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Abstract001

Embedding models have become a core com-002
ponent of modern Natural Language Process-003
ing (NLP). However, most widely used em-004
bedding models adopt tokenizers that rely on005
frequency- or probability-based segmentation,006
which overlooks the morphological structure of007
agglutinative languages such as Korean. More-008
over, embedding model vocabulary is fixed af-009
ter training and cannot be extended to incorpo-010
rate new domain-specific words. To address011
these challenges, we propose an embedding012
framework that integrates morpheme-aware to-013
kenization with definition-based vocabulary ex-014
pansion and is readily extensible to other lan-015
guages and backbone models. Also, we intro-016
duce a SLERP-based training objective to im-017
prove embedding alignment during dimension-018
ality reduction. After training, the framework019
enables vocabulary expansion by generating020
token embeddings from definition sentences021
without additional fine-tuning. Experimental022
results show that our approach improves down-023
stream task performance by 0.1710 ∼ 0.2182024
in terms of Micro-F1 and Micro-Recall@K.025

1 Introduction026

In recent years, embedding models (Devlin et al.,027

2019; Liu et al., 2019) have provided a foundation028

for learning sentence semantics. However, most029

embedding models have been designed and trained030

primarily for English and exhibit degraded perfor-031

mance when applied to non-English languages (Wu032

and Dredze, 2020), especially agglutinative lan-033

guages such as Korean (Sohn, 2001). Unlike En-034

glish (Comrie, 1989), which expresses grammatical035

meaning mostly through word order and auxiliary036

verbs, Korean forms words by combining stems037

with various particles and endings to express gram-038

matical and semantic information. This structure039

makes tokenization challenging, as modern tokeniz-040

ers, such as WordPiece (WP) (Wu et al., 2016) and041

SentencePiece (SP) (Kudo and Richardson, 2018),042

Technical Term
Tokenzier [UNK] token

Sub-word Units

Mopheme-based
Tokenzier

Technical Term : [0.1, 0.3, ..., 0.8]
Definition
Sentences

Definition-Learning

Original Embedding

Embedding
Vocabulary

Embedding 
Model

[UNK] token  
Sub-word token

Embedding
ex) The defendant pleaded ~  The + [UNK] + pleaded

Embedding 
Model

Technical Term
Inferred embedding

semantic loss !

ex) defendant : a person who accused in a court of law defendant : [0.1, 0.3, ..., 0.8]

ex) The defendant pleaded ~  semantic preservation !The + [0.1, 0.3, ..., 0.8] + pleaded

Figure 1: Comparison between the original embedding
model, which treats rare words as unknown, and the
proposed Definition-Learning framework, which infers
their embeddings from definitions.

rely on frequency and probabilistic criteria rather 043

than morpheme boundaries. As a result, Korean 044

grammatical structures are distorted and meaning- 045

ful units are fragmented (Jeon et al., 2023). 046

In addition, specialized domains contain many 047

technical terms that are absent from general- 048

domain corpora, making it difficult for the model 049

to learn accurate representations during training. 050

Existing tokenizers handle such words by replac- 051

ing them with the [UNK] token or by segmenting 052

them into subword units, which either leads to a 053

complete loss of semantic information due to the 054

out-of-vocabulary (OOV) problem or prevents the 055

model from fully capturing their semantics. Most 056

importantly, because the tokenizer rules and embed- 057

ding model vocabulary are fixed after pretraining, 058

incorporating new domain-specific words requires 059

large-scale data collection and fine-tuning. 060

Existing study (Tang and Yang, 2024) has shown 061

that embedding models trained on general-domain 062

data exhibit performance degradation in specialized 063

domains and argues for the necessity of more so- 064

phisticated models for such domains. To overcome 065

this limitation, (Ruzzetti et al., 2022) has explored 066

leveraging definition sentences, and its usefulness 067

has been demonstrated. However, their approaches 068

rely on fixed token selection and do not account for 069

multiple definitions associated with a single token. 070
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To address the limitations caused by improper071

tokenization and semantic loss of domain-specific072

terms, we propose a Definition-Learning embed-073

ding framework that employs the morpheme-based074

MeCab tokenizer (Kudo, 2005), as illustrated in075

Figure 1. With Definition-Learning, token embed-076

dings are generated by dynamically attending to077

informative tokens across multiple definition sen-078

tences. This framework is motivated by the way hu-079

mans learn new words: people first acquire general080

linguistic patterns through exposure to natural lan-081

guage (PINE, 2005). Once this foundation is estab-082

lished, they expand their lexicon by learning new083

words through definitions without relearning the084

language (Aitchison, 2012). Inspired by this pro-085

cess, our framework learns general semantic repre-086

sentations during pre-training and subsequently in-087

fers embeddings for unseen tokens from definitions.088

To enable more accurate alignment, we introduce089

a Spherical Linear Interpolation (SLERP)-based090

training objective during dimensionality reduction,091

which preserves geometric structure and aligns in-092

ferred token embeddings with the existing vocab-093

ulary embedding space. Once this framework is094

trained, new tokens can be added to the model’s vo-095

cabulary without additional fine-tuning or modify-096

ing the original model architecture. This approach097

maintains model stability while providing a scal-098

able and efficient solution for handling OOV words099

and domain-specific terms. The key contributions100

of this study are as follows:101

• We propose a Definition-Learning framework102

integrated with a morpheme-based tokenizer to103

generate vocabulary token embeddings 1 for104

[UNK] tokens from definition sentences.105

• We design a loss function based on an SLERP-106

based geodesic distance approximation to train107

the dimensionality reduction when aggregating108

definition sentences into token embedding.109

• We improve embedding classification perfor-110

mance by 0.1710 ∼ 0.2182 in Micro-F1 and111

retrieval performance by 0.1843 ∼ 0.2087 in112

Micro-Recall@K compared to baseline model.113

2 Related Work114

2.1 Tokenizers and Embedding Models115

Widely used tokenizers such as WP and SP rely116

on frequency- and probability-based segmentation,117

1In this paper, a vocabulary token embedding refers to the
static embedding vector retrieved from the embedding lookup
table when the token is used as input.

which fails to capture the morphological structure 118

of agglutinative languages (Jeon et al., 2023) and 119

degrades performance in embedding models (Lee 120

et al., 2024). Moreover, these tokenizers perform 121

tokenization based on learned rules, resulting in 122

fixed vocabularies that reduce the domain adapt- 123

ability of embedding models (Islam et al., 2022). 124

To address these issues, prior works (Kudo, 2005; 125

Kakao, 2019) have explored morpheme-based tok- 126

enizers for agglutinative languages. 127

Early word embedding research introduced neu- 128

ral distributed models such as Continuous Bag-of- 129

Words (CBOW) and Skip-gram (Mikolov et al., 130

2013). With the Transformer architecture (Vaswani 131

et al., 2017), BERT (Devlin et al., 2019), which 132

employs Masked Language Modeling (MLM) and 133

Next Sentence Prediction (NSP), became the domi- 134

nant paradigm. However, following studies show- 135

ing that NSP provides limited benefits, Robustly 136

Optimized BERT Approach (RoBERTa) (Liu et al., 137

2019), which adopts dynamic masking with MLM, 138

has been widely used as the backbone of re- 139

cent state-of-the-art (SOTA) embedding models, 140

such as BAAI General Embedding (BGE) (Multi- 141

Granularity, 2024) and E5 (Wang et al., 2022). 142

2.2 Embedding Models for Expert Domains 143

Embedding models perform well in general do- 144

mains, but their performance drops when applied 145

to expert domains. Tang and Yang (2024) demon- 146

strated that even SOTA models exhibit performance 147

degradation in specialized domains such as finance. 148

This study showed that the degradation was due 149

to the models’ inability to capture domain-specific 150

semantic relations and emphasized the need for 151

sophisticated embedding methods. Most exist- 152

ing approaches address this issue through domain- 153

specific fine-tuning in areas such as finance (Araci, 154

2019), law (Chalkidis et al., 2020), and biomedical 155

(Lee et al., 2020). However, such approaches re- 156

quire additional data collection, substantial compu- 157

tational resources, and considerable training time. 158

Ruzzetti et al. (2022) proposes inferring vocabu- 159

lary token embeddings from definitions by select- 160

ing core tokens and processing them with either a 161

feed-forward (FF) layer or a BERT model. How- 162

ever, core tokens are selected through fixed struc- 163

tural analysis rather than dynamically based on the 164

input definition, and the approach does not consider 165

cases where a single token is associated with multi- 166

ple definitions, such as polysemy or homonymy. 167

These limitations, including fixed tokenization 168
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Figure 2: Overall architecture of the proposed Definition-Learning framework and DefVEx model. The model oper-
ates on MeCab and extends the original RoBERTa structure with Dimension Aggregator, Dimension Reconstruction,
and Calibrator Layer for Definition-Learning. The backbone remain frozen during Definition-Learning training.

rules, limited domain adaptability, and static struc-169

tural analysis of definition sentences, highlight the170

need for a more flexible framework that can dy-171

namically leverage multiple definition sentences to172

generate vocabulary token embeddings.173

3 Method174

3.1 Model Overview175

The architecture of the proposed DefVEx :176

Definition-based Vocabulary Expansion model,177

which integrates the MeCab tokenizer with178

Definition-Learning, is illustrated in Figure 2. To179

reflect morphological richness of Korean, input sen-180

tences are tokenized using the MeCab-ko2, which181

adopts the Sejong Corpus3-based POS tag system182

for fine-grained grammatical categorization. Un-183

like WP or SP, MeCab is a dictionary-based to-184

kenizer with a user-extensible vocabulary, which185

determines segmentation based on the surface form,186

POS tag, and priority stored in its dictionary. There-187

fore, users can add new words or merge multiple188

morphemes by updating MeCab’s dictionary, with189

the changes immediately reflected in tokenization190

without any retraining. This design enables flexi-191

2MeCab-ko is a Korean-adapted version of MeCab.
3The Sejong Corpus is a large-scale Korean linguistic cor-

pus developed by the National Institute of Korean Language.

ble vocabulary extension and provides a suitable 192

foundation for Definition-Learning. 193

DefVEx separates general language understand- 194

ing from new-word inference: (1) a RoBERTa- 195

base (Liu et al., 2019) backbone provides general 196

language understanding, and (2) additional mod- 197

ules are trained on definitions to generate vocabu- 198

lary token embeddings for unseen words. During 199

Definition-Learning, the backbone is frozen to pre- 200

serve general language understanding. After train- 201

ing stages are completed, users can input arbitrary 202

definition sentences into the DefVEx model and 203

add new vocabulary token embeddings to the em- 204

bedding vocabulary without additional fine-tuning. 205

In our setting, the input consists of definition sen- 206

tences for a target word, so it is shaped as [N,S,H], 207

where N is the number of definitions, S is the sen- 208

tence length, and H is the hidden size. Definition- 209

Learning consists of three stages: (1) the Defini- 210

tion Aggregator for dimensional compression and 211

aggregation, (2) the Dimension Reconstruction to 212

restore dimension, and (3) the Calibrator Layer to 213

align with the vocabulary embedding space. 214

3.2 Definition Aggregator 215

The Definition Aggregator integrates the backbone 216

encoder layer outputs of the definition sentences 217

into a single vector, as illustrated in Figure 3. 218
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token embedding. , , and denote concatenation, element-wise multiplication and element-wise addition.

Yin and Shen (2018) demonstrated that word em-219

beddings lie on a lower-dimensional manifold, and220

high dimensionality captures semantically irrele-221

vant variation. Therefore, dimensionality reduction222

helps isolate the core meaning of a definition sen-223

tence while suppressing noise. Hwang et al. (2023)224

further show that shallow nonlinear transformations225

are sufficient to preserve semantics while reducing226

dimensionality. Based on these findings, we de-227

sign the Reduce Dimension Layer as a lightweight228

nonlinear multi-layer perceptron (MLP) layer that229

reduces the dimension to H ′ = H/4.230

After dimensionality reduction, the representa-231

tions are aggregated in three stages. The Token232

Aggregator and Sentence Aggregator take as in-233

put the outputs of the Reduce Dimension Layer234

and the Token Aggregator, respectively, and gener-235

ate the Token Aggregation and Sentence Aggrega-236

tion outputs. Each Aggregator adopts a Multi-head237

Scorer as its weighting mechanism, implemented238

as an MLP-based module, to identify important se-239

mantic components. Finally, the Layer Aggregator240

merges the current block output with accumulated241

representations from previous blocks by computing242

layer-level weights through an MLP-based Final243

Scorer to produce the final representation.244

In the Token aggregator, each token representa-245

tion already encodes contextual information from246

the backbone, so additional attention is redundant.247

Moreover, although attention mechanisms are ef-248

fective at modeling dependencies among inputs,249

neither definition sentences for the same word nor250

layer-wise outputs exhibit meaningful semantic in-251

teractions that justify such mechanisms. Therefore,252

we adopt MLP-based scoring to independently eval-253

uate each representation without pairwise interac-254

tions. We use Entmax1.5 instead of softmax, as it 255

can assign zero weights to low-score components, 256

which makes it effective for compression. 257

3.3 Dimension Reconstruction and Alignment 258

Dimension Reconstruction

w1

Linear

2-layer MLP

Calibrator Layer

2-layer MLP Vocabulary
Token Em

bedding

Figure 4: Residual MLP-based architecture for the Di-
mension Reconstruction and Calibrator Layer.

After semantic inference is accumulated across 259

all layers, the resulting vocabulary token embed- 260

ding is processed through the Dimension Recon- 261

struction to restore its original dimensionality and 262

then the Calibrator Layer to align with the vocabu- 263

lary embedding space, as illustrated in Figure 4. 264

Dimension Reconstruction restores the represen- 265

tation using a residual skip-projection. This pro- 266

vides an advantage for preserving information, and 267

promotes smoother overall training convergence. 268

Finally, we add the Calibrator Layer with a resid- 269

ual MLP block to remap the reconstructed rep- 270

resentation into the vocabulary embedding space. 271

Because the Calibrator Layer is designed for align- 272

ment, it uses the same-dimensional projections in- 273

stead of the dimensionality-expanding MLP from 274

standard Transformer feed-forward networks to pre- 275

vent unnecessary transformation. 276

3.4 Training Objective 277

In the Reduce Dimension Layer, it is crucial to 278

preserve the semantic relational structure in the 279
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original space. Wang et al. (2021) show that retain-280

ing both angular and geometric information during281

low-dimensional projection leads to more coher-282

ent representations. In addition, Sala et al. (2018)283

report that Euclidean distance cannot properly cap-284

ture positional relationships on a nonlinear mani-285

fold. Based on these observations, we design a loss286

function that jointly preserves cosine similarity and287

an approximate geodesic distance. Since com-288

puting the exact geodesic distance is expensive, we289

leverage the fact that the backbone encoder output290

is normalized by Layer Normalization (LN). LN291

maps vectors onto a hyper-ellipsoid, interpretable292

as a shifted hyper-sphere of radius
√
H . Given293

this property, we approximate the geodesic dis-294

tance using a SLERP-based segmented integral.295

Derivations are given in Appendix A.296

Using this method, we compute pairwise cosine297

similarities and distances for all tokens. To increase298

sensitivity to distance distortions among neighbor299

vectors, we apply the relative error to the distance300

term. The projection loss function is defined in301

Equations (1)–(3). The relative error between the302

exact values and their SLERP-based approxima-303

tions remains small across the entire angular range.304

The error analysis is provided in Appendix B.305

Lprojection = Ldeg + Ldist (1)306
307

Ldeg = ∥cos(xi, xj)− cos(zi, zj)∥2F (2)308
309

Ldist =

∥∥∥∥∥∥
√

H′

H dist(xi, xj)− dist(zi, zj)√
H′

H dist(xi, xj) + ϵ

∥∥∥∥∥∥
2

F

(3)310

where α1 and α2 are weighting coefficients, xi and311

xj are original space embeddings, and zi and zj are312

corresponding embeddings in the reduced space.313

We introduce an Embedding Alignment314

(EA) loss to jointly supervise aggregation and315

reconstruction-alignment. To better distinguish316

similar words beyond cosine loss, we include a317

contrastive loss (Oord et al., 2018). Moreover,318

because the vocabulary embedding space is not319

normalized, we add a magnitude alignment term to320

match the embedding vector magnitude. The EA321

loss function is described in Equations (4)–(5).322

Lnorm =
[
∥ê∥ − ∥e∥ − 0.05 ∥e∥

]2
+

(4)323
324

LEA = λnormLnorm + λcos
(
1− cos(ê, e)

)
+ λnceLInfoNCE

(5)325

where ê and e denote the inferred and label vectors,326

and [x]+ = max(x, 0) denotes the hinge operator.327

4 Experiments 328

4.1 Dataset 329

We use three types of datasets. First, the back- 330

bone RoBERTa model is trained on the Korean 331

Wikipedia (Ko-wiki) (lovit, 2021). Second, for 332

Definition-Learning, we use definition sentences 333

from the Standard Korean Dictionary4. Third, 334

we evaluate the quality of vocabulary token em- 335

beddings using the legal-domain LCUBE dataset 336

(Hwang et al., 2022), which includes classifica- 337

tion (casename, casename+) and retrieval (statute, 338

statute+) tasks. In addition, we also measure gen- 339

eral semantic representation quality using the Ko- 340

rean Semantic Textual Similarity (KorSTS) (Ham 341

et al., 2020) benchmark. Detailed information of 342

all datasets are summarized in Appendix C. 343

4.2 Experiments Settings 344

For the backbone model, we follow the same archi- 345

tecture and training setup as the original RoBERTa- 346

base. Before training, we filter tokens that appear 347

at least 100 times in the Ko-wiki corpus when to- 348

kenized with MeCab, resulting in 90,729 tokens 349

included in the vocabulary. Definition-Learning 350

uses the same training settings as the backbone. 351

More details are provided in Appendix D. 352

Ruzzetti et al. (2022) evaluated inferred token 353

embeddings using cosine similarity to label embed- 354

dings. The reported values of 0.3 ∼ 0.5 are compa- 355

rable to that of nearest-neighbor vocabulary token 356

embeddings inferred by our Definition-Learning. 357

As a result, cosine similarity alone makes it difficult 358

to determine whether embeddings are accurately 359

inferred from definition sentences. Therefore, we 360

evaluate Definition-Learning by expanding the vo- 361

cabulary with inferred OOV tokens and assessing 362

downstream task performance. A detailed analysis 363

of this evaluation is provided in Appendix E. 364

For downstream evaluation, sentence embed- 365

dings are generated from the last-layer hidden 366

states [S,H]. If a sentence exceeds the maximum 367

length, it is split into segments, whose [S,H] repre- 368

sentations are averaged into a single [S,H]. Finally, 369

token representations are averaged to [H] and L2- 370

normalized to form the final sentence embedding. 371

We use three evaluation metrics: Spearman cor- 372

relation for Semantic Textual Similarity (STS), 373

Micro-F1 for classification, and Micro-Recall@K 374

(K=5) for retrieval. Recall-based metrics are more 375

suitable because retrieval queries have 2-4 labels. 376

4https://stdict.korean.go.kr/main/main.do.
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Metric Filter Ratio KorSTS Casename Casename+ Statute Statute+

Vocab Size
no-filter 91,330(+601) 97,252(+6,523) 100,489(+9,760) 91,867(+1,138) 92,599(+1,870)

0.5 91,330(+601) 97,249(+6,520) 100,486(+9,757) 91,863(+1,134) 92,595(+1,866)
0.1 91,330(+601) 97,219(+6,490) 100,454(+9,725) 91,856(+1,127) 92,581(+1,852)

Params
no-filter 156.76M(+1.76M) 174.11M(+19.11M) 183.59M(+28.59M) 158.33M(+3.33M) 160.48M(+5.48M)

0.5 156.76M(+1.76M) 174.10M(+19.10M) 183.58M(+28.58M) 158.32M(+3.32M) 160.47M(+5.47M)
0.1 156.76M(+1.76M) 174.01M(+19.01M) 183.49M(+28.49M) 158.30M(+3.30M) 160.43M(+5.43M)

Excluded [UNK] – 393 35,938 77,662 16,306 4,039

Table 1: Vocabulary size, parameter count, and the number of excluded [UNK] tokens after filtering.

Model Tokenizer Filter Ratio Params Vocab KorSTS Casename Casename+ Statue Statue+
RoBERTa WP – 110M 32,000 0.5193 0.0749 0.2793 0.2783 0.0262
RoBERTa(Ours) Mecab – 110M 32,000 0.4807 0.2537 0.4274 0.4087 0.0913
RoBERTa(Ours) Mecab – 155M 90,729 0.4928 0.2778 0.4402 0.4807 0.1608
DefVEx(Ours) Mecab no-filter 155M+ 90,729+ 0.4991 0.2703 0.4467 0.4398 0.1277
DefVEx-0.5(Ours) Mecab 0.5 155M+ 90,729+ 0.4991 0.2873 0.4503 0.4845 0.2083
DefVEx-0.1(Ours) Mecab 0.1 155M+ 90,729+ 0.4991 0.2931 0.4490 0.4870 0.2105

Table 2: Embedding downstream task performance comparison. Top-2 results are highlighted in bold and underline.

4.3 Quantitative evaluation377

To evaluate Definition-Learning, we first classify378

tokens in the test sentences. This procedure in-379

cludes: (1) tokenizing with MeCab, (2) identify-380

ing [UNK] tokens, and (3) checking whether each381

[UNK] token has a definition in the dictionary. The382

full process is described in Appendix F.383

Among the [UNK] tokens identified above, we384

handle only those that appear word-initially, such385

as a in A = a + ##b. In addition, we evaluate386

filtering strategies based on token frequency. We387

compute token frequencies per test set and apply388

filter ratios of 0.5 and 0.1. Tokens exceeding each389

threshold are excluded from Definition-Learning.390

Table 1 summarizes the final data statistics.391

We use a RoBERTa-base model with a WP tok-392

enizer, fine-tuned on Korean, as the baseline and393

report downstream results in Table 2. Switching to394

MeCab tokenizer results in -5.10% on KorSTS, but395

improves all other tasks: +370.90% on Casename,396

+157.78% on Casename+, +172.73% on Statute,397

and +613.74% on Statute+. These improvements398

persist even with the baseline model’s vocabulary399

size. The KorSTS performance drop is mainly due400

to the OOV frequency gap, with 19 [UNK] tokens401

for WP-based model versus 994 for the MeCab-402

based model. Because STS relies on the similar-403

ity score itself, it is more affected by semantic404

loss from [UNK] token substitutions than by differ-405

ences in tokenization quality. Notably, after apply-406

ing Definition-Learning, performance improves by407

+1.28% compared to the MeCab-based RoBERTa.408

We also find that applying a filtering yields sig- 409

nificantly better performance. Moreover, increas- 410

ing the number of filtered tokens produces a consis- 411

tent performance improvement across most tasks. 412

The filtered model improves by +5.51% on Case- 413

name, +2.29% on Casename+, +1.31% on Statute, 414

and +12.52% on Statute+ over the unfiltered model. 415

This suggests that for high-frequency tokens, it 416

may be more effective to intentionally leave them 417

as [UNK] token rather than assign explicit mean- 418

ings. When such tokens are replaced with mean- 419

ingful embeddings, they appear frequently in both 420

inputs and labels, and this pulls sentence represen- 421

tations toward a shared semantic direction. This 422

causes semantic flattening, making embeddings 423

more similar to each other and ultimately reducing 424

their discriminative power. In contrast, the out- 425

come may differ when high-frequency tokens are 426

left as [UNK] token. The [UNK] token is not an 427

empty or meaningless vector. Instead, it serves as 428

a fallback embedding that groups OOV terms to- 429

gether and learns from the contexts where rare or 430

unseen words occur. Although it lacks explicit lex- 431

ical meaning, [UNK] token functions as a compact 432

abstraction that signals the presence of a specific 433

but unidentified token. Thus, keeping some high- 434

frequency tokens as [UNK] token helps maintain 435

clearer distinctions between sentences. Our find- 436

ings align with previous research (Li et al., 2020; 437

Chen et al., 2025) showing that high-frequency or 438

overly common tokens can hinder sentence embed- 439

ding quality and downstream task performance. 440
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Figure 5: Token- and sentence-level scores from Multi-head Scorer, obtained by summing outputs across all 12
layers and normalizing the scores within each sentence and across the seven definition sentences for ‘사랑 (Love)’.

4.4 Qualitative Evaluation441

Definition-Learning aims to generate vocabulary442

token embedding by assigning higher weights to443

semantically important tokens in definition sen-444

tences. To validate this architecture, we visualized445

the scores from the Multi-head Scorer. As shown in446

Figure 5, key semantic tokens receive higher scores,447

a pattern observed not only for general nouns such448

as사랑 (Love) but also for domain-specific terms449

like종범 (Accomplice),피고인 (Defendant), and450

공권력 (State Authority). In the sentence weights451

of 사랑 (Love), sentences with weaker semantic452

relevance, such as those describing “이해 (under-453

stand) and 돕 (help)” or presenting a homonym454

definition, are assigned lower weights.455

Figure 6: Layer-level scores from Final Scorer. The first
score is 1 since there is no prior layer to aggregate from.

Figure 6 shows that the layer-level scores drop in456

the later layers for all sample words. Prior studies457

(Vulić et al., 2020; Tenney et al., 2019) have shown458

that lower layers retain more lexical and surface-459

form information, whereas upper layers gradually460

encode increasingly contextual semantics. This pat- 461

tern aligns with our model’s objective of recovering 462

static vocabulary embedding rather than producing 463

fully contextualized representations. Therefore, it 464

is appropriate to emphasize the lower layers and 465

reduce the contribution of the upper layers. 466

Figure 7: UMAP projection of vocabulary token embed-
dings using Definition-Learning across four domains.

Figure 7 presents a Uniform Manifold Approx- 467

imation and Projection (UMAP) (McInnes et al., 468

2018) visualization of new vocabulary token em- 469

beddings using Definition-Learning in two dimen- 470

sions. The tokens are grouped into four domains, 471

Emotion, Legal, Finance, and Biomedical, and each 472

domain forms a distinct cluster. This clustering 473
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pattern demonstrates that Definition-Learning pre-474

serves domain-level semantic structure even with-475

out explicit supervision.476

4.5 Abliation Study477

D/R P/L R/C KorSTS Casename Casename+ Statute Statute+
✓ ✓ ✓ 0.4991 0.2931 0.4503 0.4870 0.2105
✓ ✗ ✓ 0.5011 0.2906 0.4516 0.4410 0.1896
✗ ✗ ✗ 0.5007 0.2981 0.4542 0.4497 0.2009

Table 3: D/R, P/L, and R/C indicate the Reduce Di-
mension Layer, Projection Loss, and Dimension Recon-
struction, respectively. The reported score for each task
corresponds to the best-performing filter ratio, no-filter
for KorSTS, 0.5 for Casename+, and 0.1 for others.

In Table 3, removing Lprojection slightly improves478

KorSTS and Casename+, but substantially de-479

grades performance on all other tasks. This shows480

that the proposed Lprojection effectively preserves481

the structural and geometric information required482

for low-dimensional projection. In addition, re-483

moving dimensionality reduction shows minor im-484

provements in STS and classification, but clear485

degradation in retrieval tasks, with Statute scores486

even falling below the baseline. This indicates that487

removing dimension reduction weakens robustness,488

as unnecessary high-dimensional noise (Voita et al.,489

2019) interferes with downstream performance.490

P/N C/B KorSTS Casename Casename+ Statute Statute+
Ent Same 0.4991 0.2931 0.4503 0.4870 0.2105
Soft Same 0.4974 0.2890 0.4504 0.4907 0.2126
Ent Expand 0.4998 0.2930 0.4526 0.4522 0.1864

Table 4: P/N, and C/B, indicate the Probability Normal-
ization function, and Calibrator Layer, respectively. The
same task-wise filter ratios as in Table 3 are used.

Table 4 shows no notable differences between491

Entmax1.5 and Softmax. This implies that perfor-492

mance mainly depends on selecting informative493

tokens in the Definition Aggregator, whereas P/N494

has only a minor effect. In addition, the Calibra-495

tor Layer with a Transformer-style FFN expansion:496

H → 4H → H shows almost no change in STS497

and classification performance, but leads to clear498

degradation in retrieval tasks. This demonstrates499

that the Calibrator Layer is most effective when500

kept in the same dimension, as its role is to refine501

alignment with the original vocabulary embedding502

space rather than expand semantic capacity.503

We analyze the performance impact of replac-504

ing the MLP-based Scorer with a Set Transformer505

Scorer KorSTS Casename Casename+ Statute Statute+
MLP 0.4991 0.2931 0.4503 0.4870 0.2105

Attention 0.4921 0.2911 0.4483 0.4484 0.1747

Table 5: Comparison of MLP and attention-based Scorer.
The same task-wise filter ratios as in Table 3 are used.

(Lee et al., 2019)-style attention–based Scorer. The 506

detailed architecture of the attention-based Scorer 507

is provided in the Appendix G. In Table 5, the 508

attention-based Scorer shows lower performance 509

across all tasks compared to the MLP-based Scorer. 510

Dot-attention computes weights based on correla- 511

tions between input tokens, and the tokens used 512

during aggregation have already learned these cor- 513

relations via the backbone model’s self-attention 514

blocks. As a result, applying dot-attention again 515

during aggregation in the Definition Aggregator 516

introduces redundant computation rather than ex- 517

tracting additional useful information. In the sen- 518

tence and layer aggregation stages, the objective is 519

not to model input correlations but to assess each 520

input’s importance independently. Therefore, the 521

MLP-based Scorer achieves better performance by 522

treating each input as an independent feature. 523

5 Conclusion 524

In this paper, we propose a Definition-Learning 525

embedding framework with the MeCab morpho- 526

logical tokenizer. Through extensive quantitative 527

and qualitative analyses, we demonstrate that token 528

embeddings generated from definition sentences 529

naturally align with the existing vocabulary em- 530

bedding space and improve performance across 531

multiple embedding downstream tasks. We also 532

verified that the SLERP-based approximation and 533

the Multi-head Scorer play an essential role in to- 534

ken compression and operate effectively in practice. 535

These findings demonstrate that definition-based 536

token embedding inference provides a conceptu- 537

ally clearer alternative to subword processing and 538

is highly effective for neologisms, rare words, and 539

technical terminology across specialized domains. 540

Furthermore, Definition-Learning is independent 541

of tokenizer types and specific languages, and can 542

be applied to various tokenizers and languages. In 543

addition, during Definition-Learning training, the 544

backbone model remains frozen, so the method 545

can be applied directly to any model with a similar 546

attention-based backbone. 547
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Limitations548

In this work, we demonstrate the effectiveness of549

Definition-Learning as a tokenizer- and backbone-550

agnostic framework, and highlight the importance551

of adopting linguistically appropriate tokenizers552

tailored to each language. Building on these obser-553

vations, an interesting direction for future work is554

to extend the framework to a wider range of lan-555

guages by integrating language-specific tokenizers,556

as well as to explore its behavior across backbone557

models of different architectures and scales to fur-558

ther broaden empirical understanding.559

In addition, the combination of the MeCab tok-560

enizer and Definition-Learning offers a promising561

direction for handling subword fragments that ap-562

pear in later positions, such as ##b and ##c in A = a563

+ ##b + ##c. Such fragments typically lack intrinsic564

semantic meaning and do not have corresponding565

definition sentences, which makes them difficult566

to handle with conventional rule-based tokenizers567

trained on fixed segmentation rules. In contrast,568

the MeCab tokenizer allows these fragments to be569

treated as complete lexical units by enabling users570

to register compound words and prevent unneces-571

sary segmentation. This design choice suggests a572

potential pathway for reducing OOV occurrences573

and improving embedding quality by encouraging574

inference at the word level rather than over frag-575

mented subword representations.576
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Algorithm 1 Geodesic Distance Approximation on LayerNorm–Induced Hyperellipsoid

Require: Hidden states X ∈ RN×S×H , scale γ ∈ RH , shift β ∈ RH , number of segments n

(1) Map to Unit Hypersphere and Compute SLERP Coefficients

1: Xcenter ← X − β

2: U ← Xcenter/γ ▷ Project onto hypersphere

3: θij ← arccos
(

U⊤
i Uj

∥Ui∥ ∥Uj∥

)
4: {tk}nk=0 ← {0,

1
n , . . . , 1}

5: c1(tk)←
sin((1− tk)θij)

sin(θij)
, c2(tk)←

sin(tkθij)

sin(θij)
▷ SLERP interpolation coefficients

6: ∆c
(k)
1 ← c1(tk+1)− c1(tk), ∆c

(k)
2 ← c2(tk+1)− c2(tk) ▷ Segment-wise coefficient differences

(2) Prepare Ellipsoid Metric Terms

7: s1 ← ∥Xcenter,i∥2, s2 ← ∥Xcenter,j∥2, s12 ← X⊤
center,iXcenter,j

(3) Piecewise Ellipsoid Geodesic Approximation

8: ∆p(k) ←
√
(∆c

(k)
1 )2s1 + (∆c

(k)
2 )2s2 + 2∆c

(k)
1 ∆c

(k)
2 s12

return Dij ←
∑n−1

k=0 ∆p(k)

A Projection Loss756

Motivated by the fact that the final outputs of the757

backbone encoder layers are normalized by Layer758

Normalization, we propose a loss function based759

on an approximate geodesic distance. As derived760

in Equations (6)–(8), Layer Normalization places761

embedding vectors on a hyper-ellipsoid, which can762

be interpreted as a shifted hypersphere of radius763 √
H with axis-wise scaling γ and a mean shift β.764

x̂i = LayerNorm(xi) = γ ⊙ xi − µi√
σ2
i + ϵ

+ β (6)765

µi =
1

H

H∑
k=1

xik, σ2
i =

1

H

H∑
k=1

(xik − µi)
2 (7)766

∥∥∥∥xi − µi

σi

∥∥∥∥2 = 1

σ2
i

H∑
k=1

(xik − µi)
2 = H (8)767

where xi ∈ RH is the input token representation,768

x̂i ∈ RH is its normalized output, ⊙ is element-769

wise multiplication, γ, β ∈ RH are the learnable770

scale and shift parameters of LayerNorm.771

Based on this observation, we first map the vec- 772

tors onto the unit hypersphere, compute the spheri- 773

cal angle θ between them, and then approximate the 774

geodesic distance using a SLERP-based segmented 775

integral method, as summarized in Algorithm 1). 776

B Projection Loss Relative Error 777

The relative approximation error between the exact 778

and SLERP-based geodesic distances is derived in 779

Equations (9)–(13). As shown in Figure 8, the er- 780

ror remains small across the entire range θ ∈ [0, π]. 781

782

For two points on a hypersphere of radius R with 783

angular separation θ, the exact geodesic distance is 784

dgeo = Rθ (9) 785

Using n-segment SLERP interpolation, the approx- 786

imated geodesic distance is 787

d̂geo = 2R · n sin

(
θ

2n

)
(10) 788
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Thus, the relative approximation error is789

ϵ(θ, n) =

∣∣∣∣∣1− d̂geo
dgeo

∣∣∣∣∣
=

∣∣∣∣1− 2n sin(θ/2n)

θ

∣∣∣∣
(11)790

By substituting x = θ
2n , the relative error term can791

be rewritten in a compact form as792

ϵ(θ, n) =

∣∣∣∣1− 2n sin(θ/2n)

θ

∣∣∣∣
=

∣∣∣∣1− sinx

x

∣∣∣∣ (12)793

Since the geodesic on the scaled ellipsoid is ob-794

tained by applying the axis-wise scaling factor γ to795

the spherical geodesic, the relative approximation796

error on the ellipsoid can be closely approximated797

by the spherical case:798

ϵellipsoid(θ, n) ≈ ϵsphere(θ, n) (13)799

Figure 8: Relative approximation error between the
exact geodesic distance and its SLERP-based n-segment
interpolation on a hypersphere, expressed as 1− sin x

x

where x = θ
2n . As shown, the error remains very small

(below 0.1%) across the full angular range θ ∈ [0, π].

C Dataset 800

Purpose Dataset Type Size

Backbone
Ko-wiki corpus 2, 877, 800

Training

Definition- Standard
definition sentences 25, 746

Learning Korean Dictionary

Evaluation
LCUBE

casename train 8,000
casename test 2,294

casename+ train 22,494
casename+ test 4,790

statute test 814
statute+ test 2,137

KorSTS Sentence pair 1,379

Table 6: Datasets used for backbone training, Definition-
Learning, and evaluation.

Table 6 shows the detailed statistics of all datasets. 801

First, we use the Ko-wiki (lovit, 2021) train corpus 802

to learn morpheme-level linguistic representations 803

and contextual structures for the RoBERTa back- 804

bone model. We randomly hold out 10% of the 805

data for validation. Second, Definition-Learning is 806

trained on definition sentences from the Standard 807

Korean Dictionary5. This contains the largest num- 808

ber of Korean definition sentences and is produced 809

by a national institution, making it more reliable 810

than other sources. Among all definition data, we 811

select data that already exist in the backbone vo- 812

cabulary if a word does not exist in the vocabulary, 813

we cannot make a label of it. Also, we randomly 814

hold out 10% of the data for validation. Third, to 815

evaluate the downstream task performance of the 816

DefVEx model using Definition-Learning, we use 817

the LCUBE (Hwang et al., 2022) dataset, which 818

includes classification and retrieval tasks in the le- 819

gal domain. Prior studies (Tang and Yang, 2024; 820

Hwang et al., 2025) have emphasized that evalu- 821

ating embeddings in specialized domains requires 822

domain-specific datasets written in the original lan- 823

guage rather than translated ones. LCUBE satisfies 824

these requirements, as it is built from official Ko- 825

rean legal documents with domain-specific termi- 826

nology. In addition to domain-specific evaluation, 827

we evaluate the KorSTS (Ham et al., 2020) bench- 828

mark, which contains sentence pairs originally writ- 829

ten in Korean and is widely used to assess Korean 830

sentence embedding models. 831

5https://stdict.korean.go.kr/main/main.do.
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Loss Term KorSTS Casename Casename+ Statute Statute+
DefVEx 0.4991 0.2931 0.4503 0.4870 0.2105
Lnorm =

(
∥ê∥ − ∥e∥

)2 0.4912 0.2911 0.4483 0.4484 0.1747
w/o LInfoNCE 0.4839 0.2861 0.4455 0.4186 0.1736

Table 7: Performance comparison of LEA, showing the effect of the magnitude term Lnorm and removing LInfoNCE.

D Training Settings832

D.1 Backbone RoBERTa model training setup833

We follow the same backbone architecture and834

training setup as the original RoBERTa-base model.835

The backbone consists of 12 Transformer encoder836

layers, a maximum sequence length of 512, and a837

hidden size of 768. We use the GeLU activation838

function, LayerNorm with ϵ = 1 × 10−12, and a839

dropout rate of 0.1. For optimization, we use the840

AdamW optimizer with a weight decay of 0.01.841

The learning rate is set to 1× 10−4, using a linear842

learning-rate schedule with a warm-up ratio of 0.1.843

To stabilize training, we employ mixed-precision844

training (AMP) (Micikevicius et al., 2017), apply845

gradient clipping with a max-norm of 1.0, and ini-846

tialize all weights from a truncated normal distribu-847

tion with mean 0.0 and standard deviation 0.02.848

For pretraining, we use the dynamic MLM objec-849

tive with cross-entropy loss. The masking ratio is850

15%, following the original RoBERTa setup: 80%851

of selected tokens are replaced with [MASK], 10%852

with a random token, and 10% remain unchanged.853

We train the model for 50 epochs on a single RTX854

4090 GPU. Due to VRAM limitations, we use gra-855

dient accumulation. Each forward pass processes a856

batch of 16 samples, and 16 accumulation steps are857

combined into a single backward pass, resulting858

in the same effective batch size of 256 as used in859

RoBERTa.860

D.2 Definition-Learning training setup861

For Definition-Learning training, we adopt the862

same optimization setup as in backbone pre-863

training, except that AMP is disabled. The Def-864

inition Aggregator uses four inference heads. The865

ϵ used in the loss computation is set to 1 × 10−6.866

To stabilize training, we reuse the same gradient-867

accumulation strategy adopted in backbone training868

and set the accumulation steps to 128, resulting in869

an effective batch size of 128. Because definition870

learning uses a base batch size of 1, the number871

of definition sentences N for a single target word872

replaces the conventional batch dimension used in873

RoBERTa pretraining. Training is performed for874

20 epochs on a single RTX Pro 6000, and early 875

stopping is applied when the validation loss con- 876

verges. In addition, the projection components of 877

the Definition Aggregator module are frozen after 2 878

epochs, as these layers converge sufficiently early. 879

Epoch Hard-negatives Soft-negatives Positive τ

0 0 2047

1

0.15
1 4 2043 0.12
2 8 2039 0.10
3 12 2035 0.08

4∼ 16 2031 0.07

Table 8: Schedule of hard/soft negatives and tempera-
ture τ during Definition-Learning training.

To construct contrastive training batches, we use 880

a total of 2,048 examples per step, consisting of 881

hard negatives, soft negatives, and one positive 882

example. The positive example is the label token 883

embedding corresponding to the input definition 884

sentences. Hard negatives are selected as the top-k 885

most similar vectors to the label embedding based 886

on cosine similarity. In contrast, soft negatives 887

are randomly sampled at each step from the top 888

10,000 most similar candidates. The number of 889

hard negatives and the temperature parameter τ are 890

scheduled over the epochs to allow the model to 891

begin with easier discrimination and progressively 892

adapt to more challenging contrastive distinctions. 893

The detailed schedule is summarized in Table 8 894

D.3 Ablation Study on Terms LEA 895

We use the following loss weights during training: 896

LEA = λnorm ·Lnorm+λcos ·Lcos+λnce ·LInfoNCE 897

(λnorm = 0.05, λcos = 0.5, λnce = 1.0) 898

Table 7 reports an ablation study of each compo- 899

nent in the LEA. As discussed earlier, the vocabu- 900

lary embedding space is not magnitude-normalized, 901

which motivates the inclusion of the magnitude 902

alignment term to prevent inferred embeddings 903

from having mismatched magnitudes. The variant 904

shown in the table penalizes all norm differences, 905

whereas the original formulation only penalizes 906

cases where the absolute difference exceeds 0.05. 907

Including small norm differences below this thresh- 908
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사랑 (Love) 종범 (Accomplice) 피고인 (Defendant) 공권력 (State Authority)
token cos-sim token cos-sim token cos-sim token cos-sim
가족

0.3804
범죄

0.4818
피의자

0.4700
권력

0.3890
(family) (crime) (suspect) (authority)
마음

0.3730
범인

0.4158
항소심

0.4045
사법권

0.3884
(heart) (offender) (appellate trial) (judicial power)
청춘

0.3620
피의자

0.3956
무죄

0.3965
권리

0.3718
(youth) (suspect) (innocence) (right)
교제

0.3577
공범

0.3952
증인

0.3955
헌법

0.3640
(dating) (accomplice) (witness) (constitution)
매력

0.3560
살인법

0.3747
##소송

0.3947
행정권

0.3633
(attractiveness) (homicide law) (##litigation) (administrative power)

Table 9: Top-5 nearest tokens and their cosine similarities for each embedding inferred using Definition-Learning.

old degrades performance, as it over-regularizes909

embeddings that are already well aligned in magni-910

tude and suppresses task-relevant variation. More-911

over, performance degrades even when small norm912

differences are penalized under the already small913

weight λnorm = 0.05, suggesting that increasing914

this weight would further over-regularize the em-915

bedding space and is therefore undesirable. In ad-916

dition, excluding the contrastive term LInfoNCE con-917

sistently reduces performance, suggesting that con-918

trastive supervision is crucial to preserve discrim-919

inability among semantically similar neighbors in920

a dense embedding space. First, we fix λnce to921

1.0 and select the weight of λcos by progressively922

decreasing it while evaluating downstream task per-923

formance. Overall, these results highlight that the924

combined loss formulation is necessary to achieve925

stable and well-aligned vocabulary expansion.926

E Performance Analysis of DefiNNet,927

DefBERT and Definition-Learning928

nouns verbs

Dataset Model sim sim

Testw2v

Additive 0.25 (±0.17) 0.29 (±0.19)

Head 0.26 (±0.21) 0.29 (±0.25)

DefiNNet 0.39 (±0.18) 0.46 (±0.14)

TestBERT

DefBERTHead 0.46 (±0.13) 0.41 (±0.14)

DefBERT[CLS] 0.32 (±0.08) 0.30 (±0.09)

BERTHead-Example 0.41 (±0.12) 0.39 (±0.12)

Testw2v∩BERT

DefBERTHead 0.47 (±0.13) 0.42 (±0.15)

DefBERT[CLS] 0.28 (±0.09) 0.30 (±0.09)

DefiNNet 0.33 (±0.13) 0.47 (±0.13)

Table 10: Cosine similarity results between original
word embeddings and embeddings inferred from defi-
nition sentences, as reported in (Ruzzetti et al., 2022),
for DefiNNet and DefBERT. The test sets consist of
words from the Word2Vec and BERT vocabularies, with
evaluations reported separately for nouns and verbs.

Ruzzetti et al. (2022) evaluated embeddings in- 929

ferred from definition sentences by measuring co- 930

sine similarity with label embeddings, as shown 931

in Table 10. Both DefiNNet and DefBERT in- 932

fer vocabulary token embeddings by identifying 933

head tokens through structural analysis of defini- 934

tion sentences. For DefiNNet, the inferred embed- 935

ding is obtained by passing the head token em- 936

bedding through a two-layer MLP. As baselines, 937

DefiNNet compares its predictions against two vari- 938

ants: (1) Additive, which sums the embeddings 939

of the head token without an MLP, and (2) Head, 940

which directly uses the head token embedding. For 941

DefBERT, the definition sentence is encoded us- 942

ing BERT, and the contextual embedding of the 943

head token is used as the inferred embedding. Its 944

baselines include DefBERT[CLS], which uses the 945

[CLS] token embedding instead of the head token, 946

and BERTHead-Example, which uses the head token 947

embedding extracted from an example sentence. 948

As shown in Table 9, the cosine similarity be- 949

tween embeddings inferred via Definition-Learning 950

and their nearest tokens ranges from 0.38 ∼ 0.48, 951

which is comparable to DefiNNet and DefBERT. 952

This observation indicates that cosine similarity 953

alone is insufficient to determine whether an em- 954

bedding is truly inferred from the definition of a 955

specific word or merely represents a vector located 956

in a similar region of the embedding space. 957

F Token Classification Procedure 958

The token classification procedure consists of three 959

steps: (1) tokenizing each input sentence using 960

MeCab, (2) identifying [UNK] tokens, and (3) 961

checking whether each [UNK] token has a defi- 962

nition in the dictionary. The complete procedure is 963

detailed in Algorithm 2. Based on this procedure, 964

tokens labeled as the fst unk token in dict are 965

added to the vocabulary using Definition-Learning. 966
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Algorithm 2 Token type filtering algorithm

1: Input: Test dataset D, MeCab tokenizer T , Backbone vocabulary V , Definition dictionary Ddict

2: for each sentence s ∈ D do
3: Split s into word-level units W = {w1, w2, . . . , wn} based on whitespace

(1) Tokenizing with MeCab tokenizer
4: for each word w ∈W do
5: Tokenize using MeCab: T (w) = {t0, t1, . . . , tk}
6: Define t0 as fst token and {t1, . . . , tk} as snd token

(2) [UNK] token filtering
7: if t0 /∈ V then
8: add t0 to fst unk token

9: end if

10: for each tj ∈ {t1, . . . , tk} do
11: if tj /∈ V then
12: add tj to snd unk token

13: end if
14: end for

(3) Dictionary filtering
15: for each token u ∈ fst unk token ∪ snd unk token do
16: if u ∈ Ddict then
17: label as in dict
18: else
19: label as no dict
20: end if
21: end for
22: end for
23: end for
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Figure 9: Overview of the token compression mecha-
nism used in Set Transformer.

The Set Transformer (Lee et al., 2019)-style at-968

tention–based Scorer is described in 9. In this ar- 969

chitecture, the input vectors serve as the Keys and 970

Values of a multi-head attention block, while inde- 971

pendently learned Query vectors determine which 972

elements should be emphasized. Depending on the 973

number of Queries, the model can compress the in- 974

put set into a single vector or multiple vectors The 975

attention outputs are subsequently passed through 976

an MLP layer followed by mean pooling to produce 977

the token- and sentence-aggregated representation. 978

Through this process, a [H ′]-dimensional vector is 979

produced at each of the N layers, and final layer 980

aggregation is generated using a [1, H ′] Query vec- 981

tor with the same attention-based Scorer before the 982

Dimension Reconstruction stage. 983

15


	Introduction
	Related Work
	Tokenizers and Embedding Models
	Embedding Models for Expert Domains

	Method
	Model Overview
	Definition Aggregator
	Dimension Reconstruction and Alignment
	Training Objective

	Experiments
	Dataset
	Experiments Settings
	Quantitative evaluation
	Qualitative Evaluation
	Abliation Study

	Conclusion
	Projection Loss
	Projection Loss Relative Error
	Dataset
	Training Settings
	Backbone RoBERTa model training setup
	Definition-Learning training setup
	Ablation Study on Terms LEA

	Performance Analysis of DefiNNet, DefBERT and Definition-Learning
	Token Classification Procedure
	Attention-Based Scorer

