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Abstract001

Fine-grained entity typing (FET) aims to assign002
semantically rich and contextually appropriate003
types to entity mentions. While recent studies004
have explored the use of large language mod-005
els (LLMs) for this task, two key challenges006
persist. First, FET typically involves a large007
number of entity types, making it difficult for008
LLMs to perform accurate classification. Sec-009
ond, the presence of label noise in the train-010
ing data introduced by automatic supervision011
methods hinders effective fine-tuning. To ad-012
dress these challenges, we propose DR-FET,013
a descriptor-based retrieval-augmented frame-014
work that reduces the effective label space and015
constructs high-precision training data under016
noisy supervision. Our method introduces nat-017
ural language descriptors as an intermediate se-018
mantic representation for both entity mentions019
and types. During inference, entity descriptors020
are used to retrieve a small set of semantically021
relevant candidate types, enabling the LLM to022
perform fine-grained classification under ex-023
plicit candidate constraints. During training,024
the same descriptor and retrieval mechanism025
is reused to identify high-confidence instances026
from distantly supervised data, prioritizing la-027
bel precision for efficient fine-tuning. Experi-028
ments on two widely used benchmarks demon-029
strate that the proposed method consistently030
outperforms existing fine-grained entity typing031
approaches under noisy supervision.032

1 Introduction033

Fine-grained entity typing (FET) aims to assign034

precise and context-sensitive types to entity men-035

tions. Despite its importance for many downstream036

tasks, FET remains challenging due to the large037

label space and the lack of high-quality annotated038

data.039

Large language models (LLMs) have shown040

strong potential for FET by capturing rich contex-041

tual semantics. However, directly applying LLMs042

to fine-grained typing is problematic. First, typi- 043

cal FET benchmarks contain dozens or even hun- 044

dreds of types, and prompting an LLM to select 045

from the full ontology often leads to unreliable pre- 046

dictions.Our preliminary analysis indicates that a 047

strong LLM achieves 65.61% strict accuracy when 048

choosing from five candidate types, but perfor- 049

mance drops to 29.4% when 50 types are consid- 050

ered (Appendix A). Second, due to the high cost 051

of manual annotation, existing approaches com- 052

monly rely on distant or weak supervision, which 053

introduces substantial label noise and further com- 054

plicates learning over large type sets. 055

To address these challenges, we propose 056

DR-FET, a descriptor-based retrieval-augmented 057

framework for fine-grained entity typing under dis- 058

tant supervision. The key idea is to introduce nat- 059

ural language descriptors as an intermediate se- 060

mantic representation. Given an entity mention 061

and its context, an LLM generates concise descrip- 062

tors that capture the entity’s semantic role. These 063

descriptors are then matched with textual type rep- 064

resentations using a frozen text encoder to retrieve 065

a compact candidate set with high recall. The fi- 066

nal prediction is made by an LLM constrained to 067

select only from this candidate set, transforming 068

fine-grained typing into a structured decision prob- 069

lem. 070

Moreover, the same descriptor-based retrieval 071

mechanism is leveraged during training to con- 072

struct a high-confidence dataset from noisy distant 073

supervision. By retaining only instances where 074

retrieved candidates agree with distant labels, we 075

obtain a compact but reliable training set that en- 076

ables effective LLM fine-tuning without additional 077

annotation. 078

Our contributions are summarized as follows: 079

• We propose a descriptor-based retrieval- 080

augmented framework that reduces large type 081

spaces into compact candidate sets for reliable 082
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LLM-based fine-grained entity typing.083

• We introduce a precision-first training data084

construction strategy that extracts high-085

confidence supervision from noisy distant la-086

bels using the same retrieval mechanism as087

inference.088

• Extensive experiments on benchmark datasets089

demonstrate the effectiveness and robustness090

of the proposed approach.091

2 Related Work092

Fine-grained Entity Typing (FET) has been widely093

studied under different supervision settings. We094

review prior work from three perspectives: noise-095

aware learning under distant supervision, model-096

centric approaches to FET, and recent advances097

leveraging retrieval and large language models.098

2.1 Noise-aware Fine-grained Entity Typing099

Distant supervision is a common strategy for con-100

structing FET training data, but it inevitably intro-101

duces label noise, including false positives, missing102

labels, and confirmation bias. Early work such103

as NFETC-AR (Onoe and Durrett, 2019) miti-104

gates noise by modeling latent clusters of entity105

mentions and propagating labels within similarity106

graphs. Subsequent studies explore explicit noise107

handling through probabilistic relabeling (Zhang108

et al., 2021), cluster-level loss correction (Pang109

et al., 2022), and posterior-based label denoising110

without external supervision (Pan et al., 2022).111

These approaches improve robustness by explicitly112

modeling or correcting noisy labels during training.113

2.2 Model-centric and LLM-based FET114

Beyond noise modeling, many methods focus on115

improving entity typing through better representa-116

tion learning or semantic reasoning. FiveFine (Dai117

and Zeng, 2023) generates context-dependent hy-118

pernyms using masked language models to support119

fine-grained and ultra-fine typing with minimal an-120

notation. More recent work explores the use of121

large language models and structured semantic pri-122

ors. OntoType (Komarlu et al., 2024) integrates123

ontology hierarchies with prompting and natural124

language inference to refine candidate type selec-125

tion. EnCore (Mtumbuka and Schockaert, 2024) en-126

hances entity representations through entity-aware127

attention and entity-centric pretraining objectives.128

While these methods demonstrate strong perfor- 129

mance, they typically assume relatively reliable 130

supervision or operate directly over the full label 131

space, which limits their robustness under large 132

ontologies and noisy distant supervision. 133

2.3 LLM for Information Extraction 134

In parallel, large language models have shown 135

strong potential in information extraction tasks, in- 136

cluding entity and relation extraction (Xu et al., 137

2024). Recent work such as Co-Prediction (Tang 138

et al., 2023) improves robustness under noisy su- 139

pervision by exploiting disagreement among multi- 140

ple predictions. Different from these approaches, 141

our method incorporates LLMs through descrip- 142

tor generation and candidate-constrained inference, 143

enabling scalable and robust fine-grained entity typ- 144

ing without explicit noise modeling. 145

2.4 Retrieval and LLMs for Information 146

Extraction 147

Embedding-based retrieval has been successfully 148

applied in large-scale recommendation (Cheng 149

et al., 2016), semantic search (Huang et al., 2020), 150

and document retrieval (Zeng et al., 2022), but re- 151

mains underexplored in fine-grained entity typing, 152

where most methods score all labels exhaustively. 153

Inspired by retrieval-classify paradigms, we intro- 154

duce descriptor-based semantic retrieval to narrow 155

the candidate label space before final prediction. 156

3 Methodology 157

We propose a descriptor-based framework for fine- 158

grained entity typing that explicitly seperates se- 159

mantic representation, label space reduction, and 160

final decision making. Our inference procedure 161

follows a three-stage pipeline: 162

1. Descriptor-based Semantic Abstraction, 163

which converts entity mentions into natural lan- 164

guage descriptors capturing their semantic roles; 165

2. Semantic Candidate Type Retrieval, which 166

reduces the large type space to a small set of rele- 167

vant candidate types using semantic similarity; 168

3. Candidate-constrained Type Inference 169

with LLM, which performs the final type predic- 170

tion within the retrieved candidate set. 171

In addition to the inference pipeline, we design 172

a training data construction strategy tailored for 173

distantly supervised data. This strategy leverages 174

the same descriptor generation and retrieval compo- 175

nents to identify high-confidence training instances, 176
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enabling effective fine-tuning of large language177

models under noisy supervision.178

3.1 Descriptor-based Semantic Abstraction179

(1) Entity Descriptor Generation. We adopt a180

few-shot prompting strategy to guide the model to181

produce coherent and semantically relevant descrip-182

tive phrases (descriptors). The complete prompt183

template is provided in Appendix B.2. For each en-184

tity mention, we prompt the LLM to generate 3–5185

descriptors that characterize the entity’s semantic186

role. For the training set, gold labels are included187

in the prompt to encourage the generation of de-188

scriptors that are well-aligned with the ground truth189

types. This enhances label-descriptor consistency190

but may reduce the model’s generalization capa-191

bility. For the validation and test sets, gold labels192

are omitted to better simulate real-world scenar-193

ios where true types are unknown. In these cases,194

the model generates more diverse yet contextually195

appropriate descriptors.196

We note that descriptor generation follows dif-197

ferent supervision settings across training stages.198

During training data construction under distant su-199

pervision in Section 3.4, gold labels are not pro-200

vided to the LLM, as distant annotations are inher-201

ently noisy and may be underspecified. In contrast,202

during the final model fine-tuning stage, descrip-203

tor generation is conditioned on gold labels, as204

the filtered training set is already high-precision,205

and label-aware prompting helps improve descrip-206

tor–type alignment.207

(2) Label Descriptor Aggregation. For each la-208

bel in the entity type set, we aggregate descriptors209

generated from training instances annotated with210

that label. Specifically, we retain the top-K most211

frequent descriptor phrases as representative sum-212

maries of the label semantics. These label descrip-213

tors are later used to compute semantic similarity214

with entity descriptors during candidate retrieval.215

3.2 Semantic Candidate Type Retrieval216

After obtaining a set of natural language descrip-217

tors for each label and the given entity, our goal is218

to identify a small subset of relevant labels from the219

full label space. This step performs candidate nar-220

rowing to reduce the computational and semantic221

burden on the final classification stage.222

Embedding Strategy. As shown in Stage 2 of223

Figure 1, we project each label or entity descriptor224

into a shared semantic space using a pretrained225

text encoder. As a result, for each label or entity,226

the multiple descriptors constructed in the previous 227

step result in a corresponding set of embeddings 228

for it. 229

Candidate Selection. For each descriptor d(i)e 230
of an entity e, we retrieve its top-q most similar 231
label-descriptor pairs based on cosine similarity: 232

P(i)
q = Top-q

{(
l, cos

(
v
d
(i)
e

, vdl

)) ∣∣∣ l ∈ L, dl ∈ Dl

}
, 233

where v
d
(i)
e

and vdl denote the embedding vectors 234

of the entity descriptor d(i)e and the label descriptor 235

dl, respectively; L is the full label set, and Dl is 236

the set of descriptors associated with label l. 237
For each entity, we compute a label score by 238

summing over similarities between its descriptors 239
and the retrieved label-descriptor pairs: 240

Score(e, l) =
m∑
i=1

∑
(l∗,dl∗ )∈P(i)

q

1{l∗=l} · cos
(
v
d
(i)
e

, vdl∗

)
. 241

Here, 1{l∗=l} is the indicator function that equals 242

1 if l∗ = l and 0 otherwise. Intuitively, this score 243

reflects the accumulated similarity between descrip- 244

tors of entity e and those associated with label l 245

among the top-q most similar pairs. 246

Finally, we select the top-k scoring labels as 247

candidate types for entity e: 248

Ycand(e) = Top-kl∈L Score(e, l). 249

The parameter q controls descriptor-level recall dur- 250

ing retrieval, while k bounds the candidate set size 251

for final inference, balancing recall and decision 252

complexity. The complete procedure is detailed in 253

Appendix C. 254

3.3 Candidate-constrained Type Inference 255

with LLM 256

For final prediction, we fine-tune an open-source 257

LLM using LoRA on the filtered high-confidence 258

examples. Given an input text, entity mention, and 259

its candidate labels with optional descriptors, the 260

model predicts all applicable labels in a multi-label 261

format. We adopt a zero-shot-style prompting setup 262

during both training and inference, and apply LoRA 263

to reduce GPU memory usage while maintaining 264

flexibility. All prompt templates are provided in 265

Appendix B.3. 266

3.4 Training Data Construction 267

Fine-grained entity typing under distant supervi- 268

sion is often affected by noisy and underspecified 269

annotations, where entity mentions are labeled with 270

coarse-grained types that only partially reflect their 271
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 Final Label
Prediction

🧾Prompt Format:

Text
Entity
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Figure 1: Overview of the proposed descriptor-based retrieval-augmented framework for fine-grained entity
typing. The pipeline consists of three stages: (1) descriptor generation, where an LLM produces natural language
descriptions for an entity mention given its context; (2) semantic candidate type retrieval, where both entity and label
descriptors are embedded and matched to retrieve a compact set of candidate types; and (3) candidate-constrained
LLM inference, which predicts the final entity types from the retrieved candidates.

true semantics. Directly using such labels as hard272

supervision can bias the model toward overly con-273

servative predictions and hinder fine-grained dis-274

crimination. To address this issue, we construct a275

high-confidence training set through a two-stage276

consistency-based instance selection strategy that277

explicitly leverages the hierarchical structure of278

the type ontology. An overview of this process is279

shown in Figure 2.280

3.4.1 Syntactic Consistency Verification281

As an initial denoising step, we apply syntactic con-282

sistency verification to remove invalid entity men-283

tions produced by distant supervision. Specifically,284

we verify whether each mention corresponds to a285

valid nominal phrase in context, filtering out mal-286

formed spans and non-entity expressions. This step287

is performed using lightweight linguistic checks288

and does not involve semantic interpretation. Only289

instances that pass this syntactic verification stage290

are retained for subsequent processing.291

3.4.2 Consistency-based Instance Selection292

For each training instance that passes syntactic ver-293

ification, we reuse the descriptor-based semantic294

abstraction (Section 3.1 and candidate type retrieval295

(Section 3.2) procedures to obtain an ordered list296

of candidate types. Instead of evaluating individ-297

ual labels in isolation, we construct acceptance298

chains from the retrieved candidates. An accep-299

tance chain is defined as a hierarchically valid se-300

quence of types in which each successive type is a301

descendant of the previous one, forming a coherent302

semantic refinement path in the ontology.303

We consider an instance to be semantically con-304

Distant Labels

/loaction
/organization
/location/structure/government
/organization/government
/location/structure

Candidate Labels Retrival

/person
/person/athlete
/person/title
/orgainization/army

Entity: The Great Hall
Distant Label:
   /other
   /other/health
   /other/health/malady

Entity: General
Distant Labels:
   /person

Entity: General
Distant Labels:
   /person

/person
/person/title
/person/athlete
/orgainization/army

Entity: Richard
Chamberlain
Distant Labels:
   /person
   /person/artist
   /person/artist/actor

/person/artist/actor
/person/
/person/artist
/person/artist/music
/person/athlete

≠ Mismatch

/location
/location/structure

/location/structure
/government

/person
/person/athlete

⊆ Included

/person
/person/title

Not Included

Step 1: Inclusion-based Filtering(Recall-oriented)

Step 2: Exact-match Filtering (Precision-oriented)

Accepted Hierarchy Labels  

Descriptor
Geneation

Descriptor–
Label Map

Final LLM
Finetune

Downstream
Utilization

Preparation for
step 2 Filtering

Weakly-supervised coarse-label instance

Filtered data

Filtered data

/person
/person/artist

/person/artist/actor
= Exact match

Figure 2: Two-stage consistency-based training data
construction under distant supervision. Given noisy
and potentially underspecified distant labels, we first
apply an inclusion-based consistency check to retain
recall-oriented instances whose distant labels are hier-
archically covered by at least one accepted candidate
label chain. The retained instances are then re-evaluated
using a strict exact-match criterion to remove coarse-
label-only and partially correct annotations, yielding a
high-precision training set for LLM fine-tuning.

sistent if there exists at least one acceptance chain 305

whose completed hierarchy covers all distant su- 306

pervision labels associated with the instance. This 307

criterion ensures that the retrieved candidate types 308

provide a plausible hierarchical explanation for the 309

distant annotation, even when the annotation itself 310

is coarse-grained. 311

However, semantic consistency alone does not 312

guarantee reliable fine-grained supervision. There- 313

fore, we further apply a strict matching criterion to 314

select high-confidence training instances. Specifi- 315

cally, an instance is retained for fine-tuning only if 316
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the accepted hierarchical chain exactly matches the317

distant supervision labels after hierarchy comple-318

tion. This second-stage filtering yields a subset of319

instances whose labels are both semantically con-320

sistent and sufficiently specific to serve as reliable321

fine-grained supervision.322

Importantly, this instance selection process is323

applied only during training data construction and324

does not affect the inference pipeline. By separat-325

ing semantic consistency verification from supervi-326

sion reliability enforcement, our method effectively327

mitigates the impact of underspecified distant la-328

bels while preserving high-quality training signals329

for fine-grained type prediction.330

4 Experiments331

4.1 Datasets332

Datasets OntoNotes BBN

Types 89 47
Hierarchy Depth 3 2
Mentions (Train) 253,241 86,078
Mentions (Step 1) 58,400 25,800
Mentions (Step 2) 29,800 12,024
Mentions (Step 2 Sampled) 9,806 6,120
Mentions (Test) 8,963 13,531
One-label Test (%) 94 100

Table 1: Statistics of the fine-grained entity typing
datasets used in our experiments.

We evaluate our approach on two widely used333

public datasets for fine-grained entity typing.334

OntoNotes (Weischedel et al., 2013) consists of335

sentences from the OntoNotes corpus that are dis-336

tantly annotated using DBpedia Spotlight (Gillick337

et al., 2016), resulting in 253K training mentions338

across 89 entity types. BBN (Weischedel and Brun-339

stein, 2005) contains sentences extracted from the340

Wall Street Journal and is distantly labeled using341

the same annotation pipeline, covering 47 entity342

types.343

Following prior work on denoising distantly su-344

pervised FET data, we apply a two-stage filtering345

process to construct reliable training sets. Step 1346

corresponds to syntactic consistency verification347

(Section 3.4.1), which removes malformed spans348

and non-entity mentions from the distantly super-349

vised data. Step 2 applies the proposed consistency-350

based instance selection (Section 3.4.2), retaining351

only semantically consistent instances whose labels352

are hierarchically complete and suitable for fine-353

grained supervision. To mitigate label imbalance354

introduced by distant supervision, we further con- 355

struct a balanced subset from Step 2 by sampling 356

instances across entity types, this subset is denoted 357

as Step 2 Sampled in Table 1. 358

Compared to early experimental variants that re- 359

lied on a small subset of the distantly supervised 360

data, our final experimental setup leverages the full 361

distant supervision corpus and relies on the pro- 362

posed filtering strategy to ensure training data qual- 363

ity. Detailed dataset statistics after each filtering 364

stage are reported in Table 1. 365

4.2 Metrics and Implementation Details 366

We follow prior work and evaluate model perfor- 367

mance using strict accuracy (Acc), Macro-F1 (Ma- 368

F1), and Micro-F1 (Mi-F1). All reported results are 369

averaged over five runs with different random seeds 370

to reduce variance introduced by data sampling and 371

LoRA initialization. 372

We employ the open-source Qwen2.5-7B- 373

Instruct (Qwen Team, 2024) model as the core 374

large language model throughout the framework. 375

The LLM is used for both entity descriptor gen- 376

eration and final candidate-constrained type infer- 377

ence, with LoRA applied for parameter-efficient 378

fine-tuning. For semantic candidate retrieval, we 379

use BERT (Devlin et al., 2018) as a frozen text 380

encoder without updating its parameters to embed 381

entity and label descriptors into a shared seman- 382

tic space. In addition to the main model, we also 383

report results using other open-source LLMs for 384

comparison (Table 5). 385

Details of hyperparameters, prompt templates, 386

and training configurations are summarized in Ap- 387

pendix D. 388

4.3 Baseline Methods 389

To evaluate the effectiveness of our approach, we 390

compare it with a set of representative baseline 391

methods for fine-grained entity typing. These 392

baselines are selected to reflect different strategies 393

for handling large label spaces and noisy supervi- 394

sion under distant labeling. Following their core 395

methodological characteristics, we group them into 396

three categories. 397

Distantly Supervised and Noise-aware FET 398

Models. This category includes methods that ex- 399

plicitly address label noise and confirmation bias 400

introduced by distant supervision, and represents 401

the dominant paradigm in fine-grained entity typ- 402

ing. We consider the following representative 403
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approaches: NFETC-AR and NFETChier (Onoe404

and Durrett, 2019), which incorporate partial-label405

learning and hierarchical constraints; NFETC-406

VAT (Shi et al., 2020) and CLSC-VAT (Chen et al.,407

2019), which apply consistency regularization and408

virtual adversarial training to improve robustness;409

FCLC and FCLChier (Pang et al., 2022), which410

divide noisy supervision into fine-grained candi-411

date sets; DenoiseFET (Pan et al., 2022), which412

performs automatic noise detection and correction;413

Co-Prediction (Tang et al., 2023), which lever-414

ages mutual supervision between models; and Five-415

Fine (Dai and Zeng, 2023), which gradually refines416

coarse labels into fine-grained predictions. All417

these methods are based on encoder models trained418

under distantly supervised settings and serve as419

strong and widely adopted baselines.420

Ontology-driven and Hierarchy-aware Typing.421

Methods in this category exploit type ontologies422

and hierarchical structures to guide fine-grained423

entity typing, without explicitly modeling instance-424

level label noise. We include OntoType (Komarlu425

et al., 2024), which utilizes ontology structures and426

type descriptions to improve semantic alignment427

between mentions and labels.428

Representation Enhancement with Additional429

Pre-training. This category includes methods430

that improve entity typing performance by enhanc-431

ing representation learning through additional pre-432

training objectives. We include EnCore (Mtum-433

buka and Schockaert, 2024), which retrains the434

BERT encoder using entity-aware attention and spe-435

cialized objectives on cleaned supervision. Since436

EnCore does not operate on the original distantly437

supervised data and adopts a different training pro-438

tocol, its results are not strictly comparable to other439

baselines under our setting, and we report the met-440

rics provided in the original paper.441

In addition, for FiveFine and FCLC, we report442

results obtained by retraining the original models443

on the high-confidence training data constructed by444

our framework. This setting isolates the effect of445

improved supervision quality without modifying446

the original model architectures, and demonstrates447

the general applicability of our data filtering strat-448

egy.449

4.4 Main Results and Analysis450

Some baseline methods are not included in the451

BBN evaluation. This is because the original pa-452

pers did not report results on this dataset, and the453

Model Strict Acc Macro F1 Micro F1

NFETC-AR 62.8 77.8 71.8
w / hier 64.0 78.8 73.0
FCLChier 65.3 79.6 74.0
DenoiseFET 59.2 81.3 75.2
Co-Prediction 64.6 87.1 81.7
FiveFine 63.7 86.2 80.6

OntoType 65.7 81.5 73.4
EnCore – 88.9 83.4

DR-FET 73.7 89.3 85.2

Table 2: FET performance on OntoNotes. Our method
is listed in the last row.

Model Strict Acc Macro F1 Micro F1

NFETC-VAT 76.7 80.7 80.9
NFETC-AR 76.7 81.4 81.5
CLSC-VAT 76.9 81.2 81.4
FCLC 82.0 86.2 86.7
FiveFine 67.2 86.3 85.2
FCLChier 79.0 84.2 84.8

DR-FET 83.1 88.3 86.4

Table 3: FET performance on BBN. Our method is
shown in the last row.

corresponding implementations are either unavail- 454

able or rely on proprietary preprocessing pipelines, 455

making reliable reproduction infeasible. EnCore 456

retrains the BERT encoder with specialized objec- 457

tives and does not operate on the original distantly 458

supervised data used by other baselines. As a result, 459

strict accuracy is not reported in the original work 460

and is not directly comparable under our evaluation 461

setting 462

Tables 2 and 3 summarize the performance of our 463

method and representative prior approaches on the 464

OntoNotes and BBN datasets. Both on OntoNotes 465

and BBN, DR-FET achieves the best performance 466

across all evaluation metrics. In particular, it sub- 467

stantially improves strict accuracy over previous 468

methods, indicating that explicitly constraining the 469

prediction space with semantically retrieved can- 470

didates enables more reliable selection of exact 471

fine-grained types. Gains in both Macro F1 and 472

Micro F1 further suggest that the proposed method 473

performs consistently well across both head and 474

tail types. We also observe that retraining existing 475

noise-aware models such as FiveFine and FCLC on 476

the filtered high-confidence training data leads to 477

notable F1 improvements, suggesting that the pro- 478

posed data construction strategy is model-agnostic 479

and can benefit a wide range of FET approaches. 480

Overall, these results demonstrate that the pro- 481
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posed descriptor-based retrieval and candidate-482

constrained inference framework effectively ad-483

dresses both large label spaces and noisy distant484

supervision in fine-grained entity typing.485

5 Ablation486

All additional analyses are conducted exclusively487

on the OntoNotes dataset. We choose OntoNotes488

for these experiments because it contains a large489

and diverse set of entity types, providing a repre-490

sentative testbed for evaluating the effectiveness491

and robustness of our DR-FET pipeline. Conduct-492

ing these analyses on a single dataset allows us to493

present detailed results and visualizations while494

avoiding excessive redundancy across datasets,495

without affecting the general conclusions regarding496

the contribution of each component.497

5.1 Impact of Training Strategy498

Method Strict Acc Macro F1 Micro F1

ICL 24.4 55.9 56.3
FT-Raw 20.3 63.5 60.5
FT-Filtered 56.9 70.9 68.3
ICL-Candidate 52.13 76.72 82.77
DR-FET 73.7 89.3 85.2

Table 4: Performance of different training strategies on
OntoNotes.

We compare different training strategies using499

the same LLM backbone:500

• ICL: direct in-context learning without any501

fine-tuning, no descriptors or candidate con-502

straints.503

• FT-Raw: fine-tuning on 10k randomly sam-504

pled distant supervision data without filtering.505

• FT-Filtered: fine-tuning on the data con-506

structed by our filtering method in Section 3.4.507

• DR-FET: our proposed pipeline using508

descriptor-based semantic abstraction,509

retrieval-based candidate constraints, and510

high-confidence filtered training data.511

• ICL-Candidate: in-context learning with512

retrieval-based candidate constraints, without513

fine-tuning or training data filtering.514

All ablation studies are conducted on the515

OntoNotes dataset, which contains a large and di-516

verse set of entity types and serves as a represen-517

tative benchmark for analyzing the contribution of518

individual components in our framework.519

Adding candidate constraints to ICL (ICL- 520

Candidate) results in modest gains over standard 521

ICL, suggesting that retrieval-based candidate re- 522

striction alone provides limited gains, and that its 523

effectiveness is substantially amplified when com- 524

bined with high-quality supervision through fine- 525

tuning. Finally, our full DR-FET pipeline, which 526

combines descriptor-based semantic abstraction, 527

retrieval-based candidate constraints, and filtered 528

high-confidence training data, achieves the best per- 529

formance across all metrics. These results indicate 530

that performance gains are primarily driven by the 531

combination of high-precision training data and 532

candidate-constrained inference, while descriptor- 533

based abstraction further enables effective integra- 534

tion of the two. 535

5.2 Effect of Encoder and Candidate Set Size 536

on Recall 537

To evaluate the effectiveness and robustness of the 538

descriptor-based candidate retrieval stage (Stage 2), 539

we measure the top-K recall of retrieved can- 540

didate labels using different sentence embed- 541

ding models. We compare three pretrained en- 542

coders—BERT (Devlin et al., 2018), BGE (Xiao 543

et al., 2023), and E5 (Wang et al., 2022). As a com- 544

parison, we include a classification-based baseline 545

(BERT+Cls), which ranks labels using logits from 546

a BERT classifier trained on the full dataset. 547

Figure 3: Top-K recall on test set for different embed-
ding models with Q = 5 descriptors.

We empirically observe that varying the number 548

of label descriptors has minimal impact on candi- 549

date recall, and therefore fix Q = 5 in all experi- 550

ments. We vary the number of retrieved candidate 551

labels K from 3 to 10 and compute Recall@K 552

as the proportion of entity mentions for which at 553

least one gold label appears in the top-K retrieved 554

candidates. 555
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As shown in Figure 3, descriptor-based retrieval556

methods achieve high recall with a small number of557

candidates, exceeding 95% recall with fewer than558

seven labels. Among them, BERT performs best559

in the low-K regime, while E5 and BGE exhibit560

comparable performance as K increases, indicating561

that the retrieval framework is robust to the choice562

of embedding model.563

In contrast, the classification-based baseline564

(BERT+Cls) performs substantially worse, particu-565

larly for small candidate sets. Even with K = 10,566

its recall remains noticeably lower than descriptor-567

based retrieval methods, demonstrating that di-568

rectly ranking labels by classification logits is in-569

sufficient for high-recall candidate generation.570

Overall, these results confirm that descriptor-571

based retrieval can generate compact candidate572

sets with high recall, enabling reliable candidate-573

constrained inference, while the generated descrip-574

tors are used only for retrieval and data construc-575

tion and are not exposed to the final decision model,576

avoiding label information leakage.577

5.3 Generalization Across LLMs578

LLM Strict Acc Micro F1 Macro F1

Qwen2.5-3B-Instruct 72.19 84.65 89.29
Gemma-2-2B-it 72.65 84.47 88.06
LLaMA-2-7B-chat-hf 69.75 83.19 87.05

Table 5: Performance of our method with different LLM
backbones.

To examine the generalizability of our method579

across different large language models, we eval-580

uate it using several alternative open-source581

LLMs, including Qwen2.5-3B-Instruct (Qwen582

Team, 2024), Gemma-2-2B-it (Gemma Team,583

2024), and LLaMA=2-7B-chat-hf (Touvron et al.,584

2023). These models differ in architecture and585

training recipes, providing a representative compar-586

ison across LLM families. As shown in Table 5,587

our framework achieves consistently strong per-588

formance across all models, with strict accuracy589

ranging from 69.7% to 72.6%, indicating that the590

proposed approach does not rely on a specific LLM591

backbone.592

6 Conclusion593

We study fine-grained entity typing under distant594

supervision, where large label spaces and noisy595

annotations pose significant challenges. To address596

these issues, we propose DR-FET, a descriptor- 597

based retrieval-augmented framework that reframes 598

entity typing as a candidate-constrained decision 599

problem. 600

DR-FET leverages natural language descriptors 601

to establish semantic alignment between entity 602

mentions and type labels. A unified retrieval mech- 603

anism is used both to generate compact, high-recall 604

candidate sets for inference and to construct high- 605

confidence training data, enabling effective fine- 606

tuning under noisy supervision. 607

Experimental results demonstrate that DR-FET 608

consistently outperforms prior methods across 609

benchmark datasets. Further analyses show that the 610

proposed framework is robust to encoder choices 611

and LLM backbones, and benefits substantially 612

from precision-oriented data construction. 613

Future work includes exploring richer descriptor 614

generation, adaptive candidate selection strategies, 615

and more efficient retrieval schemes. Beyond entity 616

typing, the proposed framework may generalize to 617

other large-label classification tasks under weak or 618

noisy supervision. 619

7 Limitations 620

First, the quality of the generated descriptors de- 621

pends on the underlying LLM and the prompting 622

strategy. In this work, descriptor generation re- 623

lies on general-purpose in-context learning without 624

task-specific prompt optimization, which may in- 625

troduce variability in descriptor content. Designing 626

more structured or controllable descriptor genera- 627

tion remains an open direction. 628

Second, candidate generation is based on ap- 629

proximate top-K semantic retrieval and does not 630

guarantee perfect recall in all cases. Although high 631

recall is achieved with a small candidate set in our 632

experiments, rare or highly ambiguous entity types 633

may still be missed. 634

Finally, DR-FET adopts a multi-stage pipeline 635

that introduces additional computational cost com- 636

pared to single-stage classifiers. Future work may 637

explore adaptive routing strategies, such as easy- 638

hard instance separation or dynamic candidate siz- 639

ing, to improve efficiency without sacrificing per- 640

formance. 641
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A Effect of Candidate Set Size765

A.1 Effect of Candidate Set Size on LLM766

Performance767

To quantify the effect of candidate label set size768

on LLM performance, we conduct a controlled ex-769

periment using in-context learning (ICL). For each770

entity, a candidate set of size N was randomly771

sampled from the full type ontology, always includ-772

ing the correct type, with N varying from 5 to 50.773

Table 6 reports the results, showing a consistent774

decline in classification accuracy as the number775

of candidates increases. These findings highlight776

that larger candidate sets introduce additional un-777

certainty for the LLM, thereby motivating the use778

of a more focused candidate-constrained inference779

strategy in our framework.780

#Types Acc (%) Micro-F1 Macro-F1

5 64.31 81.92 87.44
10 52.13 76.72 82.77
15 47.32 73.91 79.41
20 42.42 70.28 75.39
30 40.17 68.97 74.86
40 35.64 65.31 67.28
50 29.41 61.43 59.54

Table 6: Performance with different candidate set sizes.

A.2 Effect of Encoder and Candidate Set Size781

on Recall782

B Prompt Templates and In-Context783

Examples784

B.1 Syntactic Consistency Verification785

Prompt Template786

You are a helpful assistant.787

Task* You are a professional text788

analysis assistant. Please judge whether789

the phrase is valid data according to the790

following requirements:791

1. determine which sentence component792

the input phrase is793

Top-1 – Top-5 Recall (%)

Model 1 2 3 4 5

BERT 79.75 89.20 92.35 94.28 95.28
E5 77.30 88.18 90.98 93.19 94.58
BGE 73.40 85.56 90.90 93.01 94.89
BERT+Cls 40.00 60.00 70.00 79.00 87.23

Top-6 – Top-10 Recall (%)

Model 6 7 8 9 10

BERT 96.01 96.49 96.95 97.53 97.86
E5 95.38 95.85 96.26 96.52 96.85
BGE 96.00 96.59 97.17 97.53 97.80
BERT+Cls 89.40 90.50 92.03 92.52 93.03

Table 7: Top-k recall (%) of different encoders for can-
didate type generation on OntoNotes.

2. invalid input: preposition, pronoun, 794

conjunction, verb, adjective, adverb, 795

incomplete sentence 796

3. valid input: named entity, general 797

noun, abstract noun 798

-Example: 799

✓dogs → valid (general noun) 800

✓Beijing → valid (named entity) 801

✗ he → not valid (pronoun) 802

✗ On → not valid (preposition) 803

-When it is difficult to determine, the 804

priority judgment is entity 805

Output format: 806

{ 807

"component":"pronoun/preposition 808

/conjunction/verb/adjective/adverb 809

/incomplete sentence/general 810

noun/abstract noun/named 811

entity", 812

"valid": true/false 813

} 814

Example: 815

Text: the two hit by poisonous arrows 816

were Dagger Devil Cao Zheng and 817

Living Pluto ’s Wife Wang Dingliu . 818

Phrase: Pluto 819

Answer: 820

```json 821

{"component": "named entity", 822

"valid": true} 823

``` 824

B.2 Descriptor Generation Prompt Template 825

You are a helpful assistant. 826

Task* You are a professional text anal- 827

ysis assistant. Please process the input 828
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text according to the following require-829

ments: Task description:830

1. for the given text and the specified831

phrase/word, generate 3-5 most relevant832

descriptions.833

2. use commas to separate descriptors.834

Do not use periods or other signs.835

3.The description can be given from the836

following aspects, the lowest level may837

include organization, location, person,838

art, event, product, other aspects.839

4. the output must be in strict JSON for-840

mat841

{"description": "description 1,842

description 2, description 3,843

..."}844

Example:845

Text: the two hit by poisonous arrows846

were Dagger Devil Cao Zheng and Liv-847

ing Pluto ’s Wife Wang Dingliu .848

Phrase: Pluto849

Answer:850

```json851

{"description": "super natural,852

god, mythological figures"} ```853

B.3 Make Final Decision From Candidates854

Prompt Template855

You are a helpful assistant.856

Task* Given a text, an entity, and a list of857

candidate labels, perform the following:858

1. For each label in candidates, deter-859

mine whether the entity belongs to that860

category.861

2. Return a JSON list containing all862

the labels for which the entity was863

determined to belong. Like: ```json864

["label1", "label2", ...] ```865

Example:866

Text: Thousands of residents of low -867

lying areas were ordered to evacuate as868

the storm headed north in the Gulf of869

Mexico with 80 mph winds .870

Entity: the Gulf871

Candidates:872

["/location", "/location/city",873

"/location/geography",874

"/location/geography/body_of_water"]875

Answer:876

```json877

["/location",878

"/location/geography",879

"/location/geography/body_of_water"] 880

``` 881

C Candidate Selection Algorithm 882

Algorithm 1 Candidate Label Selection via Simi-
larity Aggregation

Require: Entity descriptor set De =

{d(1)e , d
(2)
e , . . . , d

(m)
e }

Full label set L
Label descriptors {Dl}l∈L
Parameters: q (top matches per descriptor), k
(candidate size)

Ensure: Candidate label set Ycand(e)
1: Initialize score dictionary: Score(l) ← 0 for

all l ∈ L
2: for each entity descriptor d(i)e ∈ De do
3: Initialize similarity list S ← ∅
4: for each label l ∈ L do
5: for each label descriptor dl ∈ Dl do
6: Compute similarity: s ←

cos(v
d
(i)
e
,vdl)

7: Add tuple (l, s) to S
8: end for
9: end for

10: Select top-q tuples from S by similarity:
P(i)
q ← Top-q(S)

11: for each tuple (l∗, s) ∈ P(i)
q do

12: Score(l∗)← Score(l∗) + s
13: end for
14: end for
15: Sort labels by score:
Lsorted ← sort(L,Score, descending)

16: Select top-k labels: Ycand(e) ←
first k labels in Lsorted

17: return Ycand(e)

D Experimental Settings Details 883

Unless otherwise specified, all encoders used for 884

descriptor retrieval are frozen during both train- 885

ing and inference. Entity descriptors are generated 886

using the same base LLM as the classifier in a zero- 887

shot or few-shot setting with fixed decoding param- 888

eters. For all fine-tuning experiments, FT-Raw and 889

FT-Filtered share identical training configurations, 890

and differ only in the construction of training data. 891

E Code Availability 892

The code used in this paper is available at an anony- 893

mous link: 894
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Stage Parameter Value

Stage 2
Q 5
K (OntoNotes) 10
K (BBN) 10

Stage 3

Epochs 3
Batch size 2
Learning rate 2× 10−4

LoRA r, α 8, 16
Dropout 0.1

Environment

GPU RTX 4090 (24GB)
Base LLM Qwen2.5-7B-Instruct
Base Encoder BERT
Runtime (ms/sample) 210

Table 8: Key hyperparameters across training stages.

https://drive.google.com/file/d/1uYs_895

EXVS7tkXJ205c4LETFvC1XyGS9UW/view?usp=896

sharing897

The provided code is modular and requires man-898

ual configuration for individual experiments. No899

single script reproduces all experiments automati-900

cally.901
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