Approaches879

A distinct line of research in MKGC involves880

fine-tuning pretrained models to perform link pre-881

diction. Representative methods such as LMKE882

(Wang et al., 2022) and MKGformer (Chen et al.,883

2022) adopt pretrained language models, yet we do884

not include them in our main comparison because885

they are not evaluated on the three standard MKG886

datasets. LMKE leverages only textual modality887

and employs contrastive learning with pretrained888

language models, whereas MKGformer incorpo-889

Figure 7: The number of deep entities and relations vary
with threshold changes.

(a) MRR performance (b) Number of deep triplets

Figure 8: MRR and the number of deep triplets vary
with threshold changes.

(a) Entities with high degree (b) Entities with low degree

Figure 9: Case study on entities with different degrees.
The left y-axis denotes the entity degree, and the right
y-axis denotes the MRR.

rates both textual and visual modalities by inject- 890

ing triplet-level structural information into two pre- 891

trained models. However, MKGformer still yields 892

suboptimal performance. In contrast, our LLM-SE 893

framework uses a frozen large language model and 894

does not require updating pretrained parameters. 895

This distinction is critical: both LMKE and MKG- 896

former must fine-tune pretrained models, which is 897

computationally demanding and time-consuming. 898

LLM-SE provides a more computationally efficient 899

alternative to MKGC methods. 900
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C.3 Case Study on Entity Degree Effects901

To further investigate how LLMs generate multi-902

modal triplets to enhance MKGC, we conduct case903

studies on entities with different degrees. Using904

the MKG-W dataset, we sample three high-degree905

and three low-degree entities, as shown in Figure906

9(a) and 9(b), respectively. For a fair analysis of907

the multimodal triplet generation (MTG) module,908

we adopt the standard ComplEx instead of DVC in909

all experiments.910

In Figure 9(a), even for entities that originally911

have a large number of connections, MTG further912

increases their degrees and improves prediction913

accuracy. In addition, Figure 9(b) shows that enti-914

ties with very low degrees (such as "Kunjikuruvi",915

whose original degree is only 1) typically perform916

poorly because their sparse connectivity prevents917

sufficient training. MTG enriches their neighbor-918

hood structure, making them more closely inte-919

grated into the knowledge graph and yielding sub-920

stantial performance improvement.921

C.4 Rational for Degree-one Graph Pruning922

During graph pruning, we remove deep entities923

with a degree of one. This design choice raises924

the question of why only these entities generated925

by the LLM are pruned, rather than entities with926

degrees of two, three, or higher.927

An entity with a degree of one is connected to the928

graph through a single edge. During backpropaga-929

tion, its embedding update depends almost entirely930

on a single neighboring entity and relation. As a931

result, the model can easily fit such an entity by932

adjusting the parameters of this single connection.933

So, the embedding learning of degree one entities934

degenerates into a local fitting problem.935

In contrast, entities with a degree greater than or936

equal to two participate in at least two triplets and937

can transmit information from multiple neighbors.938

Therefore, retaining these entities helps preserve939

the connectivity and semantic transmission paths940

of the graph.941

C.5 Impact of Graph Pruning on Graph Scale942

In this work, we employ a graph pruning module to943

reduce parameter usage, which is closely related to944

the numbers of deep relations, entities, and triplets945

in the knowledge graph.946

Accordingly, Figure 10 analyzes the effects of947

graph pruning on three datasets. The graph pruning948

reduces the numbers of deep relations, entities, and949

Figure 10: Diagram illustrating the impact of graph
pruning. Comparison of the numbers of deep relations,
entities, and triplets with and without graph pruning
across three datasets.

Table 7: Performance comparison of four backbones for
LLM on the MKG-Y dataset.

Backbone MRR Hits@1 Hits@3 Hits@10
Qwen (ours) 0.506 0.446 0.542 0.613
GPT-5 0.499 0.438 0.542 0.610
Gemini 3 0.492 0.440 0.520 0.601
ERNIE-4.5 0.470 0.428 0.524 0.586

triplets across all datasets. Because entity embed- 950

dings dominate the model’s storage cost, reducing 951

the number of deep entities directly leads to a de- 952

crease in the total number of parameters. 953

In terms of time efficiency, graph pruning also 954

reduces the number of deep triplets by nearly 20%, 955

thereby reducing the training time for each epoch. 956

Moreover, our ablation study shows that strong 957

performance is maintained even after pruning. 958

C.6 Impact of Different LLMs 959

In the main text, we employ a LLM for multimodal 960

triplet generation, with Qwen serving as the default 961

backbone. To further analyze the impact of differ- 962

ent LLMs and assess whether alternative models 963

could yield better performance, we conduct a com- 964

parative study using several representative LLMs. 965

As reported in Table 7, we evaluate the MKG-Y 966

dataset using three models, namely GPT-5, Gemini 967

3, and ERNIE-4.5-Turbo. Replacing the baseline 968

LLM does not result in substantial performance 969

variations, which demonstrates the robustness and 970

general effectiveness of our proposed framework. 971

We attribute this stability to the strict constraints 972

imposed during the generation process. Specif- 973

ically, we require the LLM to generate triplets 974

solely based on the provided textual and visual 975

information, with little introduction of additional 976
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external knowledge or creative reasoning. As a re-977

sult, although different LLMs are trained on diverse978

corpora, the generated outputs remain largely con-979

sistent, resulting in small performance differences980

between models.981

C.7 Theoretical Properties982

Definition 1. A relation between an entity pair983

(h, t) is view-dependent iff ∀h, t : ∃r1, r2, v1, v2 :984

(h, r1, t, v1) ∧ (h, r2, t, v2) ∧ r1 ̸= r2.985

Definition 2. A triple (h, r, t) is viewpoint-986

invariant iff ∀h, r, t, v1 : (h, r, t, v1) → ∃v2 :987

(h, r, t, v2).988

Definition 3. The same triple may become in-989

valid under a change of viewpoint. ∀h, r, t, v1 :990

(h, r, t, v1) → ∃v2 : ¬(h, r, t, v2).991

Proof 1. Given that r1 evolves to r2, and also992

given the two views v1 and v2, to model the pattern,993

we need to have ϕ(h, r1, t, v1) = ϕ(h, r2, t, v2).994

Without loss of generality, we assume that we have995

only a one dimensional complex vector. In the fol-996

lowing text, we use subscripts a and b to represent997

the real and imaginary parts of complex numbers.998

Then, we must fulfill the following equality:999

h′ar
′
1v1at

′
a − h′br

′
1v1bt

′
a + h′br

′
1v1at

′
b + h′ar

′
1v1bt

′
b

=h′ar
′
2v2at

′
a − h′br

′
2v2bt

′
a + h′br

′
2v2at

′
b + h′ar

′
2v2bt

′
b

(11)1000

To ensure that the above equation holds, we require1001

r′1v1a = r′2v2a, r
′
1v1b

= r′2v2b. It is important to note1002

that r′ is obtained through complex transformations1003

that combine static relation embeddings with view1004

embeddings in Equation 6. Consequently, even1005

when the above equalities are satisfied, the under-1006

lying representations are not necessarily identical.1007

This condition is therefore easy to satisfy.1008

Proof 2. Assuming that v1 evolves into v2, the1009

triplet (h, r, t) remains invariant with respect to1010

the evolution of views. To model this pattern, we1011

require ϕ(h, r, t, v1) = ϕ(h, r, t, v2). Therefore,1012

the following equation must hold:1013

h′ar
′
v1at

′
a − h′br

′
v1bt

′
a + h′br

′
v1at

′
b + h′ar

′
v1bt

′
b

= h′ar
′
v2at

′
a − h′br

′
v2bt

′
a + h′br

′
v2at

′
b + h′ar

′
v2bt

′
b.
(12)1014

After simplifying the above equation, two cases1015

can satisfy the equality: 1) r′v1a = r′v2a and r′v1b =1016

r′v2b; 2) h′at
′
a = −h′bt

′
b and h′bt

′
a = h′at

′
b.1017

For Case (1), it follows from Equation 6 that the1018

condition can only be satisfied when v1 and v2 are1019

identical, which contradicts the assumption that the1020

views evolve and differ from each other. Therefore,1021

this case is generally infeasible. For Case (2), we 1022

explicitly introduce the view embeddings vh and 1023

vt in Equation 5, which are added to the entity 1024

embeddings to form h′ and t′. This design endows 1025

the model with sufficient flexibility to naturally 1026

satisfy the above conditions. 1027

Proof 3. Assuming that v1 evolves into v2, the 1028

possibility of triplet (h, r, t) changes with the evo- 1029

lution of the view. To model this pattern, we require 1030

ϕ(h, r, t, v1) ̸= ϕ(h, r, t, v2). Accordingly, the fol- 1031

lowing inequality must hold: 1032

h′ar
′
v1at

′
a − h′br

′
v1bt

′
a + h′br

′
v1at

′
b + h′ar

′
v1bt

′
b

̸= h′ar
′
v2at

′
a − h′br

′
v2bt

′
a + h′br

′
v2at

′
b + h′ar

′
v2bt

′
b.
(13) 1033

After simplification, the above inequality holds 1034

under either of the following conditions: 1) r′v1a ̸= 1035

r′v2a and r′v1b ̸= r′v2b; 2) h′at
′
a ̸= −h′bt

′
b and h′bt

′
a ̸= 1036

h′at
′
b. 1037

Compared with Proof 2, the inequalities in these 1038

two cases are easy to satisfy. In particular, for case 1039

(1), Equation 6 implies that as long as v1 and v2 1040

are not identical, the inequality is satisfied. 1041

C.8 Noise Robustness 1042

Due to the potential hallucinations produced by 1043

LLMs, our dual-view complex module, must be 1044

robust to noise introduced during triplet generation. 1045

Therefore, we perturb the generated triplets in Ta- 1046

ble 8 by randomly replacing the head or tail entities 1047

with a certain probability. As shown by the results 1048

on all three datasets, LLM-SE maintains strong per- 1049

formance even under 100% noise conditions, and 1050

still outperforms the uni-modal baseline ComplEx. 1051

This robustness can be attributed to the additional 1052

modeling capacity introduced by the view specific 1053

parameters vh, vr, and vt, as well as the use of 1054

N3 regularization. Furthermore, as the noise level 1055

is gradually reduced, the performance of LLM-SE 1056

consistently improves. These results provide empir- 1057

ical evidence that the proposed dual-view complex 1058

mechanism effectively mitigates the adverse impact 1059

of noisy triplets. 1060

C.9 Missing Robustness 1061

Due to the reliance on multimodal features, it is 1062

necessary to evaluate the robustness of LLM-SE 1063

under modal missing conditions, as reported in Ta- 1064

ble 9. We assess model performance when textual 1065

and visual modalities are proportionally removed, 1066

where, for example, an 80% image setting indicates 1067

that 80% of image features are missing. Across 1068
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Table 8: Results of noise robustness experiment. The best results are presented in boldface.

MKG-W MKG-Y DB15KNoise MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10
100% 0.299 0.248 0.321 0.390 0.323 0.300 0.332 0.362 0.359 0.267 0.398 0.505
80% 0.337 0.287 0.355 0.429 0.354 0.327 0.368 0.400 0.362 0.271 0.409 0.520
60% 0.368 0.314 0.395 0.464 0.387 0.352 0.407 0.448 0.371 0.282 0.421 0.541
40% 0.399 0.344 0.424 0.497 0.433 0.386 0.458 0.513 0.395 0.309 0.441 0.560
20% 0.442 0.383 0.469 0.549 0.462 0.407 0.497 0.559 0.428 0.321 0.469 0.591
0% 0.477 0.405 0.519 0.607 0.506 0.446 0.542 0.613 0.441 0.351 0.488 0.604

Table 9: Results of missing robustness experiment. The best results are presented in boldface.

Missing MKG-W MKG-Y DB15K
MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10 MRR Hits@1 Hits@3 Hits@10

text 100% 0.378 0.319 0.402 0.489 0.393 0.356 0.414 0.459 0.408 0.326 0.448 0.560
text 80% 0.398 0.335 0.424 0.515 0.413 0.372 0.435 0.488 0.413 0.329 0.453 0.566
text 60% 0.419 0.356 0.458 0.531 0.437 0.388 0.464 0.523 0.425 0.334 0.460 0.569
text 40% 0.439 0.371 0.475 0.559 0.459 0.405 0.491 0.554 0.429 0.340 0.465 0.572
text 20% 0.460 0.392 0.497 0.580 0.486 0.427 0.525 0.585 0.438 0.349 0.482 0.596
image 100% 0.462 0.391 0.498 0.590 0.493 0.435 0.529 0.592 0.436 0.349 0.482 0.595
image 80% 0.464 0.392 0.503 0.592 0.494 0.435 0.531 0.597 0.436 0.349 0.483 0.595
image 60% 0.467 0.395 0.507 0.596 0.496 0.435 0.534 0.600 0.436 0.349 0.486 0.598
image 40% 0.469 0.397 0.509 0.596 0.497 0.437 0.538 0.606 0.440 0.351 0.486 0.598
image 20% 0.473 0.400 0.512 0.604 0.501 0.440 0.541 0.606 0.441 0.350 0.486 0.602
both 0% 0.477 0.405 0.519 0.607 0.506 0.446 0.542 0.613 0.441 0.351 0.488 0.604

all three datasets, model performance consistently1069

improves as the proportion of missing modalities1070

decreases. In addition, similar to the observations1071

in the ablation study, text missing leads to a more1072

pronounced performance degradation than image1073

missing. These results demonstrate that LLM-SE1074

exhibits strong robustness to modal missing.1075

D Prompt Setup1076

We have described the multimodal triplet genera-1077

tion process in detail throughout the paper. How-1078

ever, the main text can only offer a high-level ex-1079

planation. So, we additionally provide the specific1080

prompts and corresponding outputs used in the aux-1081

iliary steps of the LLM. Figure 11 illustrates repre-1082

sentative keywords, prompts, and outputs for each1083

stage.1084

E Example of Deep Triplets1085

Because our framework leverages LLMs to trans-1086

form multimodal data into structured representa-1087

tions, it is necessary to illustrate how the deep1088

triplets generated by LLM-SE modify and enrich1089

the original surface knowledge graph. To this end,1090

Figure 12 presents a newly constructed KG ob-1091

tained by partially fusing surface-level and deep-1092

level knowledge.1093
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Entity Name, Description and Images:

Tip on a Dead Jockey “Tip on a Dead Jockey is a 1957 

film, a drama directed by Richard Thorpe and starring 

Robert Taylor and Dorothy Malone. It is based on The 

New Yorker 1954 short story by Irwin Shaw”

Prompt:

You are a structured knowledge extraction system 

capable of processing both text and images.

Your task is to extract meaningful triples in the format: 

[head], [relation], [tail], [source]

source indicates whether the information is derived 

from "text", "image".

Input:

A textual description of an entity (e.g., film, person, 

location)

One or more related images

Output Rules:

Each triple must be on its own line, separated by 

commas: [head], [relation], [tail], [source]  

Do not generate entities including numerical attributes 

or time information. Such as 18794 square kilometers, 

7000 people, 1973. etc

Do not include any explanations, notes, or additional 

text outside the triples.

Do not use "Not specified", "Unknown", or similar 

placeholders as entities.

Distinguish whether the triple comes from an image 

or text accurately, Do not fabricate this information.

Do not generate repeat triples.

Try to generate around 5-10 quality and representative 

triples for one entity and Do not generate over 10 

triples for one entity.

[Main Entity Prioritization] 

The given main entity should preferably appear as the 

head or tail of the triples.

New entities can be introduced only if they can be 

reasonably inferred from the text, image, or general 

world knowledge.

[Joint Multimodal Reasoning] 

Text is the primary source for extracting triples.

Images are used to verify, supplement, or strengthen 

information inferred from the text.

The extraction should be a joint reasoning process 

combining both modalities.

[Entity Formatting Constraints] 

Both head and tail entities must be clearly identifiable, 

well-named entities such as people, places, 

institutions, rivers, or established conceptual entities

Do not use Boolean or vague phrases, or numerical 

descriptions as entities

If a relation cannot be paired with a clearly 

identifiable, named entity from the provided text or 

image, DO NOT generate that triplet. Omitting a 

triple is preferred over fabricating or approximating 

an entity. 

[Textual and Visual Verifiability]

Do not fabricate entities or relations unsupported by 

the text or image.

Every extracted triple must be directly or indirectly 

supported by the text, the image, or logical inference 

grounded in both.

Example: If the image shows a building with a visible 

U.S. flag, this supports “has flag, American flag”.

[Relation Coherence]

Relations must be semantically clear and expressed 

as short words or phrases, not full sentences. Refer to 

the relations in the original dataset given below. 

Relations must be semantically clear and expressed 

as short words or phrases, not full sentences. Refer to 

the relations in the original dataset given below. 

When possible, reuse relations from the original 

dataset if they capture the intended meaning (for 

example, use “shares border with” instead of 

“borders”).

However, if an appropriate relation does not exist, 

you may create a new one that fits the meaning 

accurately.

 

[Category-Aware Image Reasoning]

When extracting triples based on images, follow the 

corresponding extraction strategy.(Only for image-

based triples)

Category: LOCATION

Focus on landmarks, architecture, and natural 

features visible in the image.

Typical relations: located in, contains landmark, is 

part of, has flag, capital of, architectural style, shares 

border with.

New entities (such as United States Capitol) may be 

introduced if visually or textually supported.

Category: MOVIE POSTER

Focus on textual cues from the poster (title, director, 

actors, producer, distributor, etc.).

Typical relations: director, screenwriter, producer, 

distributor, cast member, composer

New entities such as actor names or company names 

are allowed.

Category: PERSON (PORTRAIT)

Extract the person's representative features visible in 

the image.

Typical relations: wears, facial hair.

Example: J. D. Chakravarthy, wears, black suit, image.

The examples and typical relations provided are only 

partial. You are encouraged to extract diverse 

relations but they need to adhere to the requirement of 

"[Clear and Coherent Relations]". For other relations 

not falling into the above categories, please use 

common sense and refer to the above categories to 

arrange the extraction strategy.

Relations in the original dataset：(Truncated)

# Now process the following entity and its description:

# Entity: {entity}

# Description: {description}

Output:

Tip on a Dead Jockey, director, Richard Thorpe, text

Tip on a Dead Jockey, actor, Robert Taylor, text

Tip on a Dead Jockey, country, U.S.A., image

Tip on a Dead Jockey, cinematography format, 

CinemaScope, image

...

3.1.2 Relation Alignment

Prompt:

In the previous step, there were extracted triplets from the Wikidata 

knowledge graph. Each triplet contains two entities (subject and object) and 

one relation that connects these subject and object. However, some of the 

relations extracted in the previous step may have not an exact name from 

Wikidata.

We linked each relation name with top similar exact names from the 

Wikidata by semantic similarity. Your task is to choose appropriate names for 

relations that correspond to the text's context and triplet they were taken from.

Text: {description}

Triplets and corresponding relation mappings: {triplets_text}

For each relation from the extracted triplets, you must choose the most 

appropriate name only from the corresponding list of 5 exact ones that better 

match each triplet and the context of the previously demonstrated text.

You must ONLY output the final chosen relation for each triple, one per line, 

in this format:

Triple 1: [chosen_relation]

Triple 2: [chosen_relation]

...

Output:

director:['director', 'assistant director', 'LUMIERE director ID', 'executive 

producer', 'director of photography'

Triple1: [director]

actor:['film crew member', 'cast member', 'character role', 'Television 

Academy Foundation interviewee ID', 'Kinofilms.ua actor ID']

Triple2: [cast member]

country:['country', 'INAO product ID', 'country of citizenship', 

'OpenCorporates register jurisdiction', 'TASS Encyclopedia country ID']

Triple3: [country]

cinematography format:['camera setup', 'director of photography', 'video 

designer', 'original film format', 'film editor']

Triple4: [original film format]

New Entities

'Richard Thorpe', 'Robert Taylor', 'U.S.A', 'CinemaScope', 'United States of 

America', ...

'director', 'cast member', 'country', 'original film format', ...

New Relations

U.S.A(new) desc:“United States of America: a federal republic in North 

America.”

United States of America(new) desc:“A federal republic in North America 

comprising 50 states.”

Prompt:

Please provide a concise English description (under 30 words) for each entity 

'{entity_name}' and relation '{relation_name}' .

Output:

country(new) desc:“The nation associated with an individual, group, or 

subject in a general context.”

country of origin(original) desc:“The nation specifically linked to the 

birthplace, creation, or initial development of something.”

3.1.3 Graph Deduplication

Entity Description Acquisition

### Step2: Deep-Surface pairs

Similarity(country, country of origin) = 0.91

country(new) country of origin(original)

Final Output:

Tip on a Dead Jockey, director, Richard Thorpe

Tip on a Dead Jockey, cast member, Robert Taylor

Tip on a Dead Jockey, country of origin, United States of 

America

Tip on a Dead Jockey, original film format, CinemaScope 

### Step1: Deep-Deep pairs

Similarity(U.S.A, United States of America) = 0.96

U.S.A(new) United States of America(new)

Cross-Graph Deduplication

3.1.1 Triplet Extraction

Figure 11: Specific inputs of LLM in the process of multimodal triplet generation.
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Grateful_Dead Bob_Dylan

Joan_Baez American

associatedMusicalArtist

nationality

Lyricist
occupation

associatedBand

Peter_Ustinov

associatedBand

associatedMusicalArtist

associatedBand

nationality

associatedMusicalArtist

occupation

Grateful_Dead  associatedMusicalArtist   Bob_Dylan

Grateful_Dead  associatedBand    Bob_Dylan

Peter_Ustinov  associatedBand    Bob_Dylan

Joan_Baez   associatedBand    Grateful_Dead

Joan_Baez   associatedMusicalArtist  Grateful_Dead

Peter_Ustinov  associatedMusicalArtist  Joan_Baez

Joan_Baez   occupation     Lyricist

Joan_Baez   nationality     American

Bob_Dylan   occupation     Lyricist

Bob_Dylan   nationality     American

Subgraph 1

Marillion Liberty_Records
recordLabel

Pop_music

United Kingdom of Great Britain and Ireland

origin
Electric_Light_Orchestra

associatedBand

United States of America

recovered by

recordLabel

origin

genre location

associatedMusicalArtist

Marillion   recordLabel  Liberty_Records 

Liberty_Records  associatedBand  Electric_Light_Orchestra 

Marillion   recordLabel  Pop_music 

Marillion   genre   Pop_music 

Liberty_Records  associatedMusicalArtist Electric_Light_Orchestra 

Liberty_Records  location   United States of America

Pop_music   origin   United Kingdom of Great Britain and Ireland

Pop_music   origin   United States of America

Liberty_Records  recovered by  United Kingdom of Great Britain and Ireland

Subgraph 2

Surface 
Triplets

Deep 
Triplets

Surface 
Triplets

Deep 
Triplets

Surface triplet Deep triplet ……. Surface entity …… Deep entity

Figure 12: Examples of surface triplets and deep triplets.
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