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Abstract001

Metaphor is pervasive in everyday language,002
yet token-level identification of metaphor-003
related words in Chinese under the MIPVU004
framework remains under-explored relative to005
English. We present a reproducible multi-006
architecture baseline for token-level metaphor007
identification on the PSU Chinese Metaphor008
Corpus (PSU CMC), comparing three model009
families: (i) encoder fine-tuning with Chi-010
nese RoBERTa-wwm-ext-large; (ii) MelBERT011
adapted to Chinese using a newly constructed012
basic-meaning resource derived from the Mod-013
ern Chinese Dictionary, 7th edition (MCD7,014
74,823 entries with 71.51% PSU CMC vocabu-015
lary coverage); and (iii) Qwen3.5-9B fine-tuned016
with QLoRA as an instruction-tuned generative017
baseline. Across five fixed seeds, MelBERT018
MIP-only achieves the strongest performance019
at 0.7281 ± 0.0050 test positive F1, marginally020
above the full three-channel MelBERT and021
clearly above plain RoBERTa, while the Qwen022
QLoRA configuration trails encoder baselines023
by approximately 11 F1 points, with the gap024
concentrated in recall. Our findings suggest025
that the SPV channel of MelBERT contributes026
little reliable signal for predominantly conven-027
tional Chinese metaphor, and that the precision-028
favoring asymmetry of generative LLMs invites029
a hybrid encoder-filter / LLM-booster design.030
Split manifests, per-seed outputs, the MCD7031
basic-meaning embedding pipeline, and train-032
ing scripts will be released with the camera-033
ready version.034

1 Introduction035

Metaphor is pervasive in everyday language (Steen036

et al., 2010), and its computational identifica-037

tion is a long-standing problem with applications038

in sentiment analysis, machine translation, dis-039

course understanding, and language education. The040

Metaphor Identification Procedure (MIP) (Prag-041

glejaz Group, 2007) and its operationalization042

MIPVU (Steen et al., 2010) provide the dominant043

linguistic protocol for token-level metaphor anno- 044

tation: each lexical unit is judged metaphor-related 045

if its contextual meaning differs from, but can be 046

understood by comparison with, a more concrete 047

or basic meaning. 048

For English, MIPVU has driven a substantial 049

research program. Successive systems—from 050

biLSTM-CRF taggers to Transformer-based se- 051

quence labelers—have been evaluated on the VU 052

Amsterdam Metaphor Corpus and TOEFL es- 053

says (Mao et al., 2019; Su et al., 2020; Gong 054

et al., 2020), and the most influential recent ar- 055

chitecture, MelBERT (Choi et al., 2021), explicitly 056

grounds its design in MIP and Selectional Prefer- 057

ence Violation theory. For Chinese, by contrast, 058

the picture is markedly thinner. Lu and Wang 059

(2017) introduced the PSU Chinese Metaphor Cor- 060

pus (PSU CMC), the only widely available token- 061

level MIPVU-annotated Chinese corpus, and yet 062

PSU CMC has remained an under-evaluated bench- 063

mark: modern encoder fine-tuning, MelBERT-style 064

lexical fusion, and instruction-tuned LLMs have 065

not been systematically compared on it under a 066

shared seed protocol. 067

This paper addresses that gap. We treat the 068

question pragmatically: what does a careful, 069

reproducible baseline for token-level metaphor 070

identification on PSU CMC look like in 2026? 071

Concretely, we compare three model families 072

that span the methodological space: (i) stan- 073

dard encoder fine-tuning with Chinese RoBERTa- 074

wwm-ext-large (Cui et al., 2021); (ii) MelBERT 075

adapted to Chinese, requiring a Chinese basic- 076

meaning resource that does not yet exist in 077

open form; and (iii) Qwen3.5-9B fine-tuned with 078

QLoRA (Dettmers et al., 2023; Hu et al., 2022) as 079

an instruction-tuned generative baseline. 080

The MelBERT adaptation requires resolving a re- 081

source gap. The original MelBERT relies on Word- 082

Net first-sense glosses to supply each token’s basic 083

meaning. No analogous open Chinese resource 084
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exists. We therefore construct a basic-meaning085

resource derived from the Modern Chinese Dic-086

tionary, 7th edition (MCD7), comprising 74,823087

entries with parseable basic meanings encoded as088

1024-dimensional vectors, with 71.51% coverage089

of PSU CMC vocabulary. This resource is itself a090

contribution of the paper; the derived artifacts (em-091

beddings, mappings, pipeline) will be licensed for092

research use, while the original copyrighted gloss093

text is not redistributed.094

Across five fixed seeds, the strongest configura-095

tion we evaluate is MelBERT MIP-only (i.e., Mel-096

BERT with the SPV channel removed), at 0.7281±097

0.0050 test positive F1. This is marginally above098

the full three-channel MelBERT (0.7270±0.0069)099

and clearly above plain RoBERTa fine-tuning100

(0.7142±0.0121). Qwen3.5-9B with QLoRA trails101

the encoder-based baselines by roughly 11 absolute102

F1 points (0.6157± 0.0113), with the gap concen-103

trated in recall and amplified on the fiction register.104

We discuss the underlying causes in Section 5.105

Our contributions are threefold: a reproducible106

multi-architecture baseline on PSU CMC with five-107

seed runs across four configurations; a Chinese108

MIP basic-meaning resource derived from MCD7,109

enabling MelBERT-style lexical fusion in Chinese110

for the first time; and empirical findings on Chinese111

metaphor identification, including the unexpectedly112

competitive MelBERT MIP-only ablation and the113

precision-favoring asymmetry of QLoRA-adapted114

generative LLMs.115

2 Related Work116

We situate our work along three axes: the MIPVU117

annotation framework and its Chinese adaptation118

(§2.1), computational methods for metaphor iden-119

tification (§2.2), and lexical resources for basic-120

meaning representation (§2.3).121

2.1 MIPVU and Token-level Metaphor122

Resources123

The Metaphor Identification Procedure (MIP) was124

introduced by the Pragglejaz Group (Pragglejaz125

Group, 2007) as a reproducible inter-annotator pro-126

tocol for tagging metaphor-related words in run-127

ning text. Steen et al. (2010) extended it into128

MIPVU, which adds explicit treatment of indi-129

rect metaphor, direct metaphor, and borderline130

cases, and was applied to construct the VU Am-131

sterdam Metaphor Corpus, the canonical English132

MIPVU-annotated benchmark. For Chinese, Lu133

and Wang (2017) adapted MIPVU to Mandarin 134

and constructed the PSU Chinese Metaphor Cor- 135

pus (PSU CMC) by sampling documents from the 136

Lancaster Corpus of Mandarin Chinese (McEnery 137

and Xiao, 2004); PSU CMC is the corpus we use 138

in this paper. 139

Other Chinese metaphor corpora have been 140

released, but they target different tasks and an- 141

notation schemes. CMC (Li et al., 2023) pro- 142

vides sentence-level metaphor labels with a heavy 143

positive-class skew (∼91% positive), making it 144

a metaphor-rich classification benchmark rather 145

than a representative running-text identification 146

benchmark. CMDAG (Shao et al., 2024) annotates 147

metaphor with grounds (rationales) for metaphor 148

generation. Neither aligns directly with MIPVU’s 149

token-level identification task on naturally dis- 150

tributed text, so we do not evaluate cross-corpus 151

transfer in this paper. 152

Wang et al. (2019) adapted the MIPVU pro- 153

tocol specifically for Chinese in a chapter of the 154

multi-language MIPVU volume (Wang et al., 2019; 155

Nacey et al., 2019), documenting challenges includ- 156

ing word segmentation ambiguity, grammaticalized 157

prepositions, and compound-internal metaphor. 158

Their adapted protocol defines Chinese-specific 159

metaphor flag (MFlag) words, including pre-source 160

and post-source markers that signal direct metaphor 161

but are themselves not annotated as metaphor- 162

related in PSU CMC. 163

2.2 Metaphor Identification Methods 164

Computational approaches to token-level metaphor 165

identification have evolved through three over- 166

lapping waves. Sequence-tagging neural models, 167

beginning with biLSTM-CRF and ELMo-based 168

architectures (Mao et al., 2019), treat metaphor 169

identification as a standard tagging task and were 170

the dominant paradigm prior to the widespread 171

use of pretrained Transformer encoders. The in- 172

troduction of BERT (Devlin et al., 2019) and 173

RoBERTa (Liu et al., 2019) reshaped the field: 174

DeepMet (Su et al., 2020) won the 2020 VUA 175

Metaphor Detection Shared Task using a reading- 176

comprehension formulation over RoBERTa with 177

linguistic features; IlliniMet (Gong et al., 2020) 178

combined RoBERTa with WordNet, VerbNet, POS, 179

and concreteness features. MelBERT (Choi et al., 180

2021) departed from this “RoBERTa-plus-features” 181

paradigm by encoding two metaphor-theoretic in- 182

ductive biases (MIP and SPV) directly into its archi- 183

tecture. MelBERT remains the strongest published 184
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BERT-family approach we adapt; its dependence185

on a basic-meaning resource is what motivates our186

MCD7 construction.187

Instruction-tuned large language models remain188

less settled for token-level MIPVU identifica-189

tion because generation must commit to discrete190

metaphor labels without a calibrated probability191

head. Our Qwen3.5-9B with QLoRA experiments192

test this paradigm in Chinese against MIPVU en-193

coder baselines.194

For Chinese specifically, Zhang et al. (2021)195

proposed SaGE, a syntax-aware GCN with196

ELECTRA model achieving 85.22% macro-F1197

on the CCL2018 Chinese metaphor evaluation198

dataset (Zhang et al., 2021). However, CCL2018199

is a sentence-level three-class task (verb metaphor200

/ noun metaphor / literal), fundamentally different201

from PSU CMC’s token-level binary identification202

under MIPVU. No prior work has reported encoder203

fine-tuning, MelBERT-style lexical fusion, or sys-204

tematic LLM comparison on PSU CMC.205

In the LLM prompting paradigm, Huang and206

Liu (2026) reported a GPT-4-based, interpretable207

MIPVU rule-script framework on PSU CMC in208

an arXiv preprint (Huang and Liu, 2026). Fuoli209

et al. (2025) systematically compared prompt en-210

gineering, retrieval-augmented generation (RAG),211

and fine-tuning for English metaphor identifica-212

tion, and reported strongest performance for the213

fine-tuned setting (Fuoli et al., 2025). Our work ex-214

tends this prompt-versus-fine-tune comparison to215

the Chinese MIPVU setting, where we additionally216

include encoder baselines that the LLM literature217

has not compared against.218

2.3 Lexical Resources for Basic Meaning219

MelBERT-style lexical fusion requires per-token220

basic-meaning representations. For English, this221

role is filled by WordNet first-sense glosses, which222

are open-licensed and computationally accessible.223

For Chinese, the lexical-resource situation is het-224

erogeneous: HowNet, Chinese WordNet, and BCC225

have been used for various Chinese NLP tasks,226

but each has limitations as a MelBERT substrate—227

HowNet’s sememe representation does not align228

with MIPVU’s notion of basic meaning, Chinese229

WordNet has sparser coverage than its English230

counterpart, and BCC is a corpus rather than a231

lexicon. We therefore construct a basic-meaning re-232

source directly from MCD7, the most widely cited233

authoritative reference dictionary of modern Chi-234

nese, with full extraction and encoding pipelines to235

be released after review. 236

3 Method 237

This section describes the evaluation corpus and 238

its split protocol (§3.1–3.2), the basic-meaning 239

resource we construct for MelBERT adaptation 240

(§3.3), the three model configurations under com- 241

parison (§3.4), and the shared training and evalua- 242

tion protocol (§3.5). 243

3.1 PSU Chinese Metaphor Corpus 244

The PSU Chinese Metaphor Corpus (PSU CMC) 245

(Lu and Wang, 2017) is a multi-register Chinese 246

corpus annotated with token-level metaphor labels 247

following the Metaphor Identification Procedure 248

VU (MIPVU) (Steen et al., 2010). The text is sam- 249

pled from the Lancaster Corpus of Mandarin Chi- 250

nese (LCMC) (McEnery and Xiao, 2004), a one- 251

million-word balanced corpus of written Mandarin, 252

from which Lu and Wang (2017) drew 75 docu- 253

ments covering three registers: academic prose, 254

fiction, and news. 255

Each lexical unit is assigned a binary metaphor 256

flag based on the contextual-vs-basic meaning con- 257

trast central to MIPVU. As shown in Table 1, the 258

corpus contains 1,724 sentences and 35,746 to- 259

kens, of which 3,272 tokens (9.16%) are labeled as 260

metaphor-related words. Metaphor density varies 261

markedly across registers, ranging from 6.36% in 262

news to 13.67% in academic. 263

3.2 Data Split 264

We adopt a file-level 70/10/20 train/dev/test split 265

with seed 42, ensuring that no document appears 266

in more than one partition. Sentence-level splits, 267

common in earlier metaphor identification work, 268

can leak document-level cues since adjacent sen- 269

tences from the same source share register, topic, 270

and stylistic conventions, leading to optimistic esti- 271

mates of generalization. 272

The resulting split contains 1,182 train, 198 273

dev, and 344 test sentences (from 52, 8, and 15 274

documents respectively; see Table 1). The split 275

manifest—i.e., the document IDs assigned to each 276

partition—will be released as part of our repro- 277

ducibility package after review, and all experiments 278

throughout this paper use this split without modifi- 279

cation. 280
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(a) RoBERTa
他 心里 燃烧 着 怒火

他 心里 燃烧 着 怒火

RoBERTa-wwm-ext-large
24-layer encoder

h_i linear
head p_met

燃烧

(b) MelBERT + MCD7

tokens

RoBERTa context
reps

MCD7
74,823 entries

71.51% coverage
basic
vector

OOV -> 0

MIP

SPV

Fusion

3 BCE
losses

* best

(c) Qwen3.5-9B + QLoRA
Prompt:

identify metaphors
output JSON

Qwen3.5-9B
4-bit, frozen

Q K V O

LoRA r=16
Q,K,V,O

{"metaphors":
["燃烧"]}

JSON
parser

token
labels

Figure 1: Architectures of the three model families compared in this work. (a) RoBERTa-wwm-ext-large with a
linear token-classification head. (b) MelBERT extends the same encoder with two metaphor-theoretic channels
(MIP and SPV) plus a fusion head; the MIP channel consumes basic-meaning vectors looked up from our MCD7-
derived resource (74,823 entries, 71.51% PSU CMC coverage), with a zero-vector fallback for OOV tokens. (c)
Qwen3.5-9B with QLoRA adapters on the four attention projection matrices, framed as JSON-generation followed
by deterministic parsing. The example sentence ta xinli ranshao zhe nuhuo (‘anger burned in his heart’) contains a
conventional metaphor on ranshao (‘burn’).

Table 1: PSU CMC dataset statistics by register and split.

Subset #Docs #Sentences #Tokens #Metaphor %Metaphor

Academic 30 487 11735 1604 13.67
News 25 528 12027 765 6.36
Fiction 20 709 11984 903 7.54
Total 75 1724 35746 3272 9.15

Train 52 1182 24887 2254 9.06
Dev 8 198 4227 356 8.42
Test 15 344 6632 662 9.98

3.3 Modern Chinese Dictionary281

Basic-Meaning Resource282

A central component of the MelBERT architec-283

ture (Section 3.4.2) is the basic meaning of each284

lexical unit—the most concrete or primary sense,285

used as the contrastive anchor in the MIP chan-286

nel. The original MelBERT formulation for En-287

glish uses WordNet first-sense glosses (Choi et al.,288

2021). For Chinese, no equivalent open lexical289

resource exists. We therefore construct one from290

the Modern Chinese Dictionary, 7th edition (Dic-291

tionary Editorial Office, Institute of Linguistics,292

Chinese Academy of Social Sciences, 2016), here-293

after MCD7—the authoritative Chinese-language294

reference dictionary maintained by the Institute of295

Linguistics, Chinese Academy of Social Sciences,296

and published by the Commercial Press.297

3.3.1 Construction Pipeline 298

We derive the resource from MCD7 in five stages: 299

(1) format extraction from the source MDX, yield- 300

ing 74,823 raw entries; (2) sense parsing of each 301

entry’s definitions; (3) basic-meaning selection, tak- 302

ing the most concrete or primary sense per MIPVU 303

principles, with a fallback to the full headword def- 304

inition for unparseable entries; (4) cross-reference 305

resolution, recursively following ‘see’ / ‘same as’ 306

redirects with circular-reference detection; and (5) 307

embedding encoding, mapping each basic-meaning 308

text to a 1024-dimensional vector via the Chinese 309

RoBERTa-wwm-ext-large [CLS] representation. 310

Detailed cross-reference resolution statistics are 311

reported in Appendix A. The result is a one-to- 312

one mapping from dictionary headwords to basic- 313

meaning vectors, consumed directly by the Mel- 314

BERT MIP channel (Section 3.4.2). 315
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3.3.2 Statistics and Coverage316

The dictionary contains 74,823 entries; 99.33%317

have parseable basic-meaning text (the remaining318

0.67% retain only the headword as fallback). Of319

these entries, 60,075 (80.29%) are single-sense and320

14,748 (19.71%) are multi-sense (10,859 with two321

senses, 3,889 with three or more), with a mean of322

1.31 and a maximum of 24 senses per entry. Cover-323

age of the PSU CMC vocabulary is 71.51%—that324

is, 5,094 of 7,123 unique tokens in PSU CMC have325

a corresponding dictionary entry. The remaining326

28.49% of PSU CMC tokens fall outside the dic-327

tionary, primarily proper nouns, register-specific328

compounds, and rare expressions. These tokens329

receive a zero-vector fallback at MelBERT input,330

marked via an out-of-vocabulary mask.331

3.3.3 Use in MelBERT and Limitations332

For each input token, MelBERT looks up its dic-333

tionary entry and uses the encoded basic-meaning334

vector as the input to its MIP channel. We use335

only the first sense per entry, following the original336

MelBERT design. This means the 19.71% of multi-337

sense entries are underutilized; richer integration338

of the full sense inventory is a natural extension we339

discuss in Section 5.340

3.3.4 License and Release341

The Modern Chinese Dictionary is copyrighted by342

the Commercial Press; we therefore do not redis-343

tribute the original gloss text. After review, we344

will release: (a) the per-entry 1024-dimensional345

embedding vectors derived from the basic-meaning346

text; (b) entry token-to-index mappings; and (c)347

the full extraction and encoding pipeline as scripts.348

Users wishing to reproduce or extend the resource349

must obtain the dictionary independently. Artifacts350

(a)–(c) will be distributed under MIT license (code)351

and CC BY 4.0 (derived data) for research use.352

3.4 Model Architectures353

Figure 1 summarizes the three architectures. We354

compare three model families that span the cur-355

rent methodological space for token-level metaphor356

identification.357

3.4.1 RoBERTa-wwm-ext-large (Encoder358

Fine-tuning)359

Our first baseline is standard token-classification360

fine-tuning of Chinese RoBERTa-wwm-ext-361

large (Cui et al., 2021), a 24-layer Transformer362

encoder with whole-word-masking pre-training363

on Chinese Wikipedia and EXT data. We add a 364

linear classification head on top of each token’s 365

final hidden state, producing a binary metaphor 366

probability per token. Training uses standard 367

cross-entropy loss; no auxiliary signals or external 368

resources are involved. 369

3.4.2 MelBERT 370

Architecture. MelBERT (Choi et al., 2021) ex- 371

tends an encoder backbone with two parallel chan- 372

nels grounded in metaphor identification theory: 373

(1) the Metaphor Identification Procedure (MIP) 374

channel contrasts each token’s contextualized rep- 375

resentation against its basic-meaning vector (Sec- 376

tion 3.3); (2) the Selectional Preference Violation 377

(SPV) channel contrasts the token’s local context 378

with the token’s contextualized representation, flag- 379

ging selectional anomalies. Both channels feed 380

into independent classification heads, and a third 381

fusion head combines them. The training loss is a 382

weighted sum of three binary cross-entropy losses 383

(one per head). 384

Chinese adaptation. We use the same Chinese 385

RoBERTa-wwm-ext-large backbone as in Sec- 386

tion 3.4.1 and replace the WordNet-based basic- 387

meaning embeddings of the original English Mel- 388

BERT with our MCD7-derived embeddings (Sec- 389

tion 3.3). Tokens not in MCD7 receive a zero- 390

vector fallback marked via an out-of-vocabulary 391

mask. 392

Channel ablations. In addition to the standard 393

three-channel Full configuration, we evaluate two 394

ablations: MIP-only (SPV channel and fusion 395

head removed; loss is single-channel binary cross- 396

entropy) and SPV-only (mirror ablation). 397

3.4.3 Qwen3.5-9B with QLoRA 398

(Instruction-tuned Generation) 399

Backbone. Our third model is Qwen3.5-9B, 400

a 9-billion-parameter instruction-tuned language 401

model. Unlike RoBERTa and MelBERT, Qwen 402

treats metaphor identification as a generation task: 403

given a sentence as prompt, the model generates a 404

structured output identifying metaphor positions, 405

which we then parse deterministically. 406

Parameter-efficient adaptation. We use 407

QLoRA (Dettmers et al., 2023), which combines 408

4-bit NF4 quantization of the frozen backbone 409

with low-rank adapter training (Hu et al., 2022). 410

Adapters are inserted into the four attention 411

projection matrices (query, key, value, output) 412
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with rank r = 16 and scaling factor α = 32. This413

reduces trainable parameters to under 1% of the414

full model while keeping the backbone in 4-bit415

precision (peak GPU memory: 15.3 GB on a single416

RTX 5090).417

Task formulations. The choice of how to encode418

token-level metaphor identification as a generation419

task is non-trivial. We systematically compare six420

task formulations (Q1–Q8 in Table 3), spanning421

classification-style and generation-style designs:422

• Classification-style: token-level head over hid-423

den states (Q1), and BIO-tagged span prediction424

(Q4).425

• Generation-style: free-form JSON listing426

metaphor tokens (Q2), QA-style natural language427

(Q6), and structured generation with token-id428

constraints (Q8 v1/v2).429

Q2 (Generative JSON Extraction) emerged as the430

strongest formulation in single-seed experiments431

(Table 3); we adopt it for the 5-seed main compari-432

son reported in Section 4.1.433

3.5 Training and Evaluation Protocol434

All experiments run on a single NVIDIA RTX 5090435

(32 GB VRAM), with Qwen3.5-9B loaded in 4-bit436

NF4 quantization and bf16 compute.437

For each main model (RoBERTa, MelBERT Full,438

MelBERT MIP-only, and Qwen Q2), we run train-439

ing and evaluation across five fixed seeds: {42, 123,440

2024, 7, 31415}. The seed list is fixed in advance441

and released alongside our code after review, so442

all multi-seed numbers in this paper correspond443

to the same seed set across architectures. We re-444

port mean±std with population standard deviation445

(ddof = 0) throughout, matching the convention446

used in our internal aggregation scripts.447

Table 4 summarizes the final training config-448

urations. RoBERTa and MelBERT both use the449

Chinese RoBERTa-wwm-ext-large backbone with450

learning rate 5×10−5, effective batch size 16, up451

to 10 epochs, and maximum sequence length 256.452

Qwen Q2 uses learning rate 2×10−4, effective batch453

size 16 (batch 1 with gradient accumulation 16), up454

to 3 epochs, and maximum sequence length 1024 to455

accommodate the prompt-plus-response generative456

format. The Qwen configuration is the one verified457

against per-seed train_summary.json files;458

an early planning document contained inaccurate459

values, which we do not adopt.460

For all models, training uses early stopping461

with patience 3 (for RoBERTa and MelBERT)462

or patience 2 (for Qwen) on dev-set monitoring. 463

RoBERTa and MelBERT monitor dev positive- 464

class F1 directly; Qwen Q2 monitors dev cross- 465

entropy loss, since per-batch dev F1 was not logged 466

during training. 467

We report positive-class F1 (denoted Test pos- 468

F1) as the primary metric. PSU CMC is heav- 469

ily class-imbalanced (9.16% positive at the token 470

level), so macro F1 is dominated by the trivial 471

negative-class score and inflates absolute numbers 472

without reflecting metaphor identification quality. 473

We report macro F1 alongside positive F1 for com- 474

pleteness, but all comparisons in this paper, in- 475

cluding the register-level breakdowns, use positive- 476

class F1. 477

For the Qwen generative configuration, predic- 478

tions are obtained by deterministic JSON parsing 479

of the model’s output. Tokens listed in the parsed 480

JSON receive a positive label; all others receive a 481

negative label. Failures of JSON parsing (e.g., mal- 482

formed brackets) are counted as a separate parse 483

failure rate; in practice this rate is below 0.3% 484

across all 5 Qwen seeds and does not materially 485

affect F1. 486

Per-register F1 is computed by partitioning the 487

test set into the three registers (academic, news, fic- 488

tion) and computing positive-class F1 within each 489

subset. Register subsets share the same gold labels 490

and are non-overlapping. All metric aggregation 491

uses ddof = 0 across seeds. 492

4 Experiments 493

We first report the main cross-architecture compar- 494

ison (§4.1), per-register performance (§4.2), and 495

Qwen task-form comparison (§4.3). We discuss the 496

Qwen precision–recall asymmetry in Appendix C. 497

4.1 Main Comparison 498

Table 2 reports five-seed test performance for 499

RoBERTa, MelBERT (Full and MIP-only), and 500

Qwen3.5-9B with QLoRA. MelBERT MIP-only 501

is the strongest and most stable configuration, 502

while Qwen Q2 trails the encoder baselines chiefly 503

through lower recall despite comparable precision. 504

The Full–MIP-only gap is within one standard de- 505

viation, so we do not claim statistical superiority 506

for MIP-only; we instead treat the consistency of 507

the pattern across seeds and metrics as evidence 508

that the SPV channel does not contribute reliably 509

positive signal in our setting. 510

The competitive performance of MIP-only mer- 511
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Table 2: Test set performance of four model configurations on PSU CMC, reported as mean ± standard deviation
over 5 seeds (population std, ddof = 0).

Model Test pos-F1 Macro F1 Precision Recall

RoBERTa-large 0.7142± 0.0121 0.8421± 0.0062 0.7536± 0.0206 0.6807± 0.0367
MelBERT (full) 0.7270± 0.0069 0.8490± 0.0036 0.7568± 0.0158 0.7003± 0.0211
MelBERT (MIP-only) 0.7281± 0.0050 0.8496± 0.0026 0.7572± 0.0193 0.7021± 0.0205
Qwen3.5-9B (Q2) 0.6157± 0.0113 0.7889± 0.0057 0.6963± 0.0103 0.5526± 0.0235

its further examination. The original MelBERT512

paper (Choi et al., 2021) motivates the SPV chan-513

nel as complementary to MIP, but on PSU CMC514

we observe the opposite trend from English VUA:515

MIP-only matches or slightly exceeds the Full con-516

figuration on every aggregate metric (Table 2), with517

notably lower seed variance.518

We discuss two non-exclusive explanations for519

this pattern in Section 5.520

4.2 Per-Register Breakdown521

Figure 2 visualizes positive F1 separately for the522

three registers in PSU CMC. Across all four config-523

urations, academic prose is the easiest register, fol-524

lowed by news, with fiction the hardest. The order-525

ing is consistent with metaphor density: academic526

prose has the highest metaphor density (13.67%,527

see Table 1) while fiction has only 7.54% and fea-528

tures more novel, context-dependent metaphor.529

The cross-architecture pattern is preserved530

within each register: MelBERT MIP-only and Full531

are essentially tied on academic (0.7532± 0.0048532

vs. 0.7538±0.0084) and news (0.7357±0.0143 vs.533

0.7327± 0.0068), with MIP-only modestly ahead534

on fiction (0.6725± 0.0271 vs. 0.6694± 0.0237).535

Notably, fiction is also where seed variance is536

largest for every model (Qwen reaches σ = 0.0378537

on fiction versus 0.0055 on academic), and where538

Qwen’s gap to the encoders is most severe (roughly539

−0.13 absolute pos-F1 versus MelBERT MIP-only540

on fiction, versus −0.09 on academic).541

Fiction’s lower performance and higher vari-542

ance reflect its lower metaphor density (7.54%,543

Table 1) and its more novel, context-dependent544

metaphors compared to conventionalized academic545

prose. For Qwen specifically, seed 7 collapses on546

fiction (0.4702 vs. a non-seed-7 mean of 0.5600),547

producing the outlier visible in Figure 3.548

4.3 Qwen Task-Form Comparison549

Before the five-seed comparison, we screened six550

task formulations for Qwen3.5-9B in single-seed551

experiments (see Appendix B). Generative JSON552

extraction (Q2) was the strongest at 0.6275 test pos- 553

itive F1, and we adopt it for the main comparison; 554

no formulation reached the encoder baseline. The 555

two weakest formulations fail for format-design 556

rather than model-capacity reasons: BIO span tag- 557

ging (Q4) collapses on Chinese metaphor’s pre- 558

dominantly single-token spans, and structured gen- 559

eration under a 256-token limit (Q8 v1) collapses 560

from supervision-token truncation, recovering once 561

the limit is raised. Full per-formulation results and 562

the failure analysis are given in Appendix B. 563

5 Discussion 564

5.1 Why MIP-only matches Full MelBERT 565

The three-channel ablation gives Full 0.7270 ± 566

0.0069, MIP-only 0.7281± 0.0050, and SPV-only 567

0.7206 ± 0.0064: the standalone SPV channel is 568

the weakest, while MIP alone matches or slightly 569

exceeds the fused configuration with notably lower 570

seed variance (−28%). We offer two non-exclusive 571

explanations. 572

First, conventional metaphor dominance. A 573

substantial fraction of metaphor in Chinese running 574

text is conventional rather than novel: the metaphor- 575

ical sense is well-established in the lexicon. For 576

such cases the contextual-vs-basic-meaning con- 577

trast (MIP) remains informative, but the metaphor- 578

context pairing is too frequent to look anomalous to 579

SPV. Second, optimization noise from the three- 580

way loss. Reducing three heads to one halves 581

competing objectives, and the observed variance 582

reduction is consistent with a less-noisy optimiza- 583

tion landscape independent of any linguistic claim 584

about SPV’s signal value. 585

5.2 The Qwen–encoder gap is a recall 586

problem 587

Qwen Q2 trails the encoder baselines by approx- 588

imately 11 absolute F1 points, but the gap is con- 589

centrated in recall (0.5526 ± 0.0235) rather than 590

precision (0.6963±0.0103). Two structural causes 591

are likely. Generative output forces a discrete 592
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Figure 2: Per-register positive F1 across the four model configurations on PSU CMC test set. Bars show 5-seed
means; error bars represent ±1σ (population std). Registers ordered by MelBERT (MIP-only) F1, descending.

commitment per token with no calibrated proba-593

bility gradient: tokens whose metaphor status is594

genuinely ambiguous are dropped rather than in-595

cluded with low confidence. QLoRA further mod-596

ifies only the four attention projection matrices597

and may underfit a fine-grained token-level signal598

compared to a dense classification head trained on599

full-rank hidden states. The combination—hard600

discrete decision plus low-rank adaptation—biases601

Qwen toward the precision-favoring regime we ob-602

serve. This pattern suggests a natural hybrid: a603

high-precision encoder filter paired with an LLM604

recall booster, which we leave to future work.605

5.3 Reproducibility and artifacts606

For review, artifact links are anonymized. After re-607

view, we will release: (a) the file-level train/dev/test608

split manifest (Section 3.2); (b) per-seed check-609

points, evaluation outputs, and aggregated metrics610

for all four model configurations; (c) the MCD7611

dictionary basic-meaning embedding pipeline and612

the derived embeddings under the licensing terms613

in Section 3.3.4; and (d) all training and aggrega-614

tion scripts. We expect future systems to compare615

against the configurations and seed protocol re-616

ported here, rather than against informal estimates617

from the literature.618

6 Conclusion619

We presented a reproducible multi-architecture620

baseline for token-level Chinese metaphor iden-621

tification on PSU CMC, comparing encoder fine-622

tuning, MelBERT with a newly constructed MCD7623

basic-meaning resource, and Qwen3.5-9B with 624

QLoRA. MelBERT MIP-only is the strongest 625

configuration at 0.7281 ± 0.0050 test positive 626

F1. Natural extensions include multi-sense Mel- 627

BERT integration exploiting the 19.71% multi- 628

sense MCD7 entries, metaphor-aware domain- 629

adaptive pre-training as a shared ceiling for the 630

encoder baselines, and the encoder-filter plus LLM- 631

booster hybrid suggested by the precision–recall 632

asymmetry of Section 5. We hope these baselines, 633

configurations, and review-anonymized artifacts 634

provide a useful reference point for future work on 635

Chinese metaphor identification. 636
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Limitations637

Several limitations are worth flagging explicitly.638

First, our MelBERT implementation uses only the639

first sense per dictionary entry (Section 3.3.3). The640

19.71% of multi-sense entries in MCD7 are un-641

derutilized; richer sense-aware integration, such642

as attention-weighted multi-sense aggregation, is a643

natural follow-up. Second, our Qwen Q2 configura-644

tion was selected by single-seed task-form compari-645

son (Section 4.3); a more thorough hyperparameter646

search across the better-performing formulations647

could narrow the gap to encoder baselines, though648

we do not expect it to close. Third, dev-set early-649

stopping for Qwen used cross-entropy loss rather650

than dev positive F1 (Section 3.5), a logging artifact651

rather than a methodological choice; future runs652

should monitor dev positive F1 directly. Fourth, we653

evaluate only on PSU CMC test; cross-corpus gen-654

eralization, for example to CMC (Li et al., 2023) or655

CMDAG (Shao et al., 2024), is left for future work,656

particularly because those corpora use different an-657

notation schemes and are not directly comparable.658
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A MCD7 Construction Details773

In the cross-reference resolution stage, 5,947 en-774

tries (7.95%) contain reference indicators (e.g., jian775

‘see’, tong ‘same as’, cankan ‘cf.’) that redirect to776

other entries. We recursively resolve these refer-777

ences with a maximum depth of 5 and circular-778

reference detection. Of the 5,947 referencing en-779

tries, 4,861 (81.74%) resolve successfully; 1,081780

fail due to missing target entries, and 5 form cycles.781

B Qwen Task-Formulation Comparison782

We previously reported (Table 3, single-seed) that783

Q2 generative JSON extraction is the strongest of784

six task formulations we tried for Qwen3.5-9B.785

Two findings are robust across formulations:786

1. No Qwen formulation reaches encoder-787

baseline performance. Even Q2 (0.6275) is788

approximately 0.087 below RoBERTa’s mean789

(0.7142). The next-strongest formulation,790

Q1 token-level classification (0.5680 baseline;791

0.5808 best after ablation), is about 0.13 below792

RoBERTa.793

2. Generation-style formulations dominate794

classification-style ones at the top of the795

ranking, but the two paradigms are not796

strictly ordered. Q2 (generation) outperforms797

Q1 (classification) by 0.060, but Q1 in turn798

outperforms Q8 v2 (generation, longer context).799

The poorest two formulations are Q4 (BIO span,800

classification) and Q8 v1 (structured generation801

with truncated supervision).802

Two failure modes are worth highlighting for803

their generalizability.804

• Q4 (BIO Span) achieves 0.4049 overall F1 but805

F1 = 0 on the I-tag class. Chinese metaphors806

are predominantly single-token at the lexical-807

unit granularity used by PSU CMC; multi-token808

metaphor spans (which BIO tagging is designed809

to handle) are rare, and the I-tag head learns to810

predict near-zero probability everywhere.811

• Q8 v1 (max length 256) collapses to F1 ≈ 0,812

while Q8 v2 (max length 512) recovers to 0.5299.813

The cause is supervision-token truncation: in Q8814

v1, the model output is frequently cut off before815

the relevant tokens are generated.816

C Qwen Precision–Recall Analysis817

The Qwen Q2 generative configuration is roughly818

11 absolute F1 points below the encoder baselines819

on PSU CMC test (Table 2). Crucially, this gap820

is concentrated in recall (0.5526± 0.0235) rather821

than precision (0.6963± 0.0103): Qwen tends to 822

be conservative in flagging metaphor, missing bor- 823

derline cases that the encoder baselines catch. 824

Two structural causes are likely. First, generative 825

output forces a discrete commitment per token (the 826

token either appears in the generated JSON list or 827

it does not), with no calibrated probability gradient 828

as in classification heads. Tokens whose metaphor 829

status is genuinely ambiguous are systematically 830

dropped rather than included with low confidence. 831

Second, the QLoRA low-rank adaptation modifies 832

only the four attention projection matrices and may 833

underfit a fine-grained token-level signal compared 834

to a dense classification head trained on top of 835

full-rank hidden states. The combination—a hard 836

discrete decision plus low-rank adaptation—biases 837

Qwen toward the precision-favoring regime we ob- 838

serve. 839

D Per-Seed Results 840

Figure 3 shows per-seed test positive F1 for the 841

four model configurations. 842

E Hyperparameter Configurations 843

Table 4 lists the final training hyperparameters for 844

all model configurations. 845
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Table 3: Test positive F1 of six Qwen3.5-9B + QLoRA task formulations on PSU CMC test set, single seed (=42).

Task Form Type Test pos-F1 Notes

Q2: Generative JSON Generation 0.6275 best
Q1: Token CLS Classification 0.5680 wd=0.01 best
Q8 v2: Structured Gen (max_len=512) Generation 0.5299 after fix
Q6: QA-style Generation 0.4915 short prompt
Q4: BIO Span Classification 0.4049 I-label F1=0
Q8 v1: Structured (max_len=256) Generation 0.0090 failed

RoBERTa-large MelBERT (Full) MelBERT (MIP-only) Qwen3.5-9B

0.60

0.62

0.64

0.66

0.68

0.70

0.72

0.74

Po
si

tiv
e 

F1

seed=7

Figure 3: Per-seed test positive F1 for the four model configurations. Each point is one seed; box plots show median,
IQR, and range across the 5 seeds. Qwen seed 7 is highlighted as a fiction-register outlier.

Table 4: Hyperparameters for the four model configurations.

Model Backbone LR Batch (eff.) Epochs Max Length Other

RoBERTa hfl/chinese-roberta-wwm-
ext-large

5e-5 16 10 256 early_stop_patience=3

MelBERT hfl/chinese-roberta-wwm-
ext-large

5e-5 16 10 256 full: MIP+SPV;
early_stop_patience=3

Qwen Q2 Qwen3.5-9B 2e-4 1x16=16 3 1024 QLoRA qkvo,
warmup=0.03

Qwen Q1 Qwen3.5-9B 1e-4 2x8=16 5 256 Token CLS, wd=0.01 best
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