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Abstract001

In the era of large language models (LLMs),002
supervised neural methods remain the state-003
of-the-art (SOTA) for Coreference Resolution.004
Yet, their full potential is underexplored, par-005
ticularly in incremental clustering, which faces006
the critical challenge of balancing efficiency007
with performance for long texts. To address the008
limitation, we propose MEIC-DT, a novel dual-009
threshold, memory-efficient incremental clus-010
tering approach based on a lightweight Trans-011
former. MEIC-DT features a dual-threshold012
constraint mechanism designed to precisely013
control the Transformer’s input scale within014
a predefined memory budget. This mechanism015
incorporates two key components: a Statistics-016
Aware Eviction Strategy (SAES) and an Inter-017
nal Regularization Policy (IRP). The SAES018
utilizes distinct statistical profiles from the019
training and inference phases for intelligent020
cache management. The IRP strategically con-021
denses clusters by selecting the most repre-022
sentative mentions, thereby preserving seman-023
tic integrity. Extensive experiments on com-024
mon benchmarks demonstrate that MEIC-DT025
achieves highly competitive coreference perfor-026
mance under stringent memory constraints.027

1 Introduction028

Coreference Resolution (CR) is a fundamental task029

in Natural Language Processing (NLP), which030

aims to identify different text spans (i.e., men-031

tions) within a document that refer to the same032

entity (Karttunen, 1976; Lee et al., 2017, 2018).033

It plays a critical role in a variety of downstream034

applications, such as text summarization (Liu et al.,035

2024b), knowledge graph construction (Pan et al.,036

2024; Chen et al., 2025), question answering(Pan037

et al., 2024; Jang et al., 2025), and named entity038

recognition (Shang et al., 2025). Current main-039

stream CR methods can fall into three types: super-040

vised neural methods (Xu and Choi, 2020; Wu et al.,041

2020; Kirstain et al., 2021; Lai et al., 2022; Otmaz-042

gin et al., 2022a,b; Guo et al., 2023; Martinelli et al., 043

2024), generative methods (Liu et al., 2022; Bohnet 044

et al., 2023; Zhang et al., 2023), and large language 045

model-based methods (Le and Ritter, 2023; Gan 046

et al., 2024; Zhu et al., 2025). Among these, su- 047

pervised neural methods demonstrate significant 048

advantages in terms of training cost, inference effi- 049

ciency, while achieving competitive performance. 050

However, their potential, particularly for challeng- 051

ing scenarios like long-text processing, has not yet 052

been fully explored. See the related works in Ap- 053

pendix A for more details. 054

Within supervised neural methods, incremen- 055

tal clustering—a strategy inspired by human incre- 056

mental cognitive processing (Altmann and Steed- 057

man, 1988)—is widely adopted for long-text sce- 058

narios. However, despite significant progress in 059

CR, existing methods (Xia et al., 2020; Toshni- 060

wal et al., 2020; Guo et al., 2023; Martinelli et al., 061

2024) still face a critical challenge in balancing 062

efficiency and performance during mention cluster- 063

ing. For example, conventional incremental cluster- 064

ing approaches (Xia et al., 2020; Toshniwal et al., 065

2020; Guo et al., 2023) typically employ a fixed- 066

size cache and a linear classifier to associate can- 067

didate mentions with coreference clusters (each 068

represented as a single vector) tracked by the cache. 069

These approaches decide whether a mention should 070

join an existing cluster or form a new one. Upon 071

reaching capacity, a predefined rule-based eviction 072

strategy—LRU (Least Recently Used) or a dual- 073

cache mechanism combining LRU and LFU (Least 074

Frequently Used)—removes certain entities to up- 075

date the cache dynamically. While computation- 076

ally efficient, such approaches often fail to capture 077

the complex nonlinear dependencies between men- 078

tions and clusters, and result in limited semantic 079

representations due to excessive intra-cluster com- 080

pression. Moreover, these strategies either rely on 081

a single heuristic (e.g., LRU) that may discard es- 082

sential clusters, or employ a dual-cache mechanism 083
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Figure 1: Analysis of motivations om the LitBank training corpus. Notably, the “unbound” condition failed due to
out-of-memory (OOM) errors under our memory constraints.

that adds to the complexity of cache management.084

Crucially, the same eviction strategy is used across085

both training and inference. This does not account086

for the inherent differences in information avail-087

ability between the two phases and thus hinders the088

model’s overall effectiveness.089

Recently, Martinelli et al. (2024) introduced a090

lightweight Transformer model and achieved SOTA091

performance. Its input is formed by concatenating092

the representation of a candidate mention with rep-093

resentations of all mentions from historical coref-094

erence clusters, effectively modeling the global095

intra-cluster structure and significantly improving096

clustering accuracy. However, a major drawback097

is that the input size grows polynomially with the098

number of clusters and the number of mentions099

per cluster, causing a surge in memory usage and100

computational latency. This severely limits the101

model’s practicality and scalability under typical102

academic computational resources. These consid-103

erations motivate our investigation into pushing104

the boundaries of supervised neural models in the105

era of LLMs.106

To tackle the above issues, we propose MEIC-107

DT, a novel memory-efficient incremental clus-108

tering approach with dual-threshold constraints109

based on a lightweight Transformer, which aims to110

achieve competitive coreference resolution perfor-111

mance while adhering to a strict, predefined mem-112

ory budget. MEIC-DT formulates a dual-threshold113

constraint mechanism that regulates the Trans-114

former’s input scale along two key dimensions:115

first, by leveraging distinctive information available116

during training and inference, we design a statistics-117

aware eviction strategy to preserve crucial coref-118

erence clusters within the constrained cache space;119

second, we introduce an internal regularization120

policy that limits the number of mentions per clus-121

ter, enabling the selection of only the most rep-122

resentative mentions for computation under tight 123

memory conditions. To sum up, we highlight our 124

contributions as follows: 125

• We propose a novel approach MEIC-DT, 126

which reduces the memory and computational 127

burden of Transformer-based coreference clus- 128

tering while maintaining competitive perfor- 129

mance. 130

• We design a dual-threshold constraint mecha- 131

nism, integrating a statistics-aware eviction 132

strategy for phase-adaptive cache manage- 133

ment and an internal regularization policy for 134

cluster condensation, to ensure robust and effi- 135

cient operation under stringent memory limits. 136

• Extensive experiments on several commonly 137

used CR benchmarks (i.e., OntoNotes, Lit- 138

Bank and WikiCoref) show that MEIC- 139

DT achieves competitive coreference perfor- 140

mance in memory-constrained scenarios. 141

2 Preliminaries 142

Notations. Given a long text D = [t1, t2, . . . , tn] 143

composed of n tokens, let H = [h1, · · · ,hn] ∈ 144

Rn×dh denote the hidden representation of D 145

from a text encoder, where dh is the hidden di- 146

mension. During mention clustering, the set of 147

candidate mentions output by a mention extrac- 148

tor is defined as M = [m1,m2, · · · ,mr], where 149

each mention mi is represented by the start and 150

end tokens (ti,s, ti,e). Historical coreference clus- 151

ters (i.e., entities) are denoted as {cj}wj=1 = 152

{[mf
j,1, · · · ,m

g
j,|cj |]}

w
j=1, where f and g are in- 153

dices of mentions in M with f ≤ g, and w is 154

the total number of clusters. 155

Transformer-based incremental model. To our 156

knowledge, Martinelli et al. (2024) were the first to 157
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Different shapes represent different mention texts of an entity; the same shape with different 
(or same) colors represents mention texts that have an inclusion relationship (or are identical).

Original Text: Jesus called 
his twelve apostles together . 
He gave them power to heal 
sicknesses and power to force 
demons out of people .  (....) 
He answered , `` The foxes 
have holes to live in . The 
birds have nests . But the Son 
of Man has no place where 
he can rest his head . '' Jesus 
sa id  to  ano the r  man  ,  ` ` 
Follow me ! '' But the man 
said , `` Lord , let me go and 
bury my father first . '' But 
Jesus said to him , `` Let the 
people who are dead bury 
their own dead . You must go 
a n d  t e l l  a b o u t  G o d  ' s 
kingdom . ' '  Another man 
said , `` I will follow you , 
Lord , but first let me go and 
say goodbye to my family . '' 
Jesus said , `` Anyone who 
begins to plow a field but 
looks back is not prepared for 
God 's kingdom . ''

MEIC-DT

Text 
Encoder

Mention 
Extractor

Coreference Clusters:  
[.. .  [(his, 1692, 1692), 
( J e s u s ,  1 6 9 6 ,  1 6 9 6 ) , 
(Jesus, 1726, 1726) ...], 
[ ( ano the r  man ,  1699 , 
1700) ...], [(the man, 1708, 
1709)...]...]

Mention Representation
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Figure 2: The MEIC-DT Coreference Resolution pipeline. The core innovation is a dual-threshold constraint
mechanism—comprising a statistics-aware eviction strategy and an internal regularization policy—that enables
high-performance, memory-efficient incremental clustering.

employ a lightweight Transformer for mention clus-158

tering. Their model achieves SOTA performance159

on long texts by computing clustering probabilities160

between candidate mentions and existing clusters,161

using all mentions in them as input.162

Specifically, the representation of a candidate163

mention mi is formed by concatenating the hidden164

states of its start and end tokens, followed by a fully165

connected (FC) layer, i.e., mi = FC(hi,s⊕hi,e) ∈166

Rdh , where ⊕ denotes concatenation operator. For167

historical clusters {cj}wj=1 (where f ≤ g < i), the168

representations of all mentions in each cluster are169

combined with mi as follows:170

Mj = [mi,m
f
j,1, · · · ,m

g
j,|cj |],171

M = [M1; · · · ;Mw], (1)172

where M ∈ Rw×(maxj(|cj |)+1)×dh . Notably, clus-173

ters with fewer than maxj(|cj |) mentions are174

padded with the [PAD] token’s embedding. A175

Transformer (TF) encoder then processes M, and176

the output of the [CLS] token is used:177

T
[CLS]
i = TF(M) ∈ Rw×dh . (2)178

Finally, an MLP classifier followed by a sigmoid179

function σ computes the clustering probabilities:180

pc(mi) = σ(MLP(T[CLS]
i )) ∈ Rw×1. (3)181

The mention mi is assigned to the cluster with the182

highest probability if maxj p
j
c(mi) > 0.5; oth-183

erwise, a new cluster is created. The process is184

initialized with c1 = [m1].185

3 Methodology 186

3.1 Analytical Motivation 187

Although Eq. (2) can model the global information 188

of historical coreference clusters, the dimension of 189

M ∈ Rw×(maxj(|cj |)+1)×dh expands rapidly as w 190

and maxj(|cj |) increase. This leads to substantial 191

growth in memory usage during training, severely 192

limiting the model’s practicality for long texts. To 193

illustrate this issue, Fig. 1(a) shows the distribu- 194

tions of w and maxj(|cj |) in the LitBank training 195

corpus. It shows that many samples have large w or 196

maxj(|cj |) values, directly inflating the dimension 197

of M. Under computationally constrained settings, 198

even using a lightweight Transformer model entails 199

a non-negligible overhead, as shown in Fig. 1(b). 200

See Section 4 for more details. 201

To address this, the proposed MEIC-DT ap- 202

proach employs a dual-threshold mechanism to 203

control the input size of the lightweight Trans- 204

former by simultaneously limiting the number of 205

historical coreference clusters and the number of 206

mentions per cluster. Thereafter, we detail the de- 207

sign of MEIC-DT, including Statistics-Aware Evic- 208

tion Strategy and Internal Regularization Policy. 209

3.2 Statistics-Aware Eviction Strategy 210

To retain crucial coreference clusters in a fixed- 211

size cache, we propose a Statistics-Aware Eviction 212

Strategy (SAES). SAES leverages the distinct in- 213

formation available in each phase: global statis- 214

tics during training and real-time state during in- 215

ference. This allows us to design differentiated, 216

phase-specific eviction criteria. Our strategy not 217
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only bounds computational cost by limiting the218

cache to at most τ1 clusters in the cache, where219

τ1 > 0 is a predefined integer threshold, but also220

improves the cache hit rate of target mentions.221

Specifically, during training, where ground-222

truth coreference cluster annotations are available,223

we construct a ranking score for each tracked clus-224

ter cj (j ∈ [1, τ1]) based on its number of remain-225

ing mentions rmj and the number of steps since its226

last access lruj :227

SAEStrain,j = rmj ·
(
1 +

1

lruj + δ

)
, (4)228

where δ is a very small positive scalar (default229

1 × 10−5). When the model’s clustering confi-230

dence for the current mention mi is insufficient (i.e.,231

maxj p
j
c(mi) ≤ 0.5) and the number of tracked232

clusters reaches τ1, the cluster with the smallest233

SAEStrain,j is evicted. Otherwise, a new cluster234

cw+1 = [mi] is created. This design prioritizes235

clusters with more remaining mentions (i.e., domi-236

nated by rmj), which helps maintain long-distance237

coreference links. The second term acts as a tie-238

breaker: when rmj is tied, a larger lruj results239

in a lower score, enforcing LRU eviction. When240

lruj = 0 (i.e., the cluster was just accessed), the241

second term is maximized, giving that cluster the242

highest protection from eviction.243

During inference, the true rmj value is unavail-244

able. Relying solely on LRU may mistakenly re-245

move important clusters. Therefore, we introduce246

a composite score that combines the number of ex-247

isting mentions emj in tracked cluster cj , the total248

number of steps since its creation agej , and lruj :249

SAESinf,j =
emj

agej
·
(
1 +

1

lruj + δ

)
. (5)250

Here, the ratio emj

agej
reflects the tracked cluster’s ac-251

tivity level—a higher value suggests greater coref-252

erence potential. Similarly, clusters are sorted by253

SAESinf,j in ascending order. When clustering254

confidence is low and the number of tracked clus-255

ters reaches τ1, the cluster with the smallest score256

is evicted. Moreover, the second term ensures257

that among clusters with identical mention activity258

level, the one with the largest lruj (least recently259

used) is evicted.260

Comment 1. Unlike prior methods that rely261

solely on LRU (Xia et al., 2020; Toshniwal et al.,262

2020) or complex dual-cache mechanisms (Guo263

et al., 2023), SAES employs a unified yet statistics- 264

aware scoring function. It utilizes richer infor- 265

mation (global mention counts in training, activ- 266

ity rates in inference) while maintaining a simple, 267

single-cache architecture, thus simplifying manage- 268

ment. 269

3.3 Internal Regularization Policy 270

To select representative mentions under constrained 271

memory, we introduce an Internal Regularization 272

Policy (IRP) that operates on each tracked coref- 273

erence cluster. This policy limits the number of 274

mentions stored per cluster to a predefined posi- 275

tive integer threshold τ2. Clusters with at most τ2 276

mentions are left unchanged; larger clusters are 277

condensed to their τ2 most representative mentions. 278

The key challenge is to select a subset of mentions 279

that best preserves the cluster’s semantic informa- 280

tion. To achieve this, we craft a two-stage algo- 281

rithm: (1) a grouping strategy based on mention 282

textual relations, and (2) a group-based sampling 283

for selecting representative mentions. 284

Specifically, in the first stage, we use a Union- 285

Find algorithm to efficiently cluster semantically 286

similar mentions based on textual equivalence/in- 287

clusion relationships and a pronoun lexicon (see 288

Appendix C), forming groups that serve as the sam- 289

pling units. In the second stage, we adopt a group- 290

based sampling strategy. It deterministically retains 291

the first and last mentions of the original cluster 292

to preserve contextual boundaries. For the remain- 293

ing τ2 − 2 slots, quotas are dynamically allocated 294

across groups: if the number of groups exceeds 295

available slots, the largest groups are prioritized; 296

otherwise, at least one mention is selected from 297

each group. This strategy maximizes the cover- 298

age of diverse semantic units within the condensed 299

cluster. Pseudocode is provided in Appendix B. 300

Comment 2. The two-stage design of IRP ef- 301

fectively selects a compact yet representative set 302

of mentions from the original cluster. Com- 303

pared to the existing Transformer-based incremen- 304

tal model (Martinelli et al., 2024), IRP is, to our 305

knowledge, a novel design that effectively main- 306

tains CR performance under strict memory con- 307

straints through its structured information preser- 308

vation policy. 309

Comment 3. Together, IRP and SAES ensure 310

that the representation M is bounded in size by 311

Rτ1×(τ2+1)×dh , guaranteeing that the incremental 312

clustering process runs efficiently within the prede- 313

fined memory budget. 314
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4 Experiments315

4.1 Experimental Settings316

Datasets. We train and evaluate the performance317

of our proposed approach on two widely used CR318

datasets: OntoNotes (Pradhan et al., 2012) and Lit-319

Bank (Bamman et al., 2020). To assess the gener-320

alization capability of approaches, models trained321

on OntoNotes are also tested on the out-of-domain322

dataset WikiCoref (Ghaddar and Langlais, 2016).323

Statistics are detailed in Table 1.

Datasets #Train #Val #Test Avg. W Avg. M
OntoNotes 2802 343 348 467 56
LitBank 80 10 10 2105 291
WikiCoref - - 30 1996 230

Table 1: Dataset statistics: number of documents in
each dataset split (#Train/Val/Test), average number of
words (i.e., Avg. W) and mentions (i.e., Avg. M) per
document.

324

Baselines. As outlined in Related Works (see325

Appendix A), while numerous CR approaches ex-326

ist, our work specifically focuses on memory ef-327

ficiency for incremental clustering. Accordingly,328

we select the most relevant baselines in the main329

paper: LRU (Xia et al., 2020; Toshniwal et al.,330

2020) and Dual-cache (Guo et al., 2023). For331

more comparison results, please see Appendix E.332

To gauge the performance of MEIC-DT (which333

integrates SAES and IRP), we follow Luo et al.334

(2025b) in adopting Imcoref as Mention Extrac-335

tor and DeBERTalarge (He et al., 2021) as Text336

Encoder (see Fig. 2). Furthermore, we conduct337

coreference clustering experiments adopting two338

distinct classifiers—a linear classifier (Xia et al.,339

2020; Toshniwal et al., 2020; Guo et al., 2023)340

and a lightweight Transformer classifier (Martinelli341

et al., 2024)—to thoroughly evaluate the effective-342

ness of MEIC-DT.343

Metrics. In our experiments, we evaluate per-344

formance using the F1 scores of the MUC (Vilain345

et al., 1995), B3 (Bagga and Baldwin, 1998), and346

CEAFϕ4 (Luo, 2005) metrics. The overall CoNLL-347

F1 score (abbreviated as Avg.F1) is the average348

of these three F1 scores. To ensure reliability, we349

report the average for each experiment over 3 dif-350

ferent random seeds.351

Configurations. Unless noted otherwise, we set352

τ1 = 50 and τ2 = 30 for the Transformer classifier,353

and τ1 = 50 for the linear classifier. For the linear354

classifier, we follow prior works Xia et al. (2020);355

Toshniwal et al. (2020); Guo et al. (2023) in repre-356

senting each historical cluster with a single vector, 357

which eliminates the need for additional parameters 358

beyond τ1. We set δ = 1 × 10−5 and employ the 359

Adafactor optimizer (Shazeer and Stern, 2018) for 360

model training, with learning rates configured as 361

2e-5 for DeBERTalarge and 3e-4 for the remaining 362

model layers. All experiments are implemented 363

using the PyTorch-Lightning framework. Each run 364

is executed on a single RTX 4090 GPU with 24GB 365

of VRAM. Due to space limitations, the complete 366

experimental settings are provided in Appendix D. 367

4.2 Main Results 368

This section presents a systematic evaluation and 369

comparative analysis of LRU, Dual-cache, and 370

MEIC-DT across multiple datasets. Note that LRU 371

and Dual-cache only constrain the number of histor- 372

ical coreference clusters (τ1), whereas MEIC-DT 373

jointly constrains both the number of clusters (τ1) 374

and the number of mentions per cluster (τ2) through 375

the synergistic operation of its SAES and IRP mod- 376

ules. To comprehensively assess the performance 377

of these methods, experiments are designed in two 378

phases. First, incremental clustering is performed 379

for τ1 ∈ {10, 30, 50, 100, 200} by a linear clas- 380

sifier. Subsequently, under a Transformer archi- 381

tecture, experiments are conducted with τ1/τ2 ∈ 382

{10/10, 10/20, 10/30, 30/30, 50/30}. In partic- 383

ular, since the IRP module is first introduced in 384

this paper, we retain it while replacing the SAES 385

strategy in MEIC-DT with either LRU or Dual- 386

cache, thereby constructing comparable hybrid 387

frameworks. Thus, in the experiments reported 388

here, “LRU+IRP” and “Dual-cache+IRP” actually 389

correspond to LRU and Dual-cache. The over- 390

all performance comparison of all methods is pre- 391

sented in Table 2. 392

LitBank Experiments on the LitBank dataset 393

clearly reveal the combined impact of classifier 394

architecture and constraint strategies. First, the 395

Transformer Classifier consistently and signifi- 396

cantly outperforms the Linear Classifier across all 397

approaches. For instance, MEIC-DT achieves an 398

Avg.F1 of 81.27% under τ1/τ2 = 50/30, a sub- 399

stantial improvement over its linear counterpart 400

(77.04%), demonstrating stronger contextual mod- 401

eling capability. Notably, when using the Linear 402

Classifier, all approaches peak in performance at 403

τ1 = 50 (with τ2 as -), while further relaxing con- 404

straints to τ1 = 100 or 200 leads to a drop in 405

Avg.F1. This highlights that classifiers with weaker 406

contextual modeling struggle to effectively utilize 407

5



Methods τ1/τ2
Litbank OntoNotes WikiCoref

MUC B3 CEAFϕ4 Avg.F1 MUC B3 CEAFϕ4 Avg.F1 MUC B3 CEAFϕ4 Avg.F1
Linear Classifier

Unbound -/- 84.52±0.77 65.67±0.87 76.59±0.37 75.59±0.86 89.71±0.28 77.31±0.68 69.88±0.72 78.97±0.58 72.19±0.38 53.34±0.20 64.28±0.59 63.27±0.12

LRU

10/- 83.77±0.37 66.76±0.40 74.94±0.27 75.16±0.27 87.94±0.17 75.15±0.43 66.15±0.74 76.41±0.91 71.43±0.09 54.43±0.19 62.62±0.73 62.83±0.99

30/- 83.91±0.19 72.38±0.83 71.37±0.14 75.89±0.32 88.49±0.38 76.05±0.92 68.05±1.84 77.53±1.02 73.01±0.63 53.80±0.42 64.08±0.98 63.63±0.80

50/- 84.96±0.73 66.27±0.91 77.55±0.36 76.26±0.17 87.68±0.34 75.48±0.75 71.28±0.44 78.15±0.47 72.41±0.34 52.80±0.43 65.03±0.50 63.42±0.63

100/- 84.76±1.38 65.14±0.82 77.35±1.20 75.75±0.97 88.76±0.31 75.85±0.31 71.14±0.17 78.58±0.13 72.35±0.10 53.95±0.01 64.23±0.92 63.51±0.83

200/- 84.52±0.77 65.67±0.87 76.59±1.37 75.59±0.86 8.68±0.37 75.78±0.75 71.48±0.55 78.65±0.36 72.65±0.82 53.94±0.67 65.21±0.75 63.93±0.43

Dual-cache

10/- 84.06±1.40 66.63±0.72 73.71±0.46 74.80±0.19 87.23±0.81 75.18±1.00 70.50±0.46 77.64±0.75 71.68±0.50 54.26±0.85 61.34±0.99 62.43±0.18

30/- 85.26±0.34 66.63±0.72 76.73±0.81 76.21±0.08 87.19±0.69 75.26±0.94 71.42±0.60 77.96±0.65 72.86±0.13 54.25±0.04 64.37±0.87 63.83±0.05

50/- 85.42±0.55 66.46±0.98 78.20±0.27 76.69±0.52 88.54±0.42 76.39±0.38 71.63±0.75 78.85±0.56 73.04±0.68 54.1±0.26 65.82±0.76 64.32±0.90

100/- 84.22±0.43 65.36±0.98 77.01±0.27 75.53±0.52 88.21±0.32 75.41±0.31 71.31±0.42 78.31±0.31 71.82±0.72 53.01±0.39 64.65±0.47 63.16±0.16

200/- 84.52±0.77 65.67±0.87 76.59±0.37 75.59±0.86 88.27±0.44 75.86±0.39 71.81±0.76 78.65±0.53 73.45±0.76 52.98±0.89 64.79±0.65 63.74±0.75

MEIC-DT

10/- 84.71±0.10 65.84±0.15 76.83±0.19 75.79±0.75 87.17±0.39 75.49±0.73 70.76±0.21 77.81±0.63 71.31±0.19 52.69±0.75 64.07±0.73 62.69±0.30

∆ +0.79 -0.85 2.51 +0.81 -0.41 +0.32 +2.44 +0.79 -0.25 -1.66 +2.09 +0.06
30/- 84.98±0.54 67.49±0.59 77.20±1.00 76.56±0.96 87.13±0.48 76.06±0.95 71.17±0.66 78.12±0.64 72.44±0.46 54.97±0.42 64.65±0.49 64.02±0.67

∆ -0.33 +1.12 +0.63 +0.48 -0.71 +0.41 +1.44 +0.38 -0.50 +0.95 +0.43 +0.29
50/- 85.41±0.44 67.57±0.14 78.15±0.65 77.04±0.28 87.53±0.37 77.58±0.42 72.85±0.88 79.32±0.67 72.84±0.43 55.06±0.42 65.64±0.47 64.51±0.49

∆ +0.22 +1.21 +0.28 +0.57 -0.58 +1.65 +1.40 +0.82 +0.12 +1.61 +0.22 +0.64
100/- 85.56±0.05 67.46±0.11 78.02±0.42 77.01±0.46 87.95±0.42 76.17±0.41 72.96±0.85 79.03±0.59 73.02±0.19 54.94±0.27 65.50±0.22 64.49±0.41

∆ +1.07 +2.21 +0.84 +1.37 -0.53 +0.54 +1.73 +0.59 +0.94 +1.46 +1.06 +1.16
200/- 84.52±0.77 65.67±0.87 76.59±0.37 75.59±0.86 87.38±0.27 76.37±0.54 72.41±0.69 78.72±0.43 73.53±0.72 54.65±0.62 65.32±0.71 64.50±0.68

∆ +0.00 +0.00 +0.00 +0.00 -1.10 +0.55 +0.76 +0.07 +0.48 +1.19 +0.32 +0.66
Transformer Classifier

LRU+IRP

10/10 84.54±0.39 70.29±0.14 72.25±0.64 75.69±0.63 87.82±0.43 80.50±0.37 73.09±0.12 80.47±0.62 77.63±0.68 63.38±0.61 65.34±0.38 68.78±0.89

10/20 85.36±0.76 66.11±0.94 76.40±1.24 75.96±0.97 87.75±0.01 80.80±0.26 74.82±0.69 81.12±0.33 76.97±0.10 65.44±0.26 64.47±0.39 68.96±0.08

10/30 84.70±0.24 73.69±0.42 71.90±0.92 76.76±0.49 88.25±0.17 81.10±0.92 78.74±0.21 82.70±0.64 77.79±0.79 66.74±0.41 64.96±0.79 69.83±0.66

30/30 86.39±0.21 74.44±0.63 75.22±0.80 78.68±0.59 89.15±0.15 82.02±0.18 79.04±0.76 83.40±0.22 78.89±0.31 64.56±0.48 67.93±0.36 70.46±0.73

50/30 86.68±0.71 74.96±0.13 75.95±0.64 79.19±0.21 89.24±0.05 82.57±0.49 79.43±0.83 83.75±0.36 78.92±0.35 65.65±0.68 67.93±0.49 70.83±0.65

Dual-cache+IRP

10/10 85.40±0.18 71.81±0.21 73.52±0.64 76.91±0.89 88.41±0.34 81.11±0.78 73.25±0.69 80.92±0.59 78.46±0.29 64.88±0.46 66.57±0.42 69.97±0.35

10/20 85.37±0.54 72.59±0.28 74.43±0.93 77.46±0.12 88.84±0.48 81.74±0.37 75.96±0.65 82.18±0.44 78.37±0.15 65.61±0.24 67.45±0.43 70.48±0.18

10/30 86.20±0.94 74.37±0.84 73.90±0.43 78.16±0.38 89.19±0.41 83.52±0.38 76.56±0.63 83.09±0.37 79.21±0.31 64.89±0.09 68.21±0.63 70.74±0.11

30/30 86.89±0.10 74.79±0.11 76.03±0.59 79.24±0.15 90.18±0.10 84.27±0.44 77.35±0.56 83.93±0.27 79.17±0.09 66.67±0.46 67.83±0.61 71.22±0.32

50/30 87.40±0.39 77.04±0.16 77.40±0.73 80.61±0.71 90.29±0.46 83.30±0.53 80.72±0.97 84.77±0.64 79.73±0.24 64.30±0.20 69.83±0.41 71.29±0.27

MEIC-DT

10/10 86.09±0.94 72.66±0.18 75.05±0.20 77.93±0.76 88.59±0.99 81.58±0.14 74.07±0.89 81.42±0.89 79.13±0.24 65.69±0.23 68.08±0.41 70.97±0.26

∆ +1.12 +1.61 +2.17 +1.63 +0.48 +0.77 +0.90 +0.73 +1.09 +1.56 +2.13 +1.60
10/20 86.46±0.94 72.63±0.16 75.52±0.40 78.20±0.16 89.23±0.58 81.75±0.19 79.48±1.00 83.49±0.46 79.33±0.24 65.50±0.53 68.40±0.39 71.08±0.26

∆ +1.82 +0.15 +2.62 +1.52 +0.94 +0.48 +4.09 +1.84 +1.66 -0.02 +2.44 +1.36
10/30 86.55±0.33 73.92±0.91 75.37±0.65 78.61±0.92 89.40±0.89 82.40±0.40 79.58±0.39 83.80±0.56 79.41±0.38 66.73±0.45 68.21±0.32 71.45±0.31

∆ +1.10 -0.11 +2.47 +1.15 +0.68 +0.09 +1.93 +0.90 +0.91 +0.92 +1.63 +1.17
30/30 86.86±0.18 74.77±0.99 75.91±0.79 79.18±0.08 90.05±0.46 84.49±0.31 75.24±0.16 84.26±0.63 79.73±0.18 67.69±0.33 68.90±0.60 72.11±0.38

∆ +0.22 +0.16 +0.28 +0.22 +0.38 +1.35 +0.04 +0.59 +0.70 +2.08 +1.02 +1.27
50/30 87.85±0.28 78.53±0.24 77.42±0.03 81.27±0.41 90.53±0.43 84.43±0.42 80.19±0.49 85.05±0.67 80.16±0.25 68.38±0.21 69.35±0.43 72.63±0.24

∆ +0.31 +2.53 -0.26 +0.87 +0.77 +0.50 +1.11 +0.79 +0.83 +3.40 +0.47 +1.57

Table 2: Results of different approaches on varing datasets. We report the MUC, B3, and CEAFϕ4 F1 scores
(%), their average (Avg. F1). Of note, Bold and underline highlight the best Avg.F1 within each approach (with
varing τ1/τ2) and the best overall Avg.F1, respectively. ∆ measures the average gain of our method over baselines:
∆ = (a−b)+(a−c)

2 (a: our method, b, c: baselines). “Unbound” means no constraint on cluster count for the linear
classifier.

excessively large memory capacity. Second, under408

different τ1/τ2 settings, the performance of all ap-409

proaches follows a regular pattern: more relaxed410

constraints (e.g., τ1 = 50, τ2 = 30) generally yield411

the best results, indicating that providing moder-412

ate memory capacity is beneficial for this dataset.413

Finally, compared to baseline approaches, MEIC-414

DT significantly outperforms LRU+IRP (79.19%)415

and Dual-cache+IRP (80.61%) under identical con-416

straint settings (e.g., 50/30), with its ∆ gains con-417

sistently positive. This validates the advantage of418

the synergistic optimization between SAES and419

IRP, particularly evident in key metrics such as B3.420

OntoNotes Results on OntoNotes further con-421

solidate the effectiveness of our approach. The422

Transformer Classifier again demonstrates supe-423

rior performance over the Linear Classifier, with424

MEIC-DT reaching a peak Avg.F1 of 85.05% un-425

der the Transformer, higher than the 79.32% of its426

linear version. Similarly, under the Linear Classi-427

fier, most approaches achieve their optimal Avg.F1428

at τ1 = 50 (except LRU), with performance declin-429

ing under more relaxed settings, further confirming 430

the necessity of appropriate constraints. Regarding 431

the tuning of τ1/τ2, an interesting observation is 432

that under tighter memory constraints (e.g., 10/10), 433

the improvement of MEIC-DT over baselines (the 434

∆ value) is particularly significant, indicating that 435

its dual-threshold mechanism better maintains per- 436

formance stability in resource-constrained scenar- 437

ios. In direct comparison with existing baselines, 438

MEIC-DT leads LRU+IRP and Dual-cache+IRP 439

in Avg.F1 across almost all tested τ1/τ2 combina- 440

tions, showing robust performance especially on 441

the CEAFϕ4 metric, which highlights its improve- 442

ments in clustering quality and consistency. 443

WikiCoref On the cross-domain generalization 444

test set WikiCoref, this experiment evaluates the 445

adaptability of models trained on OntoNotes. The 446

results again confirm the effective generalization 447

of the Transformer Classifier, with its performance 448

across all approaches far surpassing that of the cor- 449

responding Linear Classifier versions. Even in out- 450

of-domain testing, the Linear Classifier exhibits a 451
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Figure 3: Learning curves and total training time. Results are shown for configurations with τ1/τ2 = 50/− and
50/30, across different datasets (LitBank, OntoNotes) and classifier backbones.

similar trend, performing best at τ1 = 50 before452

degrading, underscoring the stability of the Trans-453

former architecture in complex scenarios. Regard-454

ing constraint parameters, MEIC-DT achieves an455

optimal Avg.F1 of 72.63% under τ1/τ2 = 50/30,456

suggesting that a balanced constraint configuration457

helps the model capture cross-domain coreference458

structures. More importantly, compared to the two459

baselines, MEIC-DT achieves the most significant460

lead on this out-of-domain test set (e.g., outper-461

forming the best baseline, Dual-cache+IRP, by ap-462

proximately 1.34 Avg.F1 points). Its ∆ values are463

positive and substantial in most settings, strongly464

demonstrating that the mechanisms proposed in465

MEIC-DT possess superior domain generalization466

capability and robustness.467

τ1/τ2
Litbank OntoNotes WikiCoref

TAM IAM IAT TAM IAM IAT IAM IAT
Linear Classifier

-/- 255.44 19.87 0.46 150.31 19.83 0.31 19.86 0.42
10/- 72.22 19.15 0.62 52.86 19.14 0.37 19.15 0.46
30/- 153.31 19.34 0.64 89.43 19.34 0.43 19.35 0.49
50/- 207.14 19.53 0.69 99.23 19.51 0.47 19.52 0.53
100/- 251.24 19.83 0.72 120.54 19.78 0.53 19.81 0.58
200/- 255.44 19.87 0.46 147.37 19.81 0.55 19.84 0.59

Transformer Classifier
10/10 975.93 20.16 1.12 616.58 19.59 0.67 19.82 0.89
10/20 1628.74 21.83 1.15 964.71 20.98 0.71 21.62 1.01
10/30 2118.95 23.43 1.22 1166.23 22.46 0.73 22.89 1.13
30/30 7045.07 36.55 1.41 3046.73 31.93 0.77 36.31 1.29
50/30 14581.14 38.68 1.81 7635.27 38.33 0.80 38.49 1.68

Table 3: Average resource consumption under identical
settings. Note: Metrics are averaged across different
approaches for each fixed configuration of dataset, clas-
sifier, and τ1/τ2. TAM, IAM, and IAT denote Training
Average Memory (MB), Inference Average Memory
(MB), and Inference Average Time (s), respectively.

4.3 Speed and Memory Usage468

Our experiments reveal that under identical config-469

urations of dataset, classifier, and τ1/τ2 constraints,470

different approaches exhibit negligible differences471

in terms of Training Average Memory (TAM), In-472

ference Average Memory (IAM), and Inference473

Average Time (IAT). Therefore, we report the aver-474

aged values of these metrics under each such fixed475

setting in Table 3. In contrast, the training dynam- 476

ics and time consumption vary significantly across 477

approaches. Figure 3 presents the learning curves 478

and total training time for various approaches un- 479

der the τ1/τ2 settings of 50/− and 50/30, across 480

different datasets and classifiers. 481

As shown in Table 3, the Transformer Classi- 482

fier incurs significantly higher TAM than the Lin- 483

ear Classifier due to its more complex architec- 484

ture. However, the gap in IAM and IAT between 485

the two is relatively small, indicating that the con- 486

straint configuration (τ1/τ2) is the dominant fac- 487

tor for inference cost. As τ1/τ2 increases, both 488

IAM and IAT rise monotonically across all con- 489

figurations. Notably, under the Transformer ar- 490

chitecture, memory consumption surges sharply 491

from 30/30 to 50/30. This trend directly aligns 492

with the performance peak observed at 50/30 (see 493

Table 2), clearly revealing the inherent trade-off 494

between performance and efficiency. Figure 3 pro- 495

vides a deeper analysis of the training dynamics. 496

On LitBank, MEIC-DT slightly increases training 497

time compared to baselines, yet its learning curve 498

consistently dominates, indicating higher conver- 499

gence efficiency. On OntoNotes, MEIC-DT demon- 500

strates a more pronounced advantage: it not only 501

requires substantially less training time (e.g., only 502

13.34 hours with the Transformer backbone, signif- 503

icantly lower than the baselines’ 17.04 and 15.81 504

hours) and fewer epochs but also exhibits a learn- 505

ing curve that is superior throughout or in later 506

stages. Together, these results demonstrate that the 507

dual-threshold mechanism of MEIC-DT not only 508

enhances final performance (see Table 2) but also 509

accelerates model convergence through a more effi- 510

cient and stable optimization process, achieving a 511

dual advantage in both effectiveness and efficiency. 512

4.4 Ablation Study 513

The Efficacy of SAES. We look into the efficacy 514

of SAES in Litbank and OntoNotes using Trans- 515
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former classifier with τ1/τ2 = 50/30. As de-516

tailed in Section 3.2, MEIC-DT employs distinct517

eviction criteria for training and inference, termed518

SAEStrain and SAESinf. To ablate the contribu-519

tion of each stage, we construct hybrid variants520

by replacing the corresponding SAES module with521

either LRU or Dual-cache during training or in-522

ference. We report results in Table 4. As shown523

in Table 4, employing the SAEStrain/SAESinf strat-524

egy yields the highest Avg.F1 on both LitBank and525

OntoNotes. Replacing SAESinf with LRU during526

inference alone causes a marked performance drop527

(e.g., from 81.27% to 79.43% on LitBank), under-528

scoring the effectiveness of SAESinf in preserving529

critical clusters via mention activity (emj/agej) in530

the absence of gold annotations. Similarly, substi-531

tuting SAEStrain with LRU or Dual-cache in train-532

ing also degrades results, validating the superiority533

of its eviction criterion based on gold remaining534

mentions (rmj). These results collectively demon-535

strate that the stage-specific strategies of SAES—536

tailored to the distinct information available dur-537

ing training and inference—are both indispensable,538

and their synergy is crucial to MEIC-DT’s leading539

performance.540

Train/Inference MUC B3 CEAFϕ4 Avg.F1
Litbank

SAEStrain/SAESinf 87.85±0.28 78.53±0.24 77.42±0.03 81.27±0.41

SAEStrain/LRU 86.87±0.54 75.42±0.31 76.01±0.22 79.43±0.25

SAEStrain/Dual-cache 87.56±0.46 77.08±0.28 77.34±0.62 80.66±0.39

LRU/SAESinf 86.17±0.51 75.63±0.11 75.06±0.38 79.15±0.21

Dual-cache/SAESinf 87.02±0.38 76.99±0.26 76.89±0.14 80.30±0.27

SAESinf/SAESinf 87.45±0.42 77.29±0.48 77.38±0.38 80.71±0.67

OntoNotes
SAEStrain/SAESinf 90.53±0.43 84.43±0.42 80.19±0.49 85.05±0.67

SAEStrain/LRU 89.29±0.54 82.57±0.14 79.25±0.35 83.71±0.16

SAEStrain/Dual-cache 90.31±0.32 83.46±0.24 80.69±0.14 84.82±0.52

LRU/SAESinf 89.48±0.17 82.52±0.26 79.41±0.33 83.80±0.29

Dual-cache/SAESinf 90.33±0.58 82.35±0.47 80.89±0.34 84.86±0.71

SAESinf/SAESinf 90.28±0.61 83.45±0.57 79.96±0.38 84.89±0.55

Table 4: The Impact (%) of the SAES Module in MEIC-
DT. Evaluation on LitBank and OntoNotes with the
Transformer classifier under τ1/τ2 = 50/30.

IRP MUC B3 CEAFϕ4 Avg.F1
Litbank

Group-based Samping (ours) 87.85±0.28 78.53±0.24 77.42±0.03 81.27±0.41

Random Sampling 87.12±0.15 76.98±0.27 77.01±0.13 80.37±0.22

OntoNotes
Group-based Samping (ours) 90.53±0.43 84.43±0.42 80.19±0.49 85.05±0.67

Random Sampling 89.08±0.22 82.33±0.54 80.04±0.19 83.82±0.37

Table 5: The utility (%) of the IRP Module in MEIC-
DT. Evaluation on LitBank and OntoNotes with the
Transformer classifier under τ1/τ2 = 50/30.

The utility of IRP. We conduct an ablation study541

to assess the utility of the IRP module in MEIC-542

DT on OntoNotes and LitBank, using the Trans-543

former classifier under τ1/τ2 = 50/30. As in- 544

troduced in Section 3.3, IRP is a core innovation 545

that employs group-based sampling by leverag- 546

ing mention textual relations to select the most 547

representative mentions per cluster. To validate 548

this strategy, we compare it against a random sam- 549

pling baseline, which selects mentions uniformly 550

at random from each cluster without grouping. Re- 551

sults are presented in Table 5. From 5, the group- 552

based sampling significantly outperforms random 553

sampling on both LitBank and OntoNotes (e.g., 554

achieving a +1.23 gain in Avg.F1 on OntoNotes). 555

This confirms that IRP can more effectively pre- 556

serve the core semantic information of each clus- 557

ter through semantic-relation-based grouping and 558

stratified sampling. The semantic space visual- 559

ization in Fig. 4 further reveals that the mentions 560

selected by group-based sampling exhibit a more 561

reasonable and representative distribution, which 562

directly explains its superiority in maintaining CR 563

performance and validates the key role of IRP as a 564

structured information compression strategy. 565

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00
1.00

0.75

0.50

0.25

0.00

0.25

0.50

0.75

1.00
(a)Random Sampling

1.00 0.75 0.50 0.25 0.00 0.25 0.50 0.75 1.00

(b)Group-based sampling

Figure 4: An example of semantic space distributions
for different sampling strategies on OntoNotes.

5 Conclusion 566

This paper presents MEIC-DT, a memory-efficient 567

incremental clustering model for CR that oper- 568

ates under strict dual-threshold memory constraints. 569

The core of our approach is a dual-threshold con- 570

straint mechanism, instantiated through two novel 571

components: a Statistics-Aware Eviction Strategy 572

for phase-adaptive cache management, and an In- 573

ternal Regularization Policy for semantically rep- 574

resentative cluster condensation. Extensive experi- 575

ments show that MEIC-DT achieves a superior bal- 576

ance between performance and memory efficiency 577

compared to existing baselines, validating the ef- 578

fectiveness of its synergistic design in managing 579

the inherent trade-offs for long-text processing. 580
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Limitations581

While our method demonstrates significant ad-582

vances in memory-efficient incremental cluster-583

ing for coreference resolution, several limitations584

warrant discussion. First, in the current era585

dominated by large language models (LLMs),586

our work—focusing on supervised neural meth-587

ods—might appear to swim against the tide. How-588

ever, we note that recent studies (Liu et al., 2024b)589

have shown high-performing supervised corefer-590

ence resolvers can effectively enhance LLMs’ ca-591

pabilities in downstream tasks such as generation592

and question answering, which presents a clear and593

valuable application niche for our efficient model.594

Second, our experiments were conducted under595

constrained computational budgets. We acknowl-596

edge that with more generous resources (e.g., larger597

τ1/τ2 or model capacity), performance could po-598

tentially be further improved. Finally, we believe599

more effective memory constraint strategies may600

exist. Future work could explore adaptive threshold601

learning or reinforcement learning-based policies602

for dynamic memory allocation.603
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Appendix907

This appendix is organized as follows.908

• In Section A, we provide an overview of re-909

lated works and position our contributions in910

the context of prior studies.911

• In Section B, we present the detailed algorith-912

mic pseudocode for Internal Regularization913

Policy.914

• In Section C, we list all the pronouns.915

• In Section D, we provide a comprehensive916

description of the experimental setup, includ-917

ing the datasets employed, baseline methods918

compared, evaluation metrics utilized, and de-919

tailed implementation configurations.920

• In Section E, we present additional experimen-921

tal results.922

A Related Works923

Coreference Resolution (CR) has long been a cru-924

cial task in the field of NLP. The seminal work925

by (Lee et al., 2017) introduced the first end-to-end926

supervised neural method, i.e., the Coarse-to-Fine927

model, establishing the detect-then-cluster pipeline.928

This pipeline first identifies mentions likely to929

form coreference relations (mention extraction),930

followed by finding the most probable antecedent931

for each detected mention to achieve coreference932

clustering (mention clustering). Shortly thereafter,933

a panoply of efforts have focused on improving this934

method’s training efficiency, memory consumption,935

and coreference performance. For example, some936

methods (Dobrovolskii, 2021; Si et al., 2022; Kan-937

tor and Globerson, 2019; Xu and Choi, 2020; Wu938

et al., 2020; Kirstain et al., 2021; Lai et al., 2022;939

Otmazgin et al., 2022a,b; D’Oosterlinck et al.,940

2023; Sundar et al., 2024) retained the detect-then-941

cluster pipeline and leveraged pre-trained language942

models (e.g., BERT (Devlin et al., 2019), Span-943

BERT (Joshi et al., 2020), Longformer (Beltagy944

et al., 2020)) for document encoding, significantly945

boosting performance. However, they still grap-946

ple with substantial memory overhead. Also, gen-947

erative methods (Liu et al., 2022; Bohnet et al.,948

2023; Zhang et al., 2023), centered around large949

sequence-to-sequence architectures, once domi-950

nated the pursuit of high coreference performance.951

Nevertheless, their prohibitively expensive train-952

ing costs and high inference latency render their953

deployment infeasible.954

With super-sized training corpora and compu- 955

tational cluster resources, LLMs have demon- 956

strated powerful reasoning capabilities, thus en- 957

abling SOTA performance in a wide range of natu- 958

ral language tasks (Achiam et al., 2023; Liu et al., 959

2024a; Team, 2025; Luo et al., 2024; Tan et al., 960

2024; Yu et al., 2024; Si et al., 2025c; Wang 961

et al., 2025; Si et al., 2025b; Luo et al., 2025a; 962

Si et al., 2025a, 2024; Bai et al.). However, their 963

performance in CR has yet to surpass mainstream 964

supervised neural methods (Le and Ritter, 2023; 965

Gan et al., 2024). This limitation stems from the 966

“large but not precise” nature of LLMs, which hin- 967

ders high-accuracy mention extraction (Liu et al., 968

2024b). Intriguingly, under ideal conditions where 969

gold mentions are provided, LLMs leverage their 970

strong reasoning capabilities to achieve CR perfor- 971

mance that matches or even exceeds that of super- 972

vised neural methods (Le and Ritter, 2023). Re- 973

cently, other attempts to incorporate LLMs into CR 974

either rely on overly idealistic assumptions (Sun- 975

dar et al., 2024) or entail prohibitive computational 976

costs to train multiple LLMs (Zhu et al., 2025). 977

All in all, given the constraints of academic com- 978

putational resources, generative methods are often 979

not the preferred choice due to their high training 980

costs and inference latency. Notably, recent super- 981

vised neural model Maverickmes (Martinelli et al., 982

2024) trained with DeBERTa has achieved SOTA 983

performance. In contrast, while LLMs struggle 984

with the mention detection, preventing their coref- 985

erence performance from surpassing supervised 986

neural methods, they show a significant strength: 987

given gold mentions, LLMs with powerful reason- 988

ing capabilities can achieve competitive corefer- 989

ence results (Le and Ritter, 2023). However, this 990

prerequisite is rarely met in practical scenarios. 991

Therefore, existing research indicates that in CR, 992

the SOTA supervised neural methods demonstrate 993

notable advantages in terms of training cost, infer- 994

ence efficiency, and coreference performance, with 995

their potential still not yet fully tapped. 996

Of note, under supervised neural methods, there 997

exists another line of works (Xia et al., 2020; Tosh- 998

niwal et al., 2020; Guo et al., 2023; Martinelli et al., 999

2024) to drew inspiration from human cognitive 1000

incremental processing mechanisms for long-text 1001

scenarios. During the mention clustering, they pro- 1002

gressively evaluate the association between can- 1003

didate mentions and existing coreference clusters 1004

using linear classifiers or lightweight Transformer 1005

architectures to determine coreference links. How- 1006
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ever, despite significant progress in CR, they still1007

face a critical challenge in balancing efficiency1008

and performance during mention clustering. For1009

example, conventional incremental clustering ap-1010

proaches (Xia et al., 2020; Toshniwal et al., 2020;1011

Guo et al., 2023) typically employ a fixed-size1012

cache and a linear classifier to associate candi-1013

date mentions with coreference clusters (each rep-1014

resented as a single vector) tracked by the cache.1015

These approaches decide whether a mention should1016

join an existing cluster or form a new one. Upon1017

reaching capacity, a predefined rule-based eviction1018

strategy—LRU (Least Recently Used) or a dual-1019

cache mechanism combining LRU and LFU (Least1020

Frequently Used)—removes certain entities to up-1021

date the cache dynamically. While computationally1022

efficient, such approaches often fail to capture the1023

complex nonlinear dependencies between mentions1024

and clusters, and yield limited semantic representa-1025

tions due to excessive intra-cluster compression.1026

Moreover, these strategies either rely on a sin-1027

gle heuristic (e.g., LRU) that may discard essential1028

clusters, or employ a dual-cache mechanism that1029

increases the complexity of cache management.1030

Crucially, the same eviction strategy is used across1031

both training and inference. This does not account1032

for the inherent differences in information availabil-1033

ity between the two phases and thus constrains the1034

model’s overall effectiveness. Recently, Martinelli1035

et al. (2024) introduced a lightweight Transformer1036

model. Its input is formed by concatenating the1037

representation of a candidate mention with repre-1038

sentations of all mentions from historical corefer-1039

ence clusters, effectively modeling the global intra-1040

cluster structure and significantly improving clus-1041

tering accuracy. However, a major drawback is that1042

the input size grows polynomially with the number1043

of clusters and the number of mentions per cluster,1044

causing memory usage and computational latency1045

to surge during training, which severely limits its1046

practicality and scalability given academic compu-1047

tational resources. These considerations motivate1048

our investigation into pushing the boundaries of1049

supervised neural models in the era of LLMs.1050

B Pseudocode of Internal Regularization1051

Policy1052

In this section, we present the detailed algorithmic1053

pseudocode for Internal Regularization Policy, as1054

shown in Algorithms 1-3.1055

Algorithm 1 Internal Regularization Policy (IRP)

Require: Cluster set C = {c1, c2, . . . , cτ1} where
each ci = [(t1i,s, t

1
i,e), (t

2
i,s, t

2
i,e), . . . ] repre-

sents mention spans, original word text words
Require: Maximum cluster size threshold τ2
Ensure: Compressed cluster set C′ where each

cluster has at most τ2 mentions
1: for each cluster ci ∈ C do
2: if |ci| > τ2 then
3: Sort ci in ascending order, i.e., sort(ci)
4: Initialize compressed cluster: c′i ← [ci[0]]

{Preserve first mention}
5: ĉi ← ci[1 : −1] {Exclude first and last

mentions}
6: Ĉgroupedi ← SG(words, ĉi)

7: ĉsampled
i ← GS(Ĉgroupedi , τ2 − 2)

8: c′i.extend(ĉ
sampled
i )

9: c′i.append(ci[−1]) {Preserve last men-
tion}

10: C′ ← C′ ∪ {sort(c′i)}
11: else
12: C′ ← C′ ∪ {ci} {Keep original cluster}
13: end if
14: end for
15: return C′

C Full Pronouns List 1056

We list all the pronouns in Table 6. 1057

i , me , my , mine , myself , you , your , yours ,
yourself , yourselves , he , him , his , himself , she ,
her , hers , herself , it , its , itself , we , us , our , ours
, ourselves , they , them , their , themselves , that ,
this

Table 6: Full pronouns list. Note that in the specific
experimental process, “it” should be removed from full
pronouns list because “it” may lack referential signifi-
cance.

D Complete Experimental Settings 1058

Datasets and Baselines. We train and evalu- 1059

ate the performance of our proposed methods on 1060

two widely used CR datasets: OntoNotes (Prad- 1061

han et al., 2012) and LitBank (Bamman et al., 1062

2020). Specifically, OntoNotes, originating from 1063

the CoNLL-2012 shared task, serves as the de facto 1064

standard for evaluating CR methods. It encom- 1065

passes seven text genres, including full-length doc- 1066

uments such as newswire articles, broadcast news, 1067
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Algorithm 2 Semantic Grouping (SG)

Require: words, ĉ: list of mention spans [(t1,s, t1,e), (t2,s, t2,e), . . . , (t|ĉ|−1,s, t|ĉ|−1,e)], and P : pronoun
lexicon (see Appendix C)

Ensure: Ĉgrouped: semantically grouped mention spans
1: mentions← [ ] {Store mention texts}
2: for each (ts, te) ∈ ĉ do
3: span = []
4: for idx ∈ [ts, te] do
5: span.append(words[idx].lower())
6: end for
7: mentions.append(concat(span))
8: end for
9: n← |ĉ|

10: uf ← UnionFind(n) {Initialize Union-Find data structure}
11: for i = 0 to n− 1 do
12: for j = i to n− 1 do
13: if mentions[i] ∈ P ∧mentions[j] ∈ P then
14: if mentions[i] = mentions[j] then
15: uf.union(i, j)
16: end if
17: else if mentions[i] /∈ P ∧mentions[j] /∈ P then
18: if mentions[i] = mentions[j] ∨ mentions[i] ⊆ mentions[j] ∨ mentions[j] ⊆

mentions[i] then
19: uf.union(i, j)
20: end if
21: end if
22: end for
23: end for
24: Initialize groups← {}
25: for i = 0 to n− 1 do
26: root← uf.find(i)
27: groups[root].append(i)
28: end for
29: Ĉgrouped ← [ ]
30: for each group ∈ groups.values() do
31: cluster_group = []
32: for i ∈ group do
33: cluster_group.append(cluster_idxs[i])
34: end for
35: Ĉgrouped.append(cluster_group)
36: end for
37: return Ĉgrouped
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Algorithm 3 Group-based Sampling (GS)

Require: Ĉgroupedi = [G1, G2, . . . , Gm]: grouped mention spans, and k: number of mentions to sample
Ensure: ĉsampled: selected mention spans

1: m← |Ĉgrouped| {Number of groups}
2: nlist ← [|Gi| for Gi ∈ Ĉgrouped] {Sizes of each group}
3: N ←

∑
nlist {Total mentions}

4: if k > N then
5: error "Cannot sample more mentions than available"
6: end if
7: if k < m then
8: {More groups than needed samples}
9: Sort groups in Ĉgrouped by size in descending order

10: samples← [ ]
11: for i = 0 to k − 1 do
12: Randomly select one mention from Gi

13: samples.append(selected_mention)
14: end for
15: return samples
16: end if

{Case when k ≥ m: allocate at least one sample per group}
17: s← [1, 1, . . . , 1] {Initialize with one sample per group}
18: r ← k −m {Remaining samples to allocate}
19: if r > 0 then
20: capacityi ← [ni − 1 for ni ∈ nlist] {Remaining capacity per group}
21: total_capacity ←

∑
capacityi

22: if r > total_capacity then
23: r ← total_capacity
24: end if
25: while r > 0 do
26: Find group j with maximum capacityj > 0
27: s[j]← s[j] + 1
28: capacityj ← capacityj − 1
29: r ← r − 1
30: end while
31: end if
32: ĉsampled ← [ ]
33: for i = 0 to m− 1 do
34: Randomly select s[i] mentions from group Gi

35: ĉsampled.extend(selected_mentions)
36: end for
37: return ĉsampled
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magazines, web text, and testament passages, as1068

well as multi-speaker transcripts like broadcast con-1069

versations and telephone conversations. LitBank is1070

frequently employed for evaluating CR on long doc-1071

uments and comprises 100 literary works. Note that1072

OntoNotes and LitBank follow different annotation1073

guidelines: OntoNotes does not annotate singleton1074

clusters (i.e., single-mention clusters), whereas Lit-1075

Bank provides such annotations. To assess the gen-1076

eralization capability of methods, models trained1077

on OntoNotes are also tested on the out-of-domain1078

dataset WikiCoref (Ghaddar and Langlais, 2016).1079

WikiCoref only contains 30 Wikipedia articles as1080

its test set, with some texts reaching lengths of up1081

to 9869 words. We detail these datasets in Table 7.1082

Meanwhile, to gauge the effectiveness of MEIC-1083

DT, we select the most relevant baselines in the1084

main paper: LRU (Xia et al., 2020; Toshniwal1085

et al., 2020) and Dual-cache (Guo et al., 2023).1086

We follow Luo et al. (2025b) in adopting Imcoref1087

as Mention Extractor and DeBERTalarge (He et al.,1088

2021) as Text Encoder (see Fig. 2). Furthermore,1089

we conduct coreference clustering experiments1090

adopting two distinct classifiers—a linear classi-1091

fier (Xia et al., 2020; Toshniwal et al., 2020; Guo1092

et al., 2023) and a lightweight Transformer classi-1093

fier (Martinelli et al., 2024)—to thoroughly evalu-1094

ate the effectiveness of MEIC-DT. As outlined in1095

Related Works (see Appendix A), numerous CR ap-1096

proaches exist. Accordingly, for more comparison1097

results, we report additional experimental results1098

in Tables 8-9 from Appendix E.1099

Datasets #Train #Val #Test Avg. W Avg. M
OntoNotes 2802 343 348 467 56
LitBank 80 10 10 2105 291
WikiCoref - - 30 1996 230

Table 7: Dataset statistics: number of documents in
each dataset split (#Train/Val/Test), average number of
words (i.e., Avg. W) and mentions (i.e., Avg. M) per
document.

Metrics. In our experiments, we evaluate per-1100

formance using the F1 scores of the MUC (Vilain1101

et al., 1995), B3 (Bagga and Baldwin, 1998), and1102

CEAFϕ4 (Luo, 2005) metrics. The overall CoNLL-1103

F1 score (abbreviated as Avg.F1) is the average1104

of these three F1 scores. To ensure reliability, we1105

report the average for each experiment over 3 dif-1106

ferent random seeds.1107

Configurations. In all experiments, unless oth-1108

erwise specified, we adopt the default settings of1109

τ1 = 50 and τ2 = 30 for the Transformer classifier, 1110

while maintaining τ1 = 50 for the linear classifier. 1111

When implementing the linear classifier, we fol- 1112

low Xia et al. (2020); Toshniwal et al. (2020); Guo 1113

et al. (2023) by representing each historical corefer- 1114

ence cluster as a vector representation. This formu- 1115

lation eliminates the necessity of additional param- 1116

eters beyond the threshold τ1. We set δ = 1×10−5 1117

and employ the Adafactor optimizer (Shazeer and 1118

Stern, 2018) for model training, with learning rates 1119

configured as 2e-5 for DeBERTalarge and 3e-4 for 1120

the remaining model layers. All experiments are 1121

implemented using the PyTorch-Lightning frame- 1122

work. Each run is executed on a single RTX 4090 1123

GPU with 24GB of VRAM. We have eight such 1124

GPUs available, allowing multiple experiments to 1125

be conducted concurrently. For fairness, neither 1126

data nor model parallelism is employed in any ex- 1127

periment. During training, we accumulate gradi- 1128

ents every four steps and set the gradient clipping 1129

threshold at 1.0. A linear learning rate scheduler 1130

is adopted, incorporating a warm-up phase cover- 1131

ing 10% of all training steps. To monitor perfor- 1132

mance, a validation evaluation is performed every 1133

one epoch. The final model is selected based on 1134

Avg.F1 in the validation set, with an early stopping 1135

patience of 30. 1136

E Additional Experimental Results 1137

In this section, we report additional experimental 1138

results, as detailed in Tables 8-9. 1139

Methods MUC B3 CEAFϕ4 Avg.F1
longdoc (Toshniwal et al., 2021) 88.2 75.9 65.5 76.5
Dual-cache (Guo et al., 2023) 88.2 79.2 71.0 79.5
Maverickmes (Martinelli et al., 2024) 86.2 78.4 69.6 78.1
Maverickincr (Martinelli et al., 2024) 86.5 78.8 69.8 78.3
ImCorefmes (Luo et al., 2025b) 87.9 79.5 71.6 79.7
MEIC-DT(ours) 87.9 78.5 77.4 81.3
seq2seq (Zhang et al., 2023) - - - 77.3
GPT-3.5-turbo (Le and Ritter, 2023) - - - 75.3
LLMLink (Zhu et al., 2025) - - - 81.5⋆

ImCoref-CeSgpt4 (Luo et al., 2025b) 88.8 81.5 72.9 81.1

Table 8: Performance comparison (%) of different meth-
ods on LitBank. Note that (⋆) indicates that it is required
to train multiple LLMs to perform coreference task.
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Methods Base Encoders MUC B3 CEAFϕ4 Avg.F1 Params
Training

Time Hardware
Supervised neural methods
c2f-coref (Joshi et al., 2020) SpanBERTlarge 85.3 78.1 75.3 79.6 370M - 1× 32G
Icoref (Xia et al., 2020) SpanBERTlarge 85.3 77.8 75.2 79.4 377M 40h 1×1080TI-12G
CorefQA (Wu et al., 2020) SpanBERTlarge 88.0 82.2 79.1 83.1⋄ 740M - 1×TPUv3-128G
s2e-coref (Kirstain et al., 2021) LongFormerlarge 85.8 79.1 76.1 80.3 494M - 1× 32G
longdoc (Toshniwal et al., 2021) LongFormerlarge 85.3 78.0 75.3 79.6 471M 16h 1× A6000-48G
wl-coref (Dobrovolskii, 2021) RoBERTalarge 86.3 79.9 76.6 81.0 360M 5h 1×RTX8000-48G
f-coref (Otmazgin et al., 2022a) DistilRoBERTa 84.4 76.6 74.5 78.5⋄ 91M - 1×V100-32G
LingMess (Otmazgin et al., 2022b) LongFormerlarge 86.6 80.5 77.3 81.4 590M 23h 1×V100-32G
Dual-cache (Guo et al., 2023) LongFormerlarge 86.3 80.3 76.8 81.1 471M - 1×T4-16G
Maverickmes (Martinelli et al., 2024) DeBERTalarge 88.0 82.8 79.9 83.6 504M 14h 1×RTX4090-24G
Maverickincr (Martinelli et al., 2024) DeBERTalarge 87.9 82.7 79.8 83.5 452M 29h 1×RTX4090-24G
ImCorefmes (Luo et al., 2025b) DeBERTalarge 88.2 83.6 81.0 84.3 531M 13h 1×RTX4090-24G
MEIC-DT(ours) DeBERTalarge 90.5 84.4 80.2 85.1 479M 14h 1×RTX4090-24G
Generative methods
ASP (Liu et al., 2022) FLAN-T5XXL 87.2 81.7 78.6 82.5 11B 45h 6×A100-80G
Link-Append (Bohnet et al., 2023) mT5XXL 87.8 82.6 79.5 83.3 13B 48h 128×TPUv4-32G
seq2seq (Zhang et al., 2023) T0XXL 87.6 82.4 79.5 83.2 11B - 8×A100-80G
Large Language Models

InstructGPT (Le and Ritter, 2023) API
70.4 58.4 51.7 60.1 - - -
89.2 79.4 73.7 80.8⋆ - - -

GPT-3.5-turbo (Le and Ritter, 2023) API
66.9 55.5 46.5 56.3 - - -
86.2 79.3 68.3 77.9⋆ - - -

GPT-4 (Le and Ritter, 2023) API
73.7 62.7 52.3 62.9 - - -
93.7 88.8 82.8 88.4⋆ - - -

Supervised neural methods+Large Language Models
ImCoref-CeCogpt4o (Luo et al., 2025b) DeBERTalarge+API 91.2 84.9 81.8 86.0 531M 13h 1×RTX4090-24G

Table 9: Results of different methods on OntoNotes. We report the MUC, B3, and CEAFϕ4
F1 scores (%), their

average (Avg. F1), base encoders, model parameters (Params), and training time/hardware. (⋄) indicates models
trained with additional resources; (⋆) signifies clustering was performed using gold mentions. For the LLMs utilized,
we access them remotely via their API interfaces, uniformly setting the temperature parameter to 0.

Methods MUC B3 CEAFϕ4 Avg.F1
longdoc (Toshniwal et al., 2021) - - - 60.1
Dual-cache (Guo et al., 2023) 72.1 62.1 54.7 63.0
LingMess (Otmazgin et al., 2022b) - - - 62.6
Maverickmes (Martinelli et al., 2024) 81.5 65.4 53.5 66.8
Maverickincr (Martinelli et al., 2024) 81.2 65.5 53.7 66.8
ImCorefmes (Luo et al., 2025b) 80.6 66.7 55.6 67.6
MEIC-DT(ours) 80.2 68.4 69.4 72.6
InstructGPT (Le and Ritter, 2023) - - - 72.9
GPT-3.5-turbo (Le and Ritter, 2023) - - - 70.8
ImCoref-CeSgpt4 (Luo et al., 2025b) 83.6 69.8 66.1 73.2

Table 10: Performance comparison (%) of different
methods on WikiCoref.
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