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Abstract001

Recent advances in Multimodal Entity002
Linking (MEL) exploit textual and visual003
information to disambiguate mentions and004
align them with entities in a knowledge base.005
Existing methods typically design separate006
and complex network modules for each type007
of interaction among multi-granular and008
multimodal features, while lacking explicit009
modeling of the joint dependencies among010
these features. Moreover, most approaches rely011
on unidirectional retrieval-based matching and012
lack knowledge-driven verification, leading013
to unreliable disambiguation in weak-context014
scenarios. To address these challenges, we015
propose a novel two-stage MEL framework016
termed ThinkLinker. First, we introduce a017
low-rank fusion mechanism to model the018
joint dependencies among multi-granular and019
multimodal features, enabling comprehensive020
and explicit interactions while learning021
task-relevant discriminative information for022
candidate ranking in a lower-dimensional023
space. Subsequently, we develop a bidirec-024
tional retrieval-verification paradigm, where025
the ranked candidate entities guide an LLM-026
based multi-turn, dialogue-style verification027
process to generate mention-specific contextual028
augmentation. The augmented context is029
then adaptively fused with the original030
representation to further refine the linking031
model. Experimental results on public bench-032
mark datasets demonstrate that the proposed033
ThinkLinker outperforms all state-of-the-art034
baselines. The code is publicly available at035
https://anonymous.4open.science/r/ThinkLinker-036
D443.037

1 Introduction038

Entity linking (EL) maps mentions in unstructured039

sources (e.g., social media, news, and web content)040

to the correct entities in structured knowledge base041

(KB), which benefits numerous downstream tasks,042

including information extraction(Hoffart et al.,043

2011), question answering(Yih et al., 2015) and 044

semantic search(Hasibi et al., 2016). Traditional 045

EL methods mainly rely on textual context for dis- 046

ambiguation. However, with the rapid growth of 047

image-based online content, textual context alone 048

often fails to resolve ambiguity. This limitation 049

has motivated increasing research interest in Mul- 050

timodal Entity Linking (MEL). Despite notable 051

progress, existing MEL methods still exhibit sev- 052

eral notable limitations. 053

From the perspective of feature interaction, most 054

existing methods rely on simple feature concate- 055

nation, while some approaches employ attention 056

mechanisms to weight the importance of different 057

features. In MEL, entity disambiguation often de- 058

pends on the joint consistency of evidence from 059

multiple modalities and granularities across dif- 060

ferent levels. During feature interaction, existing 061

methods typically require separately designed com- 062

plex modules for each type of interaction and fail 063

to explicitly capture the joint dependency among 064

features, which makes them difficult to scale to 065

multi-level feature interaction modeling. Directly 066

modeling multiple features through high-order ten- 067

sor multiplication provides strong expressive power 068

and scalability, but it incurs prohibitive parameter 069

growth and computational overhead, which limits 070

its practical applicability. Therefore, it is neces- 071

sary to develop a structured interaction framework 072

that enables explicit multi-level feature interactions 073

while maintaining controlled model complexity. 074

In terms of reasoning paradigms, most existing 075

MEL methods are limited to "retrieval and match- 076

ing", encoding mentions in the semantic space 077

and retrieving unidirectionally from the knowledge 078

space, without support for knowledge-based veri- 079

fication. By contrast, humans leverage candidate 080

entity information to revisit the original context 081

for targeted analysis. As illustrated in Figure 1, 082

when contextual information is limited and multi- 083

ple mentions share overlapping context, retrieval- 084
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Figure 1: One example of Multimodal Entity Linking.

based methods struggle to distinguish candidates085

and fail to extract discriminative semantic cues for086

each mention. Therefore, a framework capable of087

bidirectional reasoning between the semantic and088

knowledge spaces is essential to better approxi-089

mate human-like reasoning over mentions in weak-090

context scenarios.091

To address the above issues, we propose Thin-092

kLinker, a novel two-stage MEL framework. In the093

first stage, we design a reusable low-rank fusion094

mechanism to support multi-level compact inter-095

actions among features of different modalities and096

granularities, thereby more precisely computing097

the similarity score between mention and candi-098

date entities. Subsequently, to address the second099

challenge, we leverage the obtained candidate rank-100

ing to conduct LLM-based multi-turn, dialogue-101

style verification in the semantic space, generating102

mention-specific responses as contextual augmen-103

tation. The augmented context is then fused with104

the original context via an aggregation-based adap-105

tive fusion strategy, and the first-stage model is106

fine-tuned with these enhanced representations to107

further improve its disambiguation ability. Our108

contributions are summarized as follows:109

• We propose a low-rank-based interaction strat-110

egy that enables multi-level explicit interactions,111

enhancing the accuracy and robustness of MEL.112

• We develop a bidirectional retrieval-verification113

reasoning framework with an LLM-based multi-114

turn dialogue module, enabling targeted disam-115

biguation under weak-context conditions.116

• Extensive experiments on two public MEL bench-117

marks demonstrate the effectiveness and scalabil-118

ity of the proposed ThinkLinker framework.119

2 Related Work 120

2.1 Entity Linking 121

Text-based Entity Linking maps mentions to KB 122

entities by matching textual context with entity de- 123

scriptions and is typically divided into local and 124

global methods. Local models (Eshel et al., 2017; 125

Francis-Landau et al., 2016; Yamada et al., 2016; 126

Ran et al., 2023) focus on mention-candidate se- 127

mantic similarity, evolving from CNN/RNN-based 128

encoders to BERT-style encoders. Global models 129

(Cao et al., 2018; Wu et al., 2020a; Shen et al., 130

2022; Jin et al., 2022) jointly resolve multiple men- 131

tions within a document, enforcing entity coher- 132

ence via relational or graph-based inference, but at 133

higher computational cost. 134

2.2 Multimodal Entity Linking 135

Traditional MEL enhances text-based linking by 136

incorporating visual signals to resolve ambigui- 137

ties beyond textual context (Ma et al., 2025). Ex- 138

isting methods generally fall into two categories. 139

Single-level models, such as DZMNED (Moon 140

et al., 2018), JMEL (Adjali et al., 2020), and M3EL 141

(Hu et al., 2025a), encode global joint image–text 142

representations and perform candidate scoring in 143

a shared space, often yielding limited gains. In 144

contrast, multi-level approaches, including MIMIC 145

(Luo et al., 2023), FissFuse (Luo et al., 2024), and 146

MMoE (Hu et al., 2025b), jointly model local and 147

global features and achieve more substantial im- 148

provements. However, most multi-level methods 149

rely on simple concatenation or aggregation for 150

cross-level fusion, limiting their ability to fully ex- 151

ploit complementary multimodal information. 152

LLM-based MEL has recently attracted increas- 153

ing attention, with large language models being 154

incorporated into MEL pipelines in various ways. 155

One line of research treats the LLM as the core 156

inference module and determines the link by gener- 157

ating the target entity name, exemplified by GELR 158

(Wang et al., 2023) and GEMEL (Shi et al., 2024). 159

Another uses LLMs to expand context for the men- 160

tion and refine entity descriptions, such as UniMEL 161

(Liu et al., 2024). A third line employs an LLM- 162

based rethinking module to perform further verifi- 163

cation or reasoning over retrieved candidates, as in 164

FissFuse and KGMEL (Kim et al., 2025). While 165

these methods still rely on unidirectional retrieval 166

and cannot revisit context for targeted verification, 167

highlighting the need for bidirectional reasoning 168

between semantic space and knowledge spaces. 169
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3 Methodology170

This section presents the two-stage ThinkLinker171

framework, illustrated in Figure 2.172

3.1 Problem Formulation173

To formalize the notations and objectives in this174

study, we define the MEL task as follows. Each175

mention is represented as m = (mw,mt,mv),176

where mw is the mention token, mt is the sentence177

containing the mention, and mv is the associated178

visual context. The initial candidate set for each179

mention m is C0(m) = {ej = (ejn, e
j
d, e

j
v)}Nj=1,180

where ejn is the entity name, ejd is the textual de-181

scription, and ejv is the visual information.182

The MEL task aims to identify the ground-truth183

entity e∗ by comparing the mention with all candi-184

dates and selecting the one with the highest simi-185

larity score Score(·):186

e∗ = argmax
ej∈C0(m)

Score
(
m, ej

)
. (1)187

3.2 Dual-Stream Feature Encoding188

Given a mention m and its candidate set C0, Thin-189

kLinker first extracts local textual and visual fea-190

tures using the CLIP text encoder EncT (·) and vi-191

sual encoder EncV (·):192

TL
m, V L

m = EncT (mw;mt), Enc
V (mv),

TL
e , V

L
e = EncT (en; ed), Enc

V (ev).
(2)193

Here TL
m, TL

e ∈ Rl×dT denote local textual se-194

quence features and V L
m , V L

e ∈ RP×dV are visual195

patch-level features, where l and P correspond to196

the sequence length and patch count, and dT and197

dV denote the hidden dimensions.198

To capture holistic semantics, global representa-199

tions TG
m , V G

m , TG
e , V G

e are obtained further derived200

by applying the CLIP encoder’s internal aggrega-201

tion operations, producing compact yet context-202

rich multimodal embeddings.203

3.3 Low-Rank Multi-level Modal Fusion204

Framework205

This section describes the first stage of Thin-206

kLinker, detailing its two key components, the fea-207

ture fusion process, and the joint training strategy.208

3.3.1 Hybrid Pooling Gate209

To aggregate local sequence features into a com-210

pact, discriminative representation that shares the211

same dimensionality as the global vector to facil- 212

itate subsequent low-rank fusion, we design the 213

Hybrid Pooling Gate (HPG) module. 214

The mention and candidate representations from 215

Section 3.2 are first projected into a unified em- 216

bedding space Rd. The local feature is denoted as 217

XL = [x1, x2, . . . , xl]. The HPG module aggre- 218

gates local vectors via three pooling operations: 219
hmax = Max(XL),

hmean = Mean(XL),

hattn = AttnPool(XG, XL).

(3) 220

Here, max pooling hmax highlights the most salient 221

local components; mean pooling hmean captures 222

overall statistics, and hattn is an attention-weighted 223

local vector conditioned on the global vector XG. 224

The three vectors are concatenated as p = 225

[hmax;hmean;hattn], and fed into a linear layer with 226

sigmoid activation to produce a dimension-wise 227

gating vector g. We then split g into [g1, g2, g3]with 228

each gi ∈ Rd, the final representation is computed 229

via channel-wise weighting and concatenation: 230

X
L
= concat

(
g1 ⊙ hmax, g2 ⊙ hmean, g3 ⊙ hattn

)
, 231

where ⊙ denotes element-wise multiplication. The 232

adaptive gates balance the three pooling paths, en- 233

hancing robustness and discriminative power. 234

3.3.2 Scalable Low-rank Fusion Tower 235

We propose the scalable Low-rank Fusion Tower 236

(LFT), which follows Liu et al. (2018) by approx- 237

imating the interaction tensor as a sum of outer 238

products of low-dimensional factors. This design 239

enables comprehensive and explicit interactions 240

among features while learning a compact low-rank 241

space to suppress redundancy and noise, substan- 242

tially reducing parameter count and computational 243

cost. Moreover, it naturally scales to an arbitrary 244

number of feature hierarchies and modalities for 245

efficient high-order fusion. The detailed deriva- 246

tion of LFT is provided in Appendix A. Expanding 247

Equation (15), we obtain: 248

F =

(
k∑

i=1

w1
i · z1

)
◦· · ·◦

(
k∑

i=1

wM
i · zM

)
. (4) 249

Here, for each feature index m ∈ 1, . . . ,M , zm 250

is the feature representation, wm
i the correspond- 251

ing low-rank factor, and ◦ denotes element-wise 252

multiplication. This formulation relies solely on 253

low-dimensional operations to preserve key infor- 254

mation while suppressing noise. 255
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Figure 2: Overview of our proposed ThinkLinker framework for entity linking.

3.3.3 Intra-Modal Interaction256

To capture multi-level information within the tex-257

tual and visual modalities, we apply scalable low-258

rank fusion modules to independently enhance259

modality-specific semantic interactions, denoted260

as T-LFT and V-LFT.261

For both modalities, we apply HPG to obtain262

aggregated local features X
L. We then fuse X

L
263

with the corresponding global features XG through264

T-LFT and V-LFT, instantiating Equation (4) as:265

F =

(
k∑

i=1

wLX
i ·XL

)
◦

(
k∑

i=1

wGX
i ·XG

)
, (5)266

where X ∈ T, V . This produces mention and entity267

representations Tm and Te for the textual modality268

and Vm and Ve for the visual modality. Similarity269

within each modality is computed via inner product:270

ST = Te · Tm, SV = Ve · Vm.271

3.3.4 Cross-Modal Low-Rank Fusion272

In this module, we model the cross-modal interac-273

tions between text and vision. Since mentions and274

candidate entities are processed symmetrically, we275

omit this distinction below. We first apply HPG to276

obtain the aggregated local textual features TL and 277

visual features V L. These, together with their cor- 278

responding global features, are jointly fused within 279

a low-rank fusion tower Cross-LFT. Concretely, we 280

expand Equation (4) into four terms as follows: 281

F =

(
k∑

i=1

wLT
i T

L

)
◦

(
k∑

i=1

wGT
i TG

)

◦

(
k∑

i=1

wLV
i V

L

)
◦

(
k∑

i=1

wGV
i V G

)
.

(6) 282

After this cross-modal low-rank fusion, the men- 283

tion and candidate entity are represented as Om 284

and Oe, respectively. In the fused space, we 285

use the inner product as the similarity function: 286

SO = Oe ·Om. 287

3.3.5 Joint Training 288

Intra-modal and cross-modal similarities provide 289

complementary views of mention-entity matching. 290

We average the three similarity scores to obtain the 291

ranking score: S∗ = (ST + SV + SO)/3. 292

To enhance the discriminability of unimodal and 293

joint representations, we apply cross-entropy loss 294
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to each similarity score and minimize their sum:295

Lfinal = LT + LV + LO + L∗. (7)296

After training, each mention m ranks its candi-297

date entities using S∗, and the top R entities are298

retained as the updated candidate list: C1 (m) =299 [
e1, e2, . . . , eR

]
.300

3.4 Knowledge-Driven Mention Refinement301

In the second stage, we leverage candidate entity302

list C1 produced in the first satge and design LLM-303

based dialogic verification and neighborhood ag-304

gregation to enhance semantic-space (SS) mention305

representations with the knowledge space (KS).306

3.4.1 LLM-based KS-SS Dialogic Verification307

Mention context is often short and co-occurring308

mentions receive similar representations, weaken-309

ing discrimination. We therefore adopt knowledge-310

driven question-answer generation to produce311

candidate-aware cues.312

Concretely, we design the Entity Question Gen-313

erator (EQG) to construct a question prompt314

TEQG(·) from the key attributes of a candidate e.315

At each round r, the question-generation model316

LEQG produces a candidate-specific question:317

qr = LEQG (TEQG (er)) . (8)318

Here, 1 ≤ r ≤ R means we select top-R candidate319

entities from C1, because higher-ranked candidates320

tend to contain more reliable and distinctive se-321

mantic cues, they are more likely to yield highly322

discriminative questions.323

Then, the Context Verification Responder324

(CVR) combines qr with the original context of325

mention mi to form an answer prompt TCV R(·),326

and the answer-generation model LCV R produces327

a mention-conditioned answer:328

ar = LCV R

(
TCV R

(
mi, qr

))
. (9)329

Each answer ar is jointly constrained by the men-330

tion context and candidate semantics, enriching the331

mention representation with candidate-aware dis-332

criminative information. All answers for mi are333

aggregated as Ai = {ar}Rr=1, forming an expanded334

semantic neighborhood for subsequent encoding335

and disambiguation. The algorithmic pipeline is de-336

tailed in Appendix B, and the complete templates337

for EQG and CVR are provided in Appendix C.338

3.4.2 Neighbor-Aggregated Knowledge 339

Infusion 340

We model the mention as a center node with the 341

generated answers A as neighbors, and perform 342

ordered center-neighbor aggregation to obtain a 343

multi-perspective neighborhood representation. 344

Specifically, each answer ar ∈ A is encoded 345

into global and local features aGr and aLr , while the 346

mention is represented by TG and TL. 347

�Adaptive Neighbor Weighting (ANW). Each 348

neighbor is assigned a learned weight ωr, estimated 349

from the mention and neighbor representations, 350

and the weighted sum of neighbor embeddings 351

forms the aggregated neighborhood representations 352

at both global and local levels: 353

G =
R∑

r=1

ωra
G
r , Lj =

R∑
r=1

ωra
L
r,j , (10) 354

where the same weights ωr are shared across global 355

and local features to preserve semantic consistency 356

and reduce parameter overhead. 357

�Residual Gating Aggregation (RGA). To 358

avoid neighbor information overriding the origi- 359

nal context, we employ a dimension-wise gating 360

mechanism to fuse aggregated and original rep- 361

resentations. Concretely, the aggregated feature 362

U ∈ [G,Lj ] and T ∈ [TG, TL
j ] are concatenated 363

and passed through a linear layer to compute the 364

gating vector, and the final fused representation is 365

obtained in a residual form: 366

Tfinal = α⊙ U + ((1− α)⊙ T ) . (11) 367

3.5 Training Strategy 368

The training strategy consists of two stages. In 369

the first stage, the text-visual encoder and the low- 370

rank interaction module are trained jointly on the 371

original data. In the second stage, the encoder is 372

frozen, and the enhanced mention representations 373

are fed, together with the remaining unchanged vec- 374

tors, back into the first-stage matching architecture 375

to further fine-tune the low-rank fusion network 376

using the augmented data. This two-stage scheme 377

allows the high-level matching module to adapt to 378

the updated semantic distributions while keeping 379

the underlying representations stable, thereby more 380

effectively leveraging neighborhood information 381

and contextual cues for entity disambiguation. 382
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Table 1: Performance comparison of different methods on two MEL datasets. All baseline results are taken from the
FissFuse paper. The best scores are highlighted in bold and the second best in underlined. △ denotes the change
of our method from the first stage to the second stage. FissFuse† denotes FissFuse with LLM re-ranking, and
ThinkLinker† denotes ThinkLinker with the second stage.

Category Methods WikiMEL WikiDiverse Avg.
H@1↑H@2↑H@3↑MR↓MRR↑ H@1↑H@2↑H@3↑MR↓MRR↑ H@1↑MRR↑

EL BERT (Devlin et al., 2019) 39.95 53.68 61.31 6.36 54.07 57.08 74.57 84.32 2.12 72.03 48.52 63.05
BLINK (Wu et al., 2020b) 36.00 49.54 57.52 7.54 50.36 56.30 73.40 82.69 2.19 71.19 46.15 60.78

MEL

DZMNED (Moon et al., 2018) 39.41 50.97 57.90 7.77 52.13 29.11 47.37 61.16 3.53 49.53 34.26 50.83
JMEL (Adjali et al., 2020) 47.99 63.60 71.68 4.33 62.42 51.55 68.08 78.49 2.47 67.15 49.77 64.79

MEL-HI (Zhang et al., 2021) 30.86 45.26 54.73 6.22 47.18 53.88 70.59 80.00 2.36 69.01 42.37 58.10
ViLT (Kim et al., 2021) 79.40 84.08 85.65 3.41 83.80 40.27 58.17 68.49 2.91 58.38 59.84 71.09

CLIP (Radford et al., 2021) 81.53 89.97 93.15 1.78 87.89 61.12 79.70 89.16 1.88 75.61 71.33 81.75
GHMFC (Wang et al., 2022a) 56.69 72.99 80.61 2.91 70.45 55.71 72.35 80.94 2.30 70.31 56.20 70.38

MIMIC (Luo et al., 2023) 81.62 90.29 93.58 1.77 88.05 67.90 85.14 92.63 1.62 80.57 74.76 84.31
DRIN (Xing et al., 2023a) 66.05 79.81 85.39 2.11 80.84 49.43 66.90 77.17 1.83 57.21 57.74 69.02
FissFuse (Luo et al., 2024) 84.80 92.37 95.05 1.61 90.26 80.30 91.42 95.34 1.39 88.11 82.55 89.18

MEL+LLMs

GPT-3.5 73.80 - - - - 72.70 - - - - 73.25 -
GEMEL (Shi et al., 2024) 75.20 - - - - 80.20 - - - - 77.70 -

FissFuse† (Luo et al., 2024) 87.89 93.42 95.36 1.54 92.02 83.29 92.53 95.89 1.35 89.81 85.59 90.92
UniMEL (Liu et al., 2024) 88.19 93.81 95.80 1.55 92.34 81.01 92.25 95.48 1.37 88.61 84.60 90.48

Ours
ThinkLinker 90.44 95.51 97.23 1.35 93.98 83.34 92.80 96.30 1.34 89.93 86.89 91.96
ThinkLinker† 91.74 96.44 97.66 1.29 94.86 87.05 93.97 95.64 1.27 92.07 89.40 93.47

△ +1.30 +0.93 +0.43 -0.06 +0.88 +3.71 +1.17 -0.66 -0.07 +2.14 +2.51 +1.51

4 Experiments383

4.1 Experimental Settings384

Datasets: We evaluate our method on two public385

MEL benchmarks, which were proposed by Wang386

et al. (2022a), and WikiDiverse which is proposed387

by Wang et al. (2022b). For fair comparison, we fol-388

low the original data splits and candidate sets pro-389

vided by Xing et al. (2023b). Detailed dataset statis-390

tics and split settings are given in Appendix D.1.391

Baselines: To comprehensively assess the ef-392

fectiveness of ThinkLinker, we compare it with393

three groups of baselines. (1) Text-only EL meth-394

ods: BERT (Devlin et al., 2019) and BLINK (Wu395

et al., 2020b). (2) Multimodal MEL mod-396

els: DZMNED (Moon et al., 2018), JMEL (Ad-397

jali et al., 2020), MEL-HI (Zhang et al., 2021),398

ViLT (Kim et al., 2021), CLIP (Radford et al.,399

2021), GHMFC (Wang et al., 2022a), MIMIC (Luo400

et al., 2023), DRIN (Xing et al., 2023a), and401

FissFuse (Luo et al., 2024). (3) MEL+LLMs402

methods: GPT-3.5, GEMEL (Shi et al., 2024),403

FissFuse† (Luo et al., 2024), and UniMEL (Liu404

et al., 2024). For details, we provide extensive405

descriptions of baselines in Appendix D.2.406

Implementation Details: We initialize the mul-407

timodal encoder with the pre-trained CLIP-ViT-408

B/32 model. The textual and visual features are409

projected into a shared 256 dimensional hidden 410

space. In the low-rank fusion module, the rank 411

is fixed to 4. The dialog rounds R is set to 3 on 412

WikiMEL and 2 on WikiDiverse. DeepSeek-V3.1 413

is used as the underlying LLM for both EQG and 414

CVR. Training follows a two-stage scheme with up 415

to 30 epochs per stage and early stopping based on 416

development performance. We optimize all parame- 417

ters with AdamW. Learning rates are set per dataset 418

and stage as follows: the first stage uses 1× 10−6 419

for WikiDiverse and 1×10−5 for WikiMEL, while 420

the second stage uses 1 × 10−4 for WikiDiverse 421

and 3× 10−5 for WikiMEL. 422

4.2 Main Result 423

We conduct comparative experiments on two public 424

benchmarks, WikiMEL and WikiDiverse, to evalu- 425

ate the effectiveness of different models on MEL 426

tasks. Table 1 reports the results in terms of H@k, 427

MR, and MRR. The formal definitions of these 428

evaluation metrics are provided in Appendix D.3. 429

Firstly, multimodal methods consistently outper- 430

form text-only baselines, confirming the effective- 431

ness of visual information in MEL. The gains are 432

substantially larger on WikiMEL than on WikiDi- 433

verse, likely because the latter contains noisier and 434

less complete images, which weaken the contribu- 435

tion of visual signals. 436
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Table 2: Ablation study on key components of ThinkLinker. ∗ indicates the corresponding second-stage results. The
full ablations of the second-stage are reported in the Appendix F.

Dataset WikiMEL WikiDiverse

Metric H@1 H@1∗ H@2 H@3 MR MRR H@1 H@1∗ H@2 H@3 MR MRR

ThinkLinker 90.44 91.74 95.51 97.23 1.35 93.98 83.34 86.57 92.80 96.30 1.34 89.93

Modality-level (1) w/o Text 56.61 59.01 68.33 74.62 4.16 67.98 46.20 45.17 59.01 66.14 3.23 60.45
(2) w/o Image 83.63 85.97 90.97 93.69 1.75 89.17 69.91 84.78 84.92 90.27 1.71 81.06

Module-level (3) w/o Cross-Modal 88.88 91.06 94.35 96.60 1.41 92.89 74.30 84.65 86.36 91.02 1.65 83.54
(4) w/o Intra-Modal 84.66 88.04 91.37 94.04 1.73 92.89 72.79 86.02 86.15 91.36 1.65 82.83

Feature-level (5) w/o Local 88.76 91.00 94.93 96.98 1.39 92.99 73.47 86.36 87.32 91.98 1.63 83.41
(6) w/o Global 88.41 90.23 94.68 96.71 1.40 92.75 73.00 84.51 85.81 91.84 1.62 83.00

(7) w/o Low Rank 88.76 91.06 94.93 96.98 1.39 92.99 73.82 86.43 89.95 90.95 1.66 83.24

Secondly, among MEL methods, architectural437

choices lead to clear performance gaps. Models438

built on vision and language pre-training, particu-439

larly CLIP-based approaches, show consistent ad-440

vantages thanks to well-aligned cross-modal rep-441

resentations and strong generalization. In contrast,442

earlier MEL models fail to fully exploit multimodal443

cues. Recent methods such as MIMIC and Fiss-444

Fuse further improve performance by incorporating445

multi-granularity feature alignment and modality-446

aware fusion. In the generative MEL paradigm,447

LLMs provide rich external knowledge, while ap-448

proaches such as GEMEL that directly generate449

target entities are constrained by hallucination and450

high computational cost. The results of FissFuse†451

and UniMEL demonstrate that, under proper con-452

straints, leveraging LLMs for result verification or453

data augmentation is both feasible and effective.454

Finally, our proposed ThinkLinker achieves the455

best overall performance on both datasets. In the456

first stage, it surpasses the strongest MEL baseline457

by 5.64 H@1 points, demonstrating the effective-458

ness of low-rank interaction with multi-granular459

hierarchical modeling. In the second stage, multi-460

round LLM-based mention enrichment brings an461

additional 3.23-point gain on WikiDiverse, indi-462

cating that knowledge-driven verification improves463

ranking precision. It is worth noting that the slight464

drop in H@3 on WikiDiverse suggests that the465

verification-oriented context refinement sharpens466

the model’s discrimination, prioritizes identifying467

the most accurate entity rather than expanding re-468

call over multiple candidates.469

4.3 Ablation Study470

We conduct ablation studies to assess each compo-471

nent’s contribution, as shown in Table 2.472

First, we examine modality-level inputs and473

module-level interaction components. Removing474

text or visual input, or ablating cross-modal or 475

intra-modal modules, consistently degrades per- 476

formance, confirming that both unimodal signals 477

and interaction mechanisms are essential, demon- 478

strating that our model is particularly effective at 479

leveraging the noisy visual cues in WikiDiverse. 480

Next, discarding either local or global representa- 481

tions consistently harms performance, demonstrat- 482

ing that fine-grained local cues and coarse-grained 483

semantic coherence are complementary. This ef- 484

fect is stronger on WikiDiverse, highlighting its 485

importance in noisy, complex scenarios. Replacing 486

low-rank fusion also leads to degradation, indicat- 487

ing that the low-rank constraint helps suppress re- 488

dundancy and noise while encouraging the model 489

to focus on a more discriminative subspace. 490

Finally, H@1* reports ablations for the second 491

stage. Across all settings, this stage consistently 492

overpass the first stage, indicating that LLM-based 493

mention enrichment injects richer information and 494

stabilizes performance, and that the key compo- 495

nents remain important across both stages. 496

4.4 Discussion 497

Analysis of HPG Mechanism. We analyze the 498

HPG design by ablating its three pooling branches 499

(Table 3). On WikiMEL, removing any branch 500

Table 3: Ablation on HPG structure.

Dataset Pool Method H@1 H@2 H@3 MR MRR

W
ik

iM
E

L ThinkLinker 90.44 95.51 97.23 1.35 93.98
w/o AvgPool 89.20 94.54 96.32 1.42 93.07
w/o AttnPool 89.79 95.41 97.12 1.39 93.62
w/o MaxPool 89.36 94.47 96.98 1.37 93.40

W
ik

iD
iv

er
se ThinkLinker 83.34 92.80 96.30 1.34 89.93

w/o AvgPool 82.86 92.53 95.96 1.34 89.64
w/o AttnPool 82.88 92.87 96.30 1.34 89.80
w/o MaxPool 82.04 91.71 95.61 1.37 89.04
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Figure 3: Effect of rank on performance and computation cost in low-rank fusion.
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Figure 4: Effect of dialogue rounds on performance.

degrades performance, confirming the complemen-501

tarity of modeling salient, statistical, and global-502

conditioned local cues. Notably, removing atten-503

tion pooling on WikiDiverse is nearly comparable504

to our full model, indicating that the additional ben-505

efit of global attention pooling is limited in more506

complex contexts. Overall, the full HPG achieves507

the best performance, showing that our HPG ef-508

fectively balances different pooling paths and pro-509

duces compact, discriminative local representations510

compatible with subsequent low-rank fusion.511

Influence of rank on Low-Rank Fusion Per-512

formance. We vary the rank k of the low-rank513

fusion module on both stages (Figure 3). As k514

increases, parameters grow rapidly, while H@1515

changes by only 1-2 points; small ranks often516

achieve near-optimal performance. We thus fix517

k = 4 as a practical trade-off between accuracy518

and model size. This indicates that the discrimi-519

native features for MEL task are relatively sparse520

and low-dimensional. Low-rank representations521

capture most cross-modal correlations, enabling522

multi-granular interactions in a compact subspace,523

reducing noise and overfitting while preserving the524

most informative signals.525

Impact of KS-SS Dialogue Rounds. We eval-526

uate different dialogue-round settings (Figure 4).527

Performance generally increases with more rounds,528

but gains diminish over time. The largest improve-529

ment occurs from 0 to 1 round, showing that a small530

interaction suffices to provide key disambiguation531

H@1 H@3 MRR90

92

94

96

98

100 ANW

Ours Mean Cosine Attn
H@1 H@3 MRR

90

95

100 RGA

Ours Concat Sum Direct

Figure 5: Effect of neighbor-aggregated knowledge in-
fusion strategies.

context. Additional rounds yield marginal gains, 532

particularly on WikiDiverse, where short mention 533

contexts make extra dialogue prone to introduc- 534

ing noise or hallucinations. We therefore use three 535

rounds for WikiMEL and two for WikiDiverse to 536

balance improvements with stability. 537

Effect of Neighbor-Aggregated Knowledge In- 538

fusion. We evaluate the contributions of the ANW 539

and RGA components on WikiMEL (Figure 5). 540

For ANW, our method outperform uniform mean 541

weighting, cosine-softmax weighting, and learn- 542

able attention weighting, indicating that our adap- 543

tive weighting better captures high-order nonlinear 544

interactions between the mention and its neighbors. 545

For RGA, we compare it against direct concate- 546

nation, summation, and direct use the aggregated 547

neighbor vector. RGA consistently performs best, 548

as the residual path preserves essential mention 549

cues while the gating mechanism adaptively bal- 550

ances mention and neighbor features, improving 551

robustness to noisy neighbors. 552

5 Conclusion 553

In this work, we propose ThinkLinker, a two-stage 554

framework that combines low-rank multi-level in- 555

teraction with LLM-based bidirectional reasoning. 556

It explicitly captures the joint dependencies among 557

features across different granularities and modali- 558

ties, and revisits candidates to enhance and verify 559

mention semantics. Experiments show that Thin- 560

kLinker consistently outperforms sota methods. 561
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Limitations562

ThinkLinker adopts a two-stage framework, where563

the second stage relies on an LLM to perform multi-564

round dialogue-style generation, and most limita-565

tions stem from this stage. First, hallucinations in566

LLMs remain a non-negligible issue. Second, en-567

gaging an LLM in multiple rounds of interaction in-568

troduces additional computational and latency over-569

head, with overall cost typically scaling linearly or570

even super-linearly with dataset size. Third, the ver-571

ification process currently operates only on textual572

information and does not incorporate visual modal-573

ities, which may limit the model’s ability to fully574

exploit multimodal cues. Future work will explore575

lighter-weight generation or retrieval mechanisms,576

more effective hallucination mitigation strategies,577

and ways to incorporate visual signals into the ver-578

ification stage to further reduce cost and improve579

applicability to larger-scale and more diverse MEL580

scenarios.581
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A Derivation of the LFT Module772

A detailed mathematical derivation of the LFT mod-773

ule is provided below.774

The original linear fusion can be written as:775

F = W · Z + b, (12)776

where Z is a joint representation of all features, and777

b is a bias. In order to capture interactions among778

arbitrary subsets of the M features, we adopt the779

approach of Zadeh et al. (2018), which augments780

each feature vector with a constant and then takes781

the outer product of all such augmented vectors.782

Consequently, the bias term in Equation (12) is783

implicitly encoded and may be omitted. Based on784

this, Z can be expressed as the outer product of the785

augmented feature vectors, Z = ⊗M
m=1z

m, with its786

computation presented as follows:787

Z =

[
z1

1

]
⊗
[
z2

1

]
⊗ · · · ⊗

[
zM

1

]
= 1 +

M∑
i=1

zi +
∑

(zi ⊗ zj)

+
∑

(zi ⊗ zj ⊗ zk)

+ · · ·+ z1 ⊗ z2 ⊗ · · · ⊗ zM .

(13)788

For brevity, the summations in the expression above789

omit index ranges; unless otherwise specified, all790

indices range over {1, . . . ,M} in strictly increas-791

ing order.792

Equation (13) expands into interaction terms793

ranging from zero-order to M -th order. The zero-794

order term implements the bias; first-order terms795

capture individual feature information or marginal796

effects; second-order terms explicitly model multi-797

plicative pairwise interactions between features and798

thus express pairwise joint semantics; higher-order799

terms encode multi-way interactions to represent800

more complex joint dependencies.801

To further reduce computational complexity, we802

replace the full weight tensor W with a low-rank803

weight W̃:804

W̃ =
k∑

i=1

M⊗
m=1

w(i)
m , (14)805

where the minimal k is the tensor rank and the806

vectors w(i)
m are the decomposition factors. Conse-807

quently, the fused tensor is: 808

F =

(
k∑

i=1

M⊗
m=1

w(i)
m

)
· Z

=
k∑

i=1

(
M⊗

m=1

w(i)
m · Z

)

=

k∑
i=1

(
M⊗

m=1

w(i)
m ·

M⊗
m=1

zm

)

= ΛM
m=1

[
k∑

i=1

w(i)
m · zm

]
.

(15) 809

B Pipeline of Knowledge-Driven QA 810

Generation Paradigm 811

The detailed pipeline of LLM-based KS-SS Dia- 812

logic Verification is specified in Algorithm 1 in 813

pseudocode form. The algorithm defines how to 814

construct the question template from candidate en- 815

tities and how to construct the answer template 816

from the mention and the generated question; it 817

then applies LEQG and LCV R iteratively to gener- 818

ate questions and answers, yielding the augmented 819

text set Ai. 820

Algorithm 1: Knowledge-Driven Question-Answer Gener-
ation Paradigm

Inputs: mention m ∈ M , a trained retrieval model Model,
total question–answer round R, encoder EncT , question-
generation large model LEQG and answer-generation large
model LCV R.
Output: an augmented text set Ai = {ar}Rr=1.
1: Retrieve C1(m) = Model(m) =

[
e1, . . . , eR

]
.

2: Encode e = EncT (c) for c ∈ C1.

3: Initialize text set Ai = [].

4: for r = 1 to R do:

5: Construct question template T ′
EQG = TEQG(e

r).

6: Generate question qr = LEQG(T
′
EQG).

7: Construct answer template T ′
CV R = TCV R(m, qr).

8: Generate answer ar = LCV R(T
′
CV R).

9: Append ar to Ai.

10: end for

11: return Ai.

C Question–Answer Prompt Templates 821

The prompt templates used to query the question- 822

generation LLM LEQG are shown in Table 4, and 823

those used for the answer-generation LLM LCV R 824

are shown in Table 5. 825
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Table 4: Prompt template for Entity Question Generator (EQG).

Prompt Template for Entity Question Generator (EQG)

System prompt
You are a dialog agent that helps refine entity search by asking targeted questions.
You will be given an entity from a knowledge base (called the “anchor entity”): the entity’s name and a short description.
However, this anchor entity may not be the exact entity I’m actually looking for.
Your task is to generate exactly ONE clear and specific question that helps to disambiguate the target entity.

Prioritize useful attributes such as:
– entity category and time range
– field/industry, intended use, or function
– geographic information (country, city, coverage area)
– alternative names / full name / abbreviations
– key characteristics (size/model/color/capacity/version/license type, etc.)

Rules:
1. The questions raised should not mention the name of entity.
2. Do not raise questions that have already been raised in previous rounds.
3. Always output exactly ONE question. If information is limited, still ask the best possible disambiguating question.
4. Do not output empty text. If you cannot find a strong question, ask a weaker but still relevant question.
5. Do not ask yes/no questions.
6. Do not answer the question yourself.
7. You have 3 rounds and you can only ask one question at a time.
User prompt
Here is the information for the retrieved entity. Read it carefully, then ask a single question to help identify my target entity.
Note: sometimes the description may be missing or vague.
Please do not raise questions that have already been raised in previous rounds.
Name: anchor_candidate["entity_name"]
Description: anchor_candidate["desc"]

Question:

Table 5: Prompt template for Context Verification Responder (CVR).

Prompt Template for Context Verification Responder (CVR)

System prompt
You are an entity-search assistant. Primary goal: identify the target entity for a mention by using context first; answers should
help entity linking, not primarily serve as free-form answers.

Your answer must strictly follow the following rules:
1. First and foremost, examine the mention’s contextual type from the provided text before answering.
2. Your response must be based on this contextual type. If the context-implied type does NOT match the question-implied type,

output in this form: “<Mention> is a <CONTEXTUAL TYPE>.” Then provide affirmative facts about the mention
specifically in its capacity as that <CONTEXTUAL TYPE> using reliable external knowledge (avoid repeating the provided
context). CRITICAL: IGNORE the question’s implied type entirely in this case. Do not answer the original question if it is
about the wrong type. Do not provide facts related to entities mentioned in questions of different types. Do not use negative
sentences such as “It is not ...” in your response.

3. If the context type matches the type implied by the question, there is no need to specify the entity type in the answer. Please
answer the question directly in the form of an affirmative sentence.

4. Keep your answer to one or two sentences.
5. Always respond with affirmative statements, and avoid using negative words like “not” or “no” in your answers.
Your responses must remain factual, precise, and concise.

User prompt
Name: mention_name
Context: mention_context
Question: Question
The answer is:
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Table 6: Statistics of two datasets.

Datasets WikiMEL WikiDiverse

Mentions
Train 18092 12268
Valid 2585 1459
Test 5169 1459

Candidates 100 10
Avg. Sentence Length 10.13 8.2

D Experimental Details826

D.1 Statistics of Datasets827

We conduct experiments on two publicly828

available multimodal entity linking datasets:829

WikiMEL (Wang et al., 2022a) and WikiDi-830

verse (Wang et al., 2022b).831

WikiMEL comprises over 22,000 multimodal832

samples, constructed by collecting entities from833

Wikidata and subsequently extracting textual and834

visual descriptions for each entity from Wikipedia.835

WikiDiverse contains over 8,000 diverse context836

topics and entity types sourced from Wikinews,837

using Wikipedia, which hosts more than 16 million838

entities, as the corresponding knowledge base.839

Table 6 summarizes the statistics of the two840

datasets. Following the original data splits in Luo841

et al. (2024), we assign the (train, valid, test) splits842

as (70%, 10%, 20%) and (80%, 10%, 10%) for843

WikiMEL and WikiDiverse, respectively.844

D.2 Descriptions of Baselines845

The baseline methods employed in the experimen-846

tal section are described as follows:847

BERT (Devlin et al., 2019) is a bidirectional848

Transformer encoder pre-trained on large-scale cor-849

pora and commonly used as a textual backbone for850

entity linking.851

BLINK (Wu et al., 2020b) is a scalable text-852

based entity linking framework that combines bi-853

encoder retrieval with cross-encoder re-ranking854

based on BERT representations.855

DZMNED (Moon et al., 2018) is an early MEL856

model that integrates short textual context and as-857

sociated images via attention mechanisms.858

JMEL (Adjali et al., 2020) is a joint multimodal859

entity linking model for Twitter that learns text and860

image representations with a dual-branch architec-861

ture optimized using triplet loss.862

MEL-HI (Zhang et al., 2021) proposes a hierar-863

chical interaction framework with multi-level atten-864

tion to suppress noisy visual signals and enhance865

discriminative features.866

ViLT (Kim et al., 2021) is a VLP model that 867

employs a lightweight visual backbone to produce 868

generic multimodal representations. 869

CLIP (Radford et al., 2021) is a contrastive 870

vision–language model trained on large-scale 871

image–text pairs, providing a shared embedding 872

space for text–image similarity. 873

GHMFC (Wang et al., 2022a) is a MEL model 874

that mines fine-grained cross-modal relations with 875

Transformer-based encoders and employs gated 876

fusion and contrastive training to obtain more in- 877

formative multimodal entity representations. 878

MIMIC (Luo et al., 2023) is a a multi- 879

granularity interaction framework that explicitly 880

models feature interactions between mentions and 881

entities across modalities using several cross-modal 882

units at local and global levels. 883

DRIN (Xing et al., 2023a) is a dual-relation in- 884

teraction network that constructs multi-type men- 885

tion–entity graphs and applies graph convolutional 886

networks to capture different alignment relations. 887

FissFuse (Luo et al., 2024) adopts a fission- 888

fusion dual-branch architecture to model modality- 889

specific features, optionally augmented with an 890

LLM-based re-ranking stage. 891

GPT-3.5 uses large language model in a zero- 892

shot or few-shot manner for MEL by prompting 893

it to directly predict target entities based on the 894

textual and multimodal input. 895

GEMEL (Shi et al., 2024) treats a generative 896

LLM as the central component and uses frozen en- 897

coders together with a lightweight feature mapper 898

to enable cross-modal conditioning in generation. 899

UniMEL (Liu et al., 2024) is a unified frame- 900

work that combines textual and visual informa- 901

tion for representation enhancement and employs 902

embedding-based retrieval for MEL. 903

D.3 Evaluation Metrics 904

H@k indicates whether the ground truth appears 905

within the top k positions of the ranking list gener- 906

ated by the model: H@k = 1
N

∑N
i=1 I

(
rank(i) ≤ 907

k
)

, where N denotes the total number of sam- 908

ples, and I is an indicator function. In our exper- 909

iment, we set the value of k to 1, 2, and 3. MR 910

computes the average rank of the ground-truth en- 911

tity: MR = 1
N

∑N
i=1 rank(i), where lower values 912

indicate better performance. MRR measures the 913

average reciprocal rank of the ground-truth entity 914

in the ranking list for all samples, which can be 915

represented by MRR = 1
N

∑N
i 1/rank(i). 916
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Table 7: Ablation study on key components of ThinkLinker in the second stage. The best results are shown in bold.

Dataset WikiMEL WikiDiverse

Metric H@1 H@2 H@3 MR MRR H@1 H@2 H@3 MR MRR

ThinkLinker† 91.74 96.44 97.66 1.29 94.86 86.57 94.11 96.71 1.27 91.83

Modality-level (1) w/o Text 90.64 95.57 97.14 1.35 94.09 84.92 93.42 96.44 1.30 90.89
(2) w/o Image 89.38 94.83 96.69 1.40 93.24 85.81 94.17 97.12 1.28 91.51

Module-level (3) w/o Cross-Modal 91.06 96.19 97.62 1.34 94.45 84.65 93.42 96.30 1.32 90.71
(4) w/o Intra-Modal 88.04 94.58 96.54 1.45 92.51 86.02 93.15 96.30 1.29 91.39

Feature-level (5) w/o Local 91.00 96.01 97.56 1.30 94.41 86.36 93.76 96.64 1.28 91.68
(6) w/o Global 90.23 95.49 97.19 1.34 93.87 84.51 93.35 96.30 1.30 90.68

(7) w/o Low Rank 91.06 94.30 97.79 1.31 94.52 86.43 94.17 96.64 1.28 91.77

Table 8: Performance and computational cost compari-
son between our low-rank fusion and tensor fusion.

Metrics Low Rank Fusion Tensor Fusion

H@1 WikiMEL 91.74 89.96
WikiDiverse 87.05 83.21

Trainable Parameters (M) 4.5 86.9

GPU Memory (MB) 1017.69 3117.53

GFLOPs 6.31 24.45

E Efficiency and Effectiveness Analysis of917

Low-Rank Fusion918

To evaluate the efficiency and effectiveness of the919

proposed low-rank tower for MEL, we compare the920

low-rank strategy adopted in the Low-Rank Multi-921

level Modal Fusion Framework with a variant in922

which the low-rank formulation is replaced by di-923

rect fusion using the original high-dimensional ten-924

sors. Evaluation is conducted from both perfor-925

mance and computational perspectives, using H@1926

as the effectiveness metric and three efficiency in-927

dicators: the number of trainable parameters, GPU928

memory consumption, and computational complex-929

ity measured in GFLOPs. All experiments are930

performed under identical settings to ensure fair931

comparison.932

As shown in Table 8, low-rank fusion consis-933

tently outperforms tensor fusion on both WikiMEL934

and WikiDiverse, yielding absolute H@1 improve-935

ments of 1.78 and 3.84 percentage points, respec-936

tively. This suggests that structured low-rank con-937

straints help suppress redundant cross-modal inter-938

actions and emphasize more discriminative cues,939

leading to improved entity matching accuracy. In940

terms of computational efficiency, low-rank fusion941

requires only 4.5M parameters (over 19× fewer942

than tensor fusion), while reducing GPU memory 943

from 3117.53 MB to 1017.69 MB and computation 944

from 24.45 to 6.31 GFLOPs. This efficiency arises 945

from low-rank decomposition, which effectively 946

approximates high-order tensor interactions with- 947

out the combinatorial overhead of full tensor fusion. 948

Overall, low-rank fusion significantly reduces com- 949

putational and memory overhead while delivering 950

consistently superior performance across datasets, 951

making it more suitable for large-scale multimodal 952

entity linking and practical deployment. 953

F Ablation Study of The Second Stage 954

We conduct an ablation study in the second stage 955

with results summarized in Table 7. 956

The ablation results show that removing individ- 957

ual components in the second stage still leads to 958

performance degradation, exhibiting trends overall 959

consistent with those observed in the first stage. 960

This indicates that the modules and feature designs 961

of our framework continue to play important roles 962

after mention enrichment. Meanwhile, the model 963

demonstrates stronger overall stability, as the per- 964

formance drops caused by ablation are substantially 965

smaller than those in the first stage. This can be 966

attributed to the combination of first-stage pretrain- 967

ing and second-stage mention enrichment, which 968

provides richer and more robust contextual repre- 969

sentations and reduces the model’s reliance on any 970

single module or feature. Interestingly, for some 971

configurations, H@1 decreases noticeably while 972

H@2 and H@3 show slight improvements. This 973

phenomenon arises because the second-stage verifi- 974

cation module encourages the model to focus more 975

on mention-centered discriminative information, 976

thereby favoring more precise localization of the 977

target entity. 978
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Inside_Out_(2015_film)

Sadness	from	
Pixar's	Inside	Out.

Mention

Q1:	What	is	the	specific	genre	or	theme	of	the	film	you	are	looking	for?
A1:	Inside	Out	is	an	animated	comedy-drama	film	that	explores	emotions	and	psychological	development.

Q2:	What	is	the	primary	subject	matter	or	central	plot	of	the	film	you	are	searching	for?
A2:	Inside	Out	explores	the	emotions	of	a	young	girl	named	Riley	as	she	navigates	a	major	life	change.

Q3:	What	is	the	intended	audience	or	age	group	for	the	media	you	are	looking	for?
A3:	Inside	Out	is	a	Pixar	animated	film	primarily	intended	for	family	audiences,	including	children	and	their	parents.

2013	American	
independent	film	
directed	by	Jill	
D'Agnenica

Life_Inside_Out 	Inside_Out_(2015_film)
2015	American	
computer-

animated	film

Inside_Out_(2000_TV_series)

a	short-lived	
Scottish	children's	
television	show

Life_Inside_Out Inside_Out_(2000_TV_series)

	Inside_Out_(2015_film)
2015	American	computer-animated	film

Congressman	Abercrombie,	
circa	2005.

Q1:	What	specific	time	period	or	political	role	are	you	most	interested	in	regarding	this	individual?
A1:	Congressman	Abercrombie	served	in	the	U.S.	House	of	Representatives	from	1991	to	2010.

Q2:	What	specific	field	or	industry	is	this	person	primarily	associated	with	in	your	search?
A2:	Congressman	Abercrombie	is	a	politician	who	served	as	a	U.S.	Representative	for	Hawaii.

Q3:	What	specific	military	campaigns,	geographic	locations,	or	historical	events	is	this	person	associated	with?
A3:	Congressman	Abercrombie	is	a	politician.	He	served	as	a	U.S.	Representative	for	Hawaii's	1st	congressional	
district	and	was	involved	in	legislative	activities	related	to	military	and	veterans	affairs.

Neil_Abercrombie
American	politician	who	served	as	the	seventh	

governor	of	Hawaii	from	2010	to	2014.

William_R._Abercrombie

a	career	U.S.	Army	
officer	during	the	
late	19th	century.

David_T._Abercrombie

the	founder	of	the	
American	lifestyle	brand	
Abercrombie	&	Fitch.

Neil_Abercrombie
American politician who 

served as the seventh 
governor of Hawaii from 

2010 to 2014.

Bathum and	his	guide	
discuss	the	race following	

their	downhill	ride.
the	most	prestigious	level	of	international	
competition	in	Paralympic	alpine	skiing

Q1:	What	specific	type	of	racing	are	you	interested	in	(e.g.,	motorsports,	horse	racing,	track	and	field)?
A1:	Bathum	and	his	guide	are	discussing	downhill	mountain	bike	racing.

Q2:	Which	specific	year	or	edition	of	the	World	Para	Alpine	Skiing	Championships	are	you	interested	in?
A2:	Bathum	is	a	person.	He	is	a	visually	impaired	alpine	skier	who	competes	with	a	guide.

Q3:	What	is	the	specific	application	or	industry	where	this	bearing	race	is	used?
A3:	Bathum	is	a	person.	He	discusses	the	race	following	their	downhill	ride	in	the	context	of	a	sporting	event.

Racing
a	competition	which	
competitors	try	to	

complete	a	task	in	the	
shortest	amount	of	time

Race_(bearing)
The	rolling-elements	
of	a	rolling-element	
bearing	ride	on	races.

World_Para_Alpine_Skiing
																_Championships

the	most	prestigious	level	of	
international	competition	in	
Paralympic	alpine	skiing

World_Para_Alpine_Skiing_Championships

Round	1
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OLPC in	Galima	(Nigeria)	
showing	children	with	their	
lime	green	XO	laptops.

a	non-profit	initiative	established	with	the	goal	of	
transforming	education	for	children

Q1:	What	is	the	specific	time	period	or	era	you	are	interested	in	regarding	this	initiative?
A1:	OLPC	is	an	educational	initiative	distributed	laptops	to	children	in	developing	countries	during	the	mid-2000s.

Q2:	Which	specific	country	or	region	was	this	device	intended	for	or	primarily	distributed	in?
A2:	OLPC	is	an	initiative	that	primarily	distributed	its	XO	laptops	in	developing	countries	to	support	education.

Q3:	What	specific	aspect	or	level	of	the	education	system	are	you	focusing	on
A3:	OLPC	focuses	on	technology	integration	in	primary	education.

a	low	cost	laptop	
computer	to	be	

distributed	to	children	
in	developing	countries

One_Laptop_per_Child
a	non-profit	initiative	
established	with	the	
goal	of	transforming	
education	for	children

OLPC_XO-3

a	design	for	a	tablet	e-
book	reader

One_Laptop_per_Child

Round	1

Round	2

Round	3

R1

R2

R3

One_Laptop_per_Child

OLPC_XO

OLPC_XO OLPC_XO-3

One_Laptop_per_Child OLPC_XO OLPC_XO-3

One_Laptop_per_Child OLPC_XO OLPC_XO-3

Figure 6: Case Study of ThinkLinker.

G Case Study979

To qualitatively evaluate the effectiveness of the980

second-stage Knowledge-Driven Mention Repre-981

sentation Refinement, we conduct a case study with982

representative examples shown in Table 6.983

Cases 1 and 2 show that when the original984

semantic-space context is short and lacks discrim-985

inative cues, the initial ranking tends to favor in-986

correct entities that are only surface-similar to the987

mention. In contrast, the multi-round LLM-based988

dialogue module starts from candidate entities in989

the knowledge space and performs iterative valida-990

tion back into the semantic space, encouraging the991

model to generate evidence that is more discrimi-992

native for the current mention. In Case 1, a single993

dialogue round is sufficient to promote the correct994

entity to the top rank. In Case 2, the first round995

significantly improves the rank of the ground-truth996

entity, while the second round introduces the key997

attribute "politician", which clearly distinguishes998

the target entity from the previously top-ranked999

distractor.1000

Case 3 presents a failure case. Due to the ab-1001

stract nature of the mention and the ambiguity of1002

the surrounding context, the model shifts its focus 1003

to another, easier-to-resolve entity and generates 1004

detailed information about it. Although some con- 1005

text beneficial for disambiguation is also produced 1006

and the rank of the ground-truth entity is improved, 1007

this process simultaneously introduces hallucina- 1008

tions and noise. Such severely underspecified men- 1009

tions are challenging even for human annotators, 1010

indicating that additional safeguards or specialized 1011

strategies are required for these cases. 1012

Case 4 focuses on sentences containing multi- 1013

ple highly similar mentions. Because the baseline 1014

representation concatenates each mention with the 1015

same sentence context, co-occurring mentions of- 1016

ten receive highly similar embeddings, which can 1017

lead to erroneous linking. In contrast, candidate- 1018

guided dialogue generates differentiated textual ex- 1019

pansions for each mention, introducing additional 1020

discriminative cues and effectively reducing confu- 1021

sion in multi-mention scenarios. 1022
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