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Abstract

Metaphors in natural language are a reflection001
of fundamental cognitive processes such as002
analogical reasoning and categorisation, and003
are deeply rooted in everyday communication.004
Metaphor understanding is therefore an essen-005
tial task for large language models (LLMs). We006
release the Metaphor Understanding Challenge007
Dataset (MUNCH), designed to evaluate the008
metaphor understanding capabilities of LLMs.009
The dataset provides over 10k paraphrases for010
sentences containing metaphor use, as well011
as 1.5k instances containing inapt paraphrases.012
The inapt paraphrases were carefully selected013
to serve as control to determine whether the014
model indeed performs full metaphor interpre-015
tation or rather resorts to lexical similarity. All016
apt and inapt paraphrases were manually anno-017
tated. The metaphorical sentences cover natu-018
ral metaphor uses across 4 genres (academic,019
news, fiction, and conversation), and they ex-020
hibit different levels of novelty. Experiments021
with LLaMA and GPT-3.5 demonstrate that022
MUNCH presents a challenging task for LLMs.023

1 Introduction024

Large language models (LLMs), such as BERT025

(Devlin et al., 2019), GPT-3 (Brown et al., 2020)026

and LLaMA (Touvron et al., 2023), have become a027

common paradigm in natural language processing028

(NLP). Several benchmarks have been proposed029

to investigate the capabilities of LLMs (Srivastava,030

2022; Liang et al., 2022; Hendrycks et al., 2021);031

and comprehensive analyses have been conducted,032

evaluating their performance on a range of NLU033

tasks (Zhong et al., 2023; Qin et al., 2023; Kocoń034

et al., 2023; Ye et al., 2023; Bang et al., 2023). The035

community has extensively examined LLM per-036

formance on question answering, summarisation,037

sentiment analysis, natural language inference; a038

few studies have also shed light on LLMs’ analog-039

ical reasoning capabilities (Czinczoll et al., 2022;040

Webb et al., 2023). However, the ability of LLMs to041

Mark's promotions and 
progress up the company 
*ladder*.

No golden light *bathed* 
the red brick of the house.

hierarchy, payroll covered, enveloped, 
illuminated, immersed, 
reached

hierarchy vs steps covered vs cleaned

Figure 1: MUNCH dataset samples. Each
metaphor sample has a ∗highlighted∗ word that is

metaphorically used, and is accompanied by up to
5 crowdsourced paraphrases : Substituting the high-
lighted word with one of the provided words should
result in an apt paraphrase. For a selection of metaphor
samples, we also provide expert annotation : a pair of
correct and incorrect substitution words.

comprehend metaphor—a fundamental linguistic 042

and cognitive tool—is still poorly understood. 043

Metaphors are linguistic expressions based on 044

conceptual mappings between a target and a source 045

domain (Lakoff and Johnson, 1980). The verb 046

phrase to stir excitement, for example, is based on 047

the conceptual metaphor FEELING IS LIQUID, with 048

FEELING (excitement) being the target domain and 049

LIQUID (something that can be stirred) the source 050

domain. The metaphor compares FEELING with 051

LIQUID, introducing vividness into the description 052

of an otherwise intangible emotional impact. Such 053

cross-domain mappings are sets of systematic on- 054

tological correspondences, mapping concepts and 055

their relational structure across distinct domains. 056

Performing this mapping is an essential part of rea- 057

soning involved in the interpretation of metaphor- 058

ical language (Lakoff, 2014; Grady et al., 1999; 059

Gentner and Markman, 1997). 060

Humans use metaphors so naturally and fre- 061

quently that they largely fly under our radar. In 062

one of the largest metaphor corpora annotated 063

by linguists, the VU Amsterdam Metaphor Cor- 064

pus (VUA; Steen et al., 2010b), every 8th word 065
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Figure 2: Two tasks for MUNCH: Given a sen-
tence containing a metaphorically used word, a model
is prompted to 1) select correct paraphrases from
two given candidates (Paraphrase Judgement), and 2)
paraphrase the sentence by replacing the highlighted
metaphorically used word (Paraphrase Generation).

is metaphorical, as averaged over four differ-066

ent genres, including academic and conversation.067

LLMs, therefore, require the ability to comprehend068

metaphor in order to have a full command of lan-069

guage. As such, metaphor understanding is an es-070

sential task for evaluating the capabilities of LLMs.071

Several corpora have been created that contain072

metaphor annotations at either word or sentence073

level. These include the VUA corpus (Steen et al.,074

2010b), the LCC metaphor datasets (Mohler et al.,075

2016) and the metaphor-emotion dataset of Moham-076

mad et al. (2016), among others. These datasets077

have been widely used to develop and evaluate au-078

tomated metaphor identification systems (see Tong079

et al. (2021) for a survey), but they do not con-080

tain information of how the annotated metaphors081

are interpreted. On the other hand, several works082

developed datasets with a focus on interpretation,083

typically casting the problem as a paraphrasing task084

(Shutova, 2010; Bizzoni and Lappin, 2018; Joseph085

et al., 2023). Yet, those datasets were often small086

in scale (containing 200–1000 instances) and were087

not designed to test the reasoning process by which088

a metaphor is interpreted, which remains an open089

question.090

This paper presents a novel Metaphor Under-091

standing Challenge Dataset for LLMs (MUNCH).092

It provides over 10k paraphrases for metaphorical093

sentences and 1.5k triples of a metaphorical sen-094

tence and two candidate paraphrases, which could095

be apt or inapt (for dataset examples see Figure 1;096

for statistics see Appendix A). The metaphorical097

sentences were extracted from VUA texts, spanning098

four genres (academic, news, fiction, and conver-099

sation) and featuring metaphors at different levels100

of novelty. Each metaphorical sentence contains a101

content word that is marked as metaphorically used.102

A candidate paraphrase replaces the metaphorical 103

word with another word, so that the resulting sen- 104

tence is the same as the reference sentence except 105

for that one word, therefore representing a lexical 106

substitution task. An apt paraphrase shows correct 107

contextual interpretation of the metaphor while an 108

inapt paraphrase uses a word that is related to a 109

literal, source domain sense of the metaphorical 110

word (see the examples of correct and incorrect 111

substitution words in Figure 1). Such a setup of the 112

task is inspired by the conceptual metaphor theory 113

(Lakoff and Johnson, 1980) and allows us to inves- 114

tigate whether the model performs full metaphor 115

interpretation by cross-domain mapping or rather 116

resorts to more shallow lexical similarity. In order 117

to investigate this in a more controlled fashion, we 118

opted for a lexical substitution task. Specifically, 119

we test whether the model consistently chooses the 120

correct target domain paraphrase (therefore, fully 121

interpreting the metaphor) or rather bases its de- 122

cisions on lexical similarity and chooses the inapt 123

paraphrase that is similar in meaning to the literal 124

use of the metaphorical word. 125

We set up a fill-in-the-blank task to crowdsource 126

apt paraphrases, and manually selected the best 127

paraphrases using expert knowledge. We also 128

manually created inapt paraphrases from WordNet 129

synsets, so that the apt and inapt paraphrases reflect 130

the target and source domains of the metaphors re- 131

spectively. Specifically, the inapt paraphrases are 132

synonyms or hypernyms associated with the word’s 133

literal use (the source domain). 134

Using this dataset, we tested the metaphor un- 135

derstanding capabilities of LLaMA-13B, 30B, and 136

GPT-3.5 zero-shot in two tasks: paraphrase judge- 137

ment and paraphrase generation, as illustrated in 138

Figure 2.1 Our results show that both tasks are chal- 139

lenging for the models. In particular, the models are 140

prone to confuse the target and source domains of 141

the metaphors, as they often fail to distinguish the 142

inapt paraphrases from the apt paraphrases or ref- 143

erence sentences. Our experiments also reveal that 144

LLMs’ metaphor understanding capabilities are as- 145

sociated with genre, metaphor novelty, and POS of 146

the metaphorical word. The MUNCH tasks thus 147

allow us to gain insight into how LLMs process 148

metaphors as well as how this remarkable ability 149

can be improved in the future. 150

1The dataset and the code will be released on GitHub and
will be freely accessible.
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2 Related work151

Steen et al. (2010b) created VUA, which marks out152

metaphor-related words (MRWs) in a 4-million-153

word subset of the British National Corpus. MRWs154

are lexical units implicative of underlying cross-155

domain mappings; they can be directly or indirectly156

used, depending on their contextual meaning. Con-157

sider the sentence “A small five-year-old perched158

like a mosquito on the beginners’ pony”. The noun159

mosquito is a direct metaphor, as it literally means160

mosquito (the source domain) in this context. The161

verb perched is an indirect metaphor, because it162

has a more basic usage, as in “A pair of glasses163

were perched on the bridge of his nose”.164

VUA has been widely used in studies on au-165

tomated metaphor detection (Leong et al., 2018,166

2020; Choi et al., 2021; Zhang and Liu, 2022;167

Li et al., 2023). However, the corpus does not168

specify the conceptual metaphors indicated by the169

MRWs or provide annotation for interpreting the170

metaphors. The corpus is not directly applicable to171

automated metaphor interpretation.172

Shutova (2010) defined automated metaphor173

interpretation as a paraphrasing task: Given a174

metaphorical expression where a word is marked175

as metaphorically used, the model should replace176

this word with another word to render a literal para-177

phrase of the expression. For example, the verb178

phrase stir excitement, where stir is used metaphori-179

cally, should be paraphrased as provoke excitement.180

Bizzoni and Lappin (2018) created a Metaphor181

Paraphrase Evaluation Corpus (MPEC), which pro-182

vides correct and incorrect paraphrases for ∼200183

short sentences containing metaphor use; para-184

phrases could greatly differ from the reference sen-185

tences. Joseph et al. (2023) created the NewsMet186

dataset, which consists of 1k verbal metaphors in187

news headlines as well as their literal equivalents;188

incorrect paraphrases are not provided.189

Several recent studies approached metaphor un-190

derstanding as an inference task. The IMPLI191

dataset (Stowe et al., 2022) includes entailed and192

non-entailed sentences for ∼900 metaphorical sen-193

tences. The FLUTE dataset (Chakrabarty et al.,194

2022b) provides entailment and contradiction pairs195

for 1500 metaphorical sentences (including 750196

similes). Fine-tuned transformer-based models197

reached > 0.8 accuracies in these 2 studies in pre-198

dicting the class of a given sentence pair.199

Recent studies also employed multiple-choice200

and generative tasks to assess LLMs’ ability to rea-201

son with metaphorical language. The MiQA bench- 202

mark (Coms, a et al., 2022) uses such tasks to test 203

whether models can distinguish metaphorical and 204

literal uses of the same words; 150 conventional 205

metaphors are involved. The Fig-QA task (Liu 206

et al., 2022) includes 10k similes (a type of direct 207

metaphor) and requires models to distinguish a pair 208

of metaphors of opposite meanings. Chakrabarty 209

et al. (2022a) examined LLMs’ figurative language 210

understanding by asking them to generate text after 211

encountering an idiom or simile. 212

The MUNCH dataset provides 3k samples of 213

indirect metaphors, 10k correct paraphrases, and 214

1.5k incorrect paraphrases. It is therefore one of 215

the largest datasets for paraphrasing of indirect 216

metaphors. The candidate paraphrases are also 217

systematically different from the ones in previ- 218

ous datasets, as we tailored the dataset for test- 219

ing LLMs’ understanding of metaphors as cross- 220

domain mappings and correctly capturing the un- 221

derlying relational structures. We summarise differ- 222

ences between MUNCH and previous datasets and 223

provide more details for the latter in Appendix A. 224

3 Data collection: metaphor samples 225

The metaphor samples in our dataset were selected 226

from the publicly available metaphor corpus VUA. 227

Each metaphor sample is a sentence containing 228

a highlighted MRW, the metaphorical word to be 229

interpreted; a paraphrase uses a single word to sub- 230

stitute the metaphorical word. We use two criteria 231

for selecting metaphorical sentences: novelty of 232

the metaphor and possibility of single-word substi- 233

tution. We explicate our selection process below. 234

The novelty criterion. We employed novelty 235

scores from Do Dinh et al. (2018) to increase 236

the proportion of novel metaphors in our dataset. 237

Scores range from -1 to 1. VUA contains a 238

large proportion of conventional metaphors: The 239

metaphorical use of the word can be found in a dic- 240

tionary of contemporary language use (Steen et al., 241

2010a). As LLMs might have encountered enough 242

data for such conventional metaphor uses during 243

pre-training, the understanding of such metaphors 244

should be relatively easy. To render a more chal- 245

lenging dataset, we excluded MRWs with novelty 246

scores below -0.3. Metaphors with a novelty score 247

higher than -0.3 could still be conventional: The 248

crowd workers who provided the novelty annota- 249

tions in Do Dinh et al. (2018) relied on their intu- 250

ition instead of a dictionary like Steen et al. (2010a). 251
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And metaphorical uses included in dictionaries may252

still be considered novel by lay people. We chose253

-0.3 as the threshold in order to collect a large and254

diverse dataset as a starting point.255

The single-word criterion. To ensure that the256

metaphorical sentences can be paraphrased via257

single-word substitution, we excluded MRWs that258

are marked as direct metaphors, as well as a por-259

tion of indirect metaphors. Directly used MRWs260

usually occur in a sequence, such as “I knew the261

pathway like the back of my hand”. They are thus262

not suitable for single-word substitution. Also, the263

direct metaphor back of my hand refers literally264

to the back of the speaker’s hand—its contextual265

meaning is directly associated with the source do-266

main. This is contrary to our task setup, where apt267

paraphrases (contextual meaning) should be asso-268

ciated with target domains. We therefore opted to269

focus on indirect metaphors in this study.270

Within the category of indirect metaphors, we fil-271

tered out new-formations, consecutive MRWs, and272

proper names. New-formations are words that do273

not have an entry in dictionary, so VUA annotated274

the parts that do have corresponding entries. For275

example, in the phrase a rose-tinted vision of the276

world, the word rose-tinted was a new-formation;277

so rose and tinted are marked as separate MRWs278

in VUA and received their separate novelty scores.279

We filtered these out because a single metaphori-280

cal word should have a single novelty score (rose-281

tinted has two), yet it is hard to paraphrase rose or282

tinted instead of rose-tinted altogether.283

Likewise, we excluded cases where multiple con-284

tent words marked as indirect metaphors occur con-285

secutively, such as take place, long road home,286

great leap forward. These often involve fixed ex-287

pressions or phrases that either should be replaced288

as a whole or should not be marked as consecutive289

indirect metaphors. We also excluded metaphorical290

words that are part of a proper name, which, like291

fixed expressions, need to be treated as a whole.292

For example, the proper name Nord Stream would293

lose its meaning if one changed the metaphorical294

word stream into another word.295

4 Annotation of apt paraphrases296

Crowdsourcing task. We constructed a fill-in-297

the-blank task to crowdsource (apt) paraphrases for298

the metaphorical sentences. Each task included 30299

sentences to be paraphrased, so that the task can be300

finished within 30 minutes. Under each sentence,301

the workers were presented with a copy of the sen- 302

tence where the metaphorical word is replaced with 303

a blank; they were asked to fill the blank with a sin- 304

gle word so that the new sentence is a semantically 305

and grammatically apt paraphrase of the reference 306

sentence. If they were not able to paraphrase the 307

sentence, they were asked to explain why it was 308

difficult. Examples of good and bad answers were 309

provided in the instructions (see Appendix B). 310

The workers were recruited via Prolific2. We 311

set prescreening criteria to only include adult (age 312

> 18) native English speakers who were living 313

in an English-speaking country and did not have 314

any language-related disorders. The workers were 315

asked to confirm within the task that they met these 316

criteria. After giving consent to participate and 317

reading the instructions, they were also required 318

to correctly paraphrase a trial sentence in order to 319

access the task. More details (worker’s consent, the 320

trial sentence) are given in Appendix B. 321

We released 99 tasks in total and collected 5 data 322

points for each of the 2970 reference sentences. 323

We received single-word substitutions for 2953 sen- 324

tences (the other 17 are presented and explained 325

in Appendix B), and 61% of them got repeated 326

answers—multiple workers submit the same para- 327

phrase despite the question being open-ended. This 328

confirms the reliability of our task. 329

Expert validation. For a selection of the refer- 330

ence sentences for which we later annotated inapt 331

paraphrases (Section 5), we further validated the 332

crowdsourced paraphrases to determine the best 333

paraphrase for creating the triples (one metaphor 334

sample, two candidate paraphrases). 335

We used both majority vote and expert knowl- 336

edge to find one best paraphrase for each reference 337

sentence. For each sentence, we first sorted the col- 338

lected single-word substitutions from the most to 339

the least popular (in terms of how many participants 340

proposed that substitution). The apt paraphrase that 341

was proposed by the highest number of participants 342

was verified by the authors and selected as the best 343

paraphrase for that reference sentence. 344

When multiple apt paraphrases have the same 345

number of votes, we chose the one that is clearly 346

within the target domain—that is, the paraphrase 347

clearly shows that the metaphorical word is inter- 348

preted in its contextual sense. For instance, we 349

received 5 different single-word substitutions for 350

the metaphorical word attack in the sentence “. . . he 351

2https://www.prolific.co/
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has become involved in a row over his attack on352

the “Pharisees” of British society”. These are re-353

marks, views, offense, incursion, and disagreement,354

each proposed by a single participant. All of them355

can be considered apt paraphrases. We chose re-356

marks because it clearly shows the metaphorical357

word attack is interpreted in the ARGUMENT do-358

main. The meaning of offense and disagreement are359

more abstract and could involve other conceptual360

domains; the paraphrases that replace attack with361

views and incursion respectively are still metaphor-362

ical, as view can be associated with VISION and363

incursion, like the metaphorical word itself, is still364

in the domain of BATTLE. These four are thus less365

preferable with regard to the purpose of our dataset.366

While we managed to find one best paraphrase367

for most reference sentences, there are 45 for which368

we selected two paraphrases as the best, as the two369

received the same votes and are equally apt. There370

are also 11 sentences for which no paraphrase was371

selected. These are cases where the given context is372

insufficient for determining the contextual meaning373

of the metaphorical word.374

5 Annotation of inapt paraphrases375

Tong (2021) shows that incorrect paraphrases based376

on the basic sense of the metaphorical word are377

the least distinguishable from correct ones (i.e.,378

paraphrases based on the contextual sense) with379

respect to aptness. To render truly challenging380

inapt paraphrases for our task, we therefore created381

inapt paraphrases exclusively from basic senses.382

We employed WordNet for identifying basic383

senses and obtaining sense-specific synonyms, fol-384

lowing the annotation guidelines presented in Ap-385

pendix C. For each metaphorical word, we first386

locate the WordNet synsets that correspond to its387

more basic meaning (relative to its contextual mean-388

ing in the reference sentence). Then we go through389

the synonyms (or hypernyms when no synonyms390

are provided) under the basic-sense synsets and391

select those that are clearly associated with the392

metaphor’s source domain and would render a393

grammatical (but inapt) paraphrase.394

We went through all 2970 sentences released for395

the crowdsourcing task and found inapt paraphrases396

for 991 of them. After removing items lacking apt397

paraphrases (either because no single-word substi-398

tutions were crowdsourced or because none of the399

collected ones are of sufficient quality), we created400

1492 triples for 728 metaphorical sentences, includ-401

ACPROSE NEWS FICTION CONVRSN TOTAL
1061 922 593 377 2953

N 50% 39% 35% 25% 40%
V 35% 42% 39% 51% 40%
A 16% 20% 26% 24% 20%

Table 1: Number of metaphor samples per genre (aca-
demic, news, fiction, conversation), and the percentage
of sentences where the metaphorical word is a noun (N),
a verb (V), or either an adjective or an adverb (A).

ing 1072 triples with an apt and an inapt paraphrase, 402

375 triples with two inapt paraphrases, and 45 with 403

two apt paraphrases. 404

Inter-annotator agreement. From the 991 sen- 405

tences for which inapt paraphrases were identified, 406

we randomly selected 200 to be annotated by a sec- 407

ond annotator. The annotator was a PhD candidate 408

in linguistics specialising in metaphor research. We 409

explained the annotation process to the second an- 410

notator through a meeting and the guidelines in 411

Appendix C. The Gwet’s gamma coefficient for the 412

agreement between the two expert annotators is 413

0.84. 414

6 Data analysis 415

The dataset contains approximately the same num- 416

ber of samples from academic and news genres, 417

and fewer samples from fiction and conversation, 418

as shown in Table 1. These metaphor samples cover 419

metaphorical use of content words in all four parts 420

of speech. Noun and verb MRWs are of a higher 421

proportion compared to adjectives and adverbs. In 422

news and fiction, these two categories have similar 423

percentages. The academic genre contains more 424

noun MRWs than verbs whereas in conversation 425

the situation is reversed: Half of the metaphorical 426

words are verbs, while the percentage of nouns is 427

similar to that of adjectives and adverbs. 428

As we excluded MRWs of novelty scores lower 429

than -0.3, the metaphor samples exhibit a wider 430

range of novelty scores above 0 than below 0 (see 431

Appendix D). Meanwhile, a large proportion of the 432

metaphor samples could be considered only slightly 433

novel or conventional (novelty scores between -0.3 434

and 0.3). Metaphor samples of the highest novelty 435

scores can be from any of the four genres. Despite 436

their different proportion in the entire dataset (Ta- 437

ble 1), all four genres include metaphor samples 438

across all levels of perceived novelty. 439

We also examined the cosine similarity between 440

the metaphorical words and apt and inapt substitu- 441
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Figure 3: Distribution of the cosine similarity between
target-apt, target-inapt, and apt-inapt pairs.

tions. Since the inapt paraphrases were based on442

the more basic meaning of the MRWs (section 5),443

we expected inapt substitution words to be more444

similar to the metaphorical words than apt substi-445

tution words. We computed the cosine similarity446

scores using glove-wiki-gigaword-300 embed-447

dings (Pennington et al., 2014), accessed through448

the gensim Python library. Figure 3 shows the dis-449

tribution of cosine similarity scores for 1006 triples,450

excluding the ones containing out-of-vocabulary451

words. Surprisingly, the target-apt pairs tend to452

have higher cosine similarity scores than the target-453

inapt pairs. The plot suggests that the 3 pairs are454

quite distinguishable in terms of cosine similarity455

scores, with target-apt pairs being the most sim-456

ilar, and apt-inapt the least similar. This might457

be associated with the fact that our metaphorical458

sentences were sampled from VUA, which, be-459

ing representative of metaphor use in natural dis-460

course, includes a large percentage of conventional461

metaphors. Nonetheless, the majority of the co-462

sine similarity scores are above 0, and the 3 pairs463

still share a wide range of similarity scores. The464

distribution plot is therefore also suggestive of the465

reliability of our dataset, as well as its potential466

challenge for LLMs.467

7 Model evaluation468

We evaluated LLaMA-13B, LLaMA-30B, and469

GPT-3.5 (text-davinci-003) on two tasks:470

(Task 1) paraphrase judgement, which requires471

a model to select correct paraphrases for a given472

reference sentence from given candidates; and473

(Task 2) paraphrase generation, which asks a474

model to generate correct paraphrases for a given475

reference sentence. The paraphrase judgement task476

used the 1492 triples that include inapt paraphrases;477

Select words that can replace the highlighted word in the given
sentence without altering the sentence's meaning.
Sentence: ... *extending* the Government's borrowing power ...
Option A: increasing
Option B: exserting
Option C: Both Option A and Option B
Option D: Neither Option A nor Option B
Correct answer: Option

Figure 4: Example prompt for the Word-judgement task
(the Implicit condition). The given sentence is shortened
for illustration.

the generation task used all 2953 metaphorical sen- 478

tences. Details regarding computational budget is 479

given in Appendix E. 480

7.1 Paraphrase judgement 481

We evaluate the LLMs in a prompting setup. We 482

test the models’ ability to interpret metaphor un- 483

der different conditions. In the first scenario, we 484

prompt the model by providing the reference sen- 485

tence with the metaphorical word highlighted and 486

two candidate replacement words for it (Word- 487

judgement). In the second scenario, each of the 488

candidate replacement words is embedded in the 489

sentence (Sentence-judgement). In both cases the 490

model needs to solve a multiple choice task. Be- 491

sides providing the apt and inapt paraphrases (Op- 492

tions A and B) as answer options, we also com- 493

plement them with Option C, that both candidates 494

are correct, or Option D, that neither are correct. 495

See Figure 2 for an example. We expect Word- 496

judgement to be more challenging, as the model 497

would need an additional inference step compared 498

to sentence judgement, to replace the metaphorical 499

word with the two given options and (implicitly) 500

form the intended paraphrases. 501

For both Word-judgement and Sentence- 502

judgement setups, we further investigate whether 503

it makes a difference if the model is explicitly 504

“told” that the task is to paraphrase a metaphor 505

or not. This results in three further conditions: 506

Implicit (not mentioning metaphor in the prompt), 507

Metaphor-Sent (revealing that the reference sen- 508

tence contains a metaphor), and Metaphor-Word 509

(revealing that the specific highlighted word 510

in the sentence is metaphorically used). The 511

Implicit condition corresponds best to the real-life 512

application of LLMs, where the model needs 513

to be able to interpret metaphors without being 514

instructed that metaphors are there. 515

We tested LLaMA-13B and 30B, and GPT-3.5 in 516

each of the 6 conditions, using 3 prompts for each 517
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LLaMA-13B LLaMA-30B GPT-3.5
Word-judge
Implicit .28 (.18) .21 (.10) .23 (.10)
M-Sent .30 (.16) .19 (.09) .20 (.10)
M-Word .33 (.18) .21 (.08) .20 (.08)
Sent-judge
Implicit .13 (.06) .14 (.03) .17 (.07)
M-Sent .12 (.07) .17 (.03) .16 (.06)
M-Word .10 (.08) .27 (.05) .21 (.02)

Table 2: Mean (SD) accuracies across 3 prompts for
each paraphrase judgement condition.

condition (the prompts are listed in Appendix E).518

Table 2 shows the mean accuracy and standard519

deviation for each model in each condition. The520

random baseline achieves an accuracy of 0.25, as521

there is always only one correct option out of the522

given four. The performance of all three models523

was below the random baseline in most cases, ex-524

cept for LLaMA-13B in the Word-judgement tasks525

and LLaMA-30B in the Metaphor-Word condition526

of the Sentence-judgement task. Meanwhile, the527

accuracy of LLaMA-13B varied a great deal across528

different prompts in the Word-judgement tasks.529

The Sentence-judgement task seems to be more530

challenging than Word-judgement for the models.531

For LLaMA-30B and GPT-3.5, the task was par-532

ticularly difficult when they were not instructed533

to focus on the metaphorical word, and were not534

informed that the word is metaphorically used (the535

Metaphor-Word condition). For LLaMA-13B, all536

3 Sentence-judgement conditions are similarly dif-537

ficult. However, its higher accuracies in the Word-538

judgement tasks also indicate the benefit of instruct-539

ing the model to focus on the metaphorical word.540

7.2 Paraphrase generation541

The purpose of this task is to compare model and542

human performance in paraphrasing metaphori-543

cally used words. The prompts were thus designed544

to be semantically close to the instructions in our545

crowdsourcing task (Section 4). The model an-546

swers were generated in two steps (see Figure 5).547

We first let the models generate a single token—548

this allowed us to access the models’ ranking of all549

tokens in their vocabulary. Of these, we selected550

the ones that match human annotations and let the551

models complete them into words. The comple-552

tions were then compared with human annotations553

to determine the rank of each expected answer.554

We tested the models on 3 prompts (see Ap-555

pendix E) and their mean performance in terms of556

mean reciprocal rank (MRR), recall at top 5 para-557

Step 1: query a single token

Use a single word to replace the highlighted word in the given sentence,
so that the new sentence and the given sentence mean the same thing.
Sentence: 'You must stop visiting him,' Madame said *firmly*.
New sentence: 'You must stop visiting him,' Madame said *_____*.

1. res
2. st
3. em
4. strong
5. author

GPT-3.5HUMAN

- strongly

- solidly

- sternly

sternly Rank 2

strongly Rank 4

Step 2: complete likely answers
match

Figure 5: Procedure of the paraphrase generation task,
using GPT-3.5 prompt and outputs as example. We first
ask the model to generate a single token to get a glimpse
of its top 5 answers. For each token that matches the
beginning of a human answer, we let the model complete
it to see whether it is a complete match.

MRR Recall@5 Recall@10
LLaMA-13B .33 (.02) .22 (.02) .33 (.02)
LLaMA-30B .47 (.03) .28 (.02) .40 (.03)
GPT-3.5 .54 (.02) .32 (.01) -

Table 3: Mean (SD) performance across 3 prompts in
the paraphrase generation task. Recall@10 does not
apply to GPT-3.5 as the OpenAI API only allows access
to the top-5 answers.

phrases and recall at top 10 paraphrases is shown in 558

Table 3. GPT-3.5 performed best and LLaMA-30B 559

came second. The models’ performance was also 560

more stable across different prompts as compared 561

to the paraphrase judgement task. Nonetheless, all 562

three models clearly preferred different answers as 563

compared to human annotators. 564

8 Discussion 565

Paraphrase judgement. We looked into the type 566

of errors the models made in paraphrase judgement. 567

The number of each combination of expected and 568

predicted answers for each model is in Appendix F. 569

We found that LLaMA-30B and GPT-3.5 could 570

ignore the semantic differences between a given 571

sentence and an inapt paraphrase, as they tend to 572

predict both candidates as correct when presented 573

with one or more inapt paraphrases. LLaMA-13B, 574

on the other hand, tends to assume that the two 575

given candidates always contain one apt and one 576

inapt paraphrase. Nonetheless, it did not seem ca- 577

pable of distinguishing the two, as it made a similar 578

number of Option A and Option B predictions. 579

Paraphrase generation. We examined the top- 580

ranked answers of the models and found 4 cate- 581
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gories that the ‘incorrect’ or unexpected answers582

could fall into. 1) Nonsensical: For the sentence583

“...for this number line I would say...”, GPT-3.5584

gives thus as the best substitution word, ignoring585

the meaning of line, whereas LLaMA-13B repeats586

number. 2) Lack of contextual understanding:587

In “...he touched both sides of the coin...”, GPT-3.5588

replaces the word sides with facets, suggesting that589

it neglects details of the meaning of the sentence590

(that a coin only has 2 sides). 3) Ungrammatical:591

On the other hand, the model may have understood592

the metaphor, but fails to convert its understand-593

ing into a suitable substitution word. In “...they all594

shared the emphasis on ‘her’...”, LLaMA-30B sug-595

gests concurred as the best answer, implying that596

the meaning of shared is understood, but that gram-597

matical agreement has been sacrificed. 4) Prefer-598

ence: Finally, the disagreement between the mod-599

els and human annotators may simply be a matter600

of preference. For “For a man whom Rebecca West601

... called ‘repulsive’ and ‘treacherous’...”, crowd602

workers provide 4 possible answers: revolting, dis-603

gusting, awful, and grotesque. Both LLaMA-30B604

and GPT-3.5 give odious as the best answer. Here,605

both the human annotators and the models under-606

stand and can paraphrase the sentence, and it is607

hard to say whose answer is best.608

Factors associated with model performance.609

We also examined the association between model610

performance and 3 factors: genre, metaphor nov-611

elty, and the POS of the metaphorical word. The612

details are available in Appendix F. We found613

metaphors of higher novelty scores to be more dif-614

ficult for LLaMA-30B in paraphrase judgement,615

and for GPT-3.5 in paraphrase generation. The616

association between genre or POS and model per-617

formance tends to differ per model and task. The618

fiction genre, for example, is the easiest for the619

LLaMA models in paraphrase generation; yet it is620

the most difficult for GPT-3.5 in the generation task621

and for LLaMA-30B in the judgement task. Simi-622

larly, noun metaphors are the easiest for LLaMA-623

30B in the generation task and for GPT-3.5 in the624

judgement task. Meanwhile for GPT-3.5 in the gen-625

eration task, adverb metaphors become the easiest.626

To sum up, the results of the two paraphrase627

tasks indicate that the LLMs are unable to (fully)628

understand some of the metaphors in our dataset.629

The paraphrase judgement task further reveals630

that the models have difficulty distinguishing the631

metaphors’ source domains (implied by the inapt632

paraphrases) and target domains (implied by the ref- 633

erence sentences and apt paraphrases). This further 634

suggests that the models are unlikely to perform 635

reasoning across semantic domains; when they suc- 636

ceed in understanding the metaphor, they may still 637

reason in ways that are different from humans. This 638

means that for downstream NLP tasks such as opin- 639

ion mining, bias detection, humour detection, and 640

intent recognition, the LLMs could overlook the 641

entailment of a metaphor. In machine translation as 642

well as summarisation of highly figurative or poetic 643

texts, the problems may manifest as incorrect or 644

peculiar explanation of metaphors. 645

A direction for improvement is to mark out 646

metaphor uses in texts and direct the model’s atten- 647

tion to them: In the paraphrase judgement task, the 648

models reach higher accuracies when the metaphor- 649

ical word is marked out (in the Word-judgement 650

task or in a Metaphor-Word condition). However, 651

since the models generally performed poorly in the 652

experiments, the LLMs may need to be fine-tuned 653

in order to better understand metaphors. When fine- 654

tuning, one can consider increasing the proportion 655

of certain metaphor types in training data, as genre, 656

metaphor novelty, and POS of the metaphorical 657

word are all associated with model performance. 658

Future studies could first employ MUNCH to de- 659

tect the weak points of an LLM and then curate 660

training data accordingly. 661

9 Conclusion 662

We release a dataset of manually created apt and 663

inapt paraphrases for metaphorical sentences and 664

present two metaphor understanding tasks, which 665

we demonstrate to be challenging for current LLMs. 666

The errors the models make in the paraphrase gen- 667

eration task indicate various levels of misunder- 668

standing of the metaphors. In the paraphrase judge- 669

ment task, the models’ accuracy was lower than 670

the random baseline in the majority of the cases; a 671

closer look at their errors reveals that the models 672

had difficulty in detecting the inaptness of the inapt 673

paraphrases. The experiments also show that the 674

models performed better when being instructed to 675

focus on the metaphorical word, and that genre and 676

the POS and novelty of the metaphorical word are 677

all potential factors that affect model performance. 678

10 Limitations 679

We designed the metaphor understanding tasks to 680

be representative of a lexical substitution task: The 681
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metaphorical word is the only difference between682

a reference sentence and a candidate paraphrase.683

This setup makes it possible to examine whether684

LLMs indeed perform metaphor interpretation or685

resort to lexical similarity when they encounter686

metaphorically used words. At the same time, how-687

ever, it also means that the models’ understand-688

ing of multi-word metaphors and direct metaphors689

(e.g., similies) could not be tested using our dataset.690

Another limitation is that the tested models are691

not the latest LLMs—Llama2 and GPT-4 were re-692

leased shortly after the completion of our study.693

11 Ethics statement694

We abide by the ACL Code of Ethics. The695

metaphor resources used in this study are publicly696

available. The crowdsourcing task was approved by697

an ethics committee. The crowd workers received698

fair payment (9 GBP per hour), and no personal699

information was collected or stored in our database.700

The metaphor samples in our dataset come from701

excerpts of natural discourse. They may therefore702

involve bias, taboo, violence, or other aspects of703

everyday language use that could be considered704

negative (we also pointed this out to the crowd705

workers before they gave their consent to partic-706

ipate, as presented in Appendix B). Nonetheless,707

these are integral parts of language use, and should708

be properly understood by NLP systems, which is709

precisely what this paper aims at.710
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A Previous metaphor understanding 1113

datasets and tasks 1114

Table 4 summarises the differences between 1115

MUNCH and previous datasets. 1116

Example (1) is extracted from MPEC. The cor- 1117

rect paraphrase, sentence (1-a), is almost com- 1118

pletely different from the original sentence. The 1119

two distractor sentences that follow indicate dif- 1120

ferent types of misinterpretation: Sentence (1-b) 1121

wrongly interprets the meaning of the original sen- 1122

tence, while the last sentence is based on a literal 1123

use of the word wheels. 1124

(1) the wheels of justice turn slowly 1125

a. it might take time but eventually jus- 1126

tice prevails 1127

b. ¿ justice prevails in very little time 1128

c. ¿ the wheels of a car turn slowly 1129

The MPEC corpus is employed by two metaphor 1130

understanding tasks in BIG-Bench (Srivastava 1131

et al., 2022). The metaphor-boolean task uses a bi- 1132

nary classification setup: Given a pair of sentences, 1133

is the second sentence a paraphrase of the first? 1134

GPT-2 only reached 0.41 accuracy on this task in 1135

a zero-shot scenario. The metaphor-understanding 1136

task consists of two subtasks: metaphor to para- 1137

phrase, which asks the model to select the cor- 1138

rect paraphrase from 4 candidates; and paraphrase 1139
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#met met:length #correct correct:type #distractor distractor:type
MPEC 192 9 (4) 218 s → s 526 mixed
NewsMet 791 12 (3) 791 w → w 0 NA
IMPLI 913 16 (10) 1032 w → p 281 context change
FLUTE 1500 11 (5) 1500 p → p 1500 opposite meaning
MiQA 150 8 (2) 150 s → s 150 context change
Fig-QA 10256 9 (3) 10256 s → s 10256 opposite meaning
MUNCH 2953 26 (15) 10261 w → w 1492 paraphrase

Table 4: Differences between MUNCH and previous datasets that provide paraphrases for metaphors:
MPEC (Bizzoni and Lappin, 2018; github.com/yuri-bizzoni/Metaphor-Paraphrase), NewsMet (Joseph
et al., 2023; https://github.com/AxleBlaze3/NewsMet_Metaphor_Dataset/tree/main), IMPLI (Stowe
et al., 2022; github.com/UKPLab/acl2022-impli), FLUTE (Chakrabarty et al., 2022b; https://github.com/
tuhinjubcse/model-in-the-loop-fig-lang), MiQA (Coms, a et al., 2022), and Fig-QA(Liu et al., 2022;
https://github.com/nightingal3/Fig-QA/tree/master). We present their differences regarding number of
metaphor samples (#met), mean (SD) length of the metaphor samples (met:length, measured by number of words),
number of correct paraphrases (#correct), the part of a metaphor sample that is replaced to create correct paraphrases
(correct:type; s=sentence, p=phrase, w=word), number of distractors (#distractor), and distractor type. The numbers
are calculated from the datasets available on GitHub. Note that our dataset is much more extensive than the previous
ones.

to metaphor, which requires the model to distin-1140

guish the metaphorical sentence corresponding to1141

a given paraphrase from 3 other metaphors. GPT-21142

large performed poorly on both subtasks: In a zero-1143

shot scenario, the model gave 0.27 accuracy on the1144

metaphor-to-paraphrase task, and 0.67 accuracy on1145

the paraphrase-to-metaphor task.1146

The metaphor-literal pairs in the NewsMet1147

dataset was created with the help of LLMs. Each1148

news headline has a verb considered as the focus1149

word. They first passed the headlines with the fo-1150

cus words masked to ALBERT (Lan et al., 2020)1151

to obtain the first 200 words that can replace the1152

focus word. These 200 words were then passed to1153

a metaphor detector to obtain the top-6 metaphor-1154

ical and top-6 literal candidates. Human annota-1155

tors then identified the best literal counterparts for1156

metaphorical focus words and the best metaphori-1157

cal counterpart for literal focus words.1158

In the IMPLI example (2), the correct para-1159

phrase (2-a) uses a phrase, paid for, to explain the1160

metaphorically used word absorbed in the original1161

sentence. The distractor, on the other hand, is based1162

on the literal meaning of absorbed. Fine-tuned1163

RoBERTa base and RoBERTa large achieved high1164

accuracies (> 0.8) on labelling these metaphor-1165

paraphrase and metaphor-distractor sentence pairs.1166

(2) he absorbed the costs for the accident1167

a. he paid for the costs for the accident1168

b. ¿ he absorbed the sunlight after the1169

accident1170

Example (3) is extracted from the FLUTE 1171

dataset; included in the parentheses are explana- 1172

tions for the paraphrase and the contradict respec- 1173

tively. Contrary to the MUNCH dataset, the authors 1174

aimed at paraphrases that use more than one word 1175

to replace a metaphorically used word. Note that 1176

sentence (3-b) is more of a direct contradiction 1177

of the reference metaphor than the paraphrase, as 1178

it preserves the metaphorically used word louder. 1179

The difference between the contradict and the ref- 1180

erence metaphor may thus be easier to detect as 1181

compared to a contradict that is more similar to the 1182

paraphrase (e.g., Actions are not more important 1183

than words). 1184

(3) Actions speak louder than words. 1185

a. Actions are more important than 1186

words. (This phrase is used to say that 1187

what someone does is more important 1188

than what they say.) 1189

b. ¿ Actions are not louder than words. 1190

(The metaphor suggests that deeds or 1191

actions are more important than words, 1192

while the contradiction suggests that 1193

words are more important than deeds 1194

or actions.) 1195

As example (4) shows, each metaphorical 1196

premise in the MiQA dataset is paired with a literal 1197

premise exemplifying literal use of the metaphor- 1198

ical word; the dataset also includes implications 1199

(the text in parenthesis) of the metaphorical and 1200
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literal premises:1201

(4) a. I see what you mean (I understand1202

you)1203

b. I see what you are pointing at (My1204

eyes are working well)1205

Coms, a et al. (2022) set up 2 binary-choice tasks1206

using the MiQA dataset: (1) Given a metaphor-1207

ical premise, select the correct implication; (2)1208

given an implication, select the corresponding1209

premise. They also set up a generative task: Given1210

a metaphorical premise, answer whether it implies1211

the literal conclusion. LLMs performed well on1212

these tasks.1213

The Fig-QA dataset provides similes of opposite1214

meanings as well as their implications (given in1215

parentheses):1216

(5) a. The meteor was as bright as New York1217

City (The meteor was very bright)1218

b. The meteor was as bright as coal (The1219

meteor was not bright at all)1220

The binary-choice task is similar to MiQA: Given1221

a metaphorical premise, select the correct implica-1222

tion. They also develop a generative task which1223

prompt models to generate implications freely. Liu1224

et al. (2022) found these tasks challenging for1225

LLMs in zero-shot settings.1226

B Crowdsourcing task1227

The participant information sheet, which was pre-1228

sented to the crowd workers prior to the consent1229

form, has a section dedicated to potential disad-1230

vantages and risks involved in participating in the1231

study—1232

The sentences you will paraphrase were1233

from a wide range of sources, including1234

newspapers, fiction, and dialogues. You1235

may occasionally encounter violence or1236

taboo topics (e.g., war, crime, sex), as1237

well as potentially disturbing opinions.1238

If you are concerned, you do not have1239

to give consent; you can also withdraw1240

anytime during the experiment.1241

The information sheet also explains how data1242

collected from the study will be used. The work-1243

ers were informed that their participation would1244

remain confidential, that their response would be1245

anonymised, and that the data would be made open1246

access at the end of the study.1247

The annotation guidelines are shown in Figure 6. 1248

The trial sentence is provided in example (6), where 1249

introduce is the metaphorical word to be inter- 1250

preted. Our final list of acceptable answers in- 1251

cludes: address, advance, clarify, convey, cover, 1252

define, describe, discuss, elucidate, establish, ex- 1253

plain, mention, present, propose, reveal, share, 1254

show, state, submit, suggest, teach, unveil. 1255

(6) I shall now introduce the concept of an el- 1256

ementary charge, 1.6 × 10 -19 C, carried by 1257

an elementary particle called the electron. 1258

Table 5 presents the 17 sentences for which 1259

none of the crowd workers were able to pro- 1260

vide single-word substitutions for the metaphorical 1261

words. These are mainly highly conventionalised 1262

metaphors, for which it is usually difficult to find an 1263

alternative expression. There are also cases where 1264

the target word is part of a multi-part word (e.g., 1265

carry out, point of view) or a phrase (e.g., put in an 1266

appearance, get rid of ). These stem from annota- 1267

tion mistakes in VUA: According to the MIPVU 1268

procedure, VUA should have marked the entire 1269

word or phrase as a single annotation unit. We still 1270

collected paraphrases for these cases as there were 1271

no suitable way to filter them out automatically. 1272

C Inapt paraphrase annotation 1273

The guidelines for inapt paraphrase annotation are 1274

presented in Figure 7. 1275

D Novelty distribution of MUNCH 1276

metaphor samples 1277

Figure 8 presents the novelty distribution of the 1278

metaphor samples in MUNCH. 1279

E Model evaluation details 1280

We accessed the LLaMA models through Hugging 1281

Face; the queries used ∼880 GPU hours. Our GPT- 1282

3.5 queries through the OpenAI API cost ∼255 1283

USD. 1284

We provide all the prompts used in this study: 1285

three prompts for each condition of the paraphrase 1286

judgement tasks, including word judgement (Ta- 1287

ble 6) and sentence judgement (Table 7); and three 1288

prompts for the paraphrase generation task (Ta- 1289

ble 8). 1290
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1 The summer’s sprawl begins to be oppressive at this stage in the year and trigger fingers are
itching to snip back overgrown mallows, clear out the mildewing foliage of golden rod and
reduce the overpowering bulk of bullyboy ground cover.

2 The red and green of the Aztec necklace links it compositionally with the indigenous plants to
the ‘south’ of the painting, the pink colonial-style dress tonally blending with the skyscrapers to
the ‘north’.

3 Nine out of 10 are routine calls, many of which could be carried out by mini cabs.
4 This example assumes that a sympathy for motorists with overwhelm any tendency to logical

analysis.
5 There were, in fact, about a score.
6 Mrs Bottomley is convinced the Tory victory provides the opportunity to entrench the reforms

— and to give doctors, nurses and managers the confidence to make them work.
7 Thus, as with biological theories, crime is seen as pathological (a disease), as something to be

looked at from the medical point of view.
8 ‘So you’ve decided to put in an appearance?’
9 He was in there twice, at a Wimpole Street number and again at an address in Mill Hill: Rufus

H. Fletcher, MB, MRCP.
10 Once again he backtracks and assumes a larger unity in which conflict takes place.
11 no I’m alright Ann, I mean, feel a bit ba ah I mean I’m sorry I do have to buy a feel a bit of, I

feel a bit dizzy you know as if I
12 Mick said to me last night, he said to me you can never fit not used to it, but
13 Now if he doesn’t get the economy right he’s gon na end up with egg on his face and
14 That take me nearly all the er
15 As this is been shared by lines int it?
16 Well seven nines, well ee er, it takes you so long
17 Take what you want and leave the rest, your mother’ll get rid of it.

Table 5: Sentences that did not receive single-word substitutions in the crowdsourcing task.
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Instruc(ons 
Each trial gives you a sentence with a target word, 
for example: 

• The ar;st captured her perfectly. 
Your task is to paraphrase the given sentence by 
subs;tu;ng the target word with another word. 
We will provide you with the original sentence 
with the target word removed, so you will just 
need to fill in the blank: 

• The ar;st _____ her perfectly. 
Some trials may provide (much) longer or shorter 
sentences, but there will always be only one target 
word in each sentence. 
 
What basic rules should I follow? 
Your paraphrase should always be apt: You should 
be able to use your paraphrase in real life to 
express the meaning of the original sentence. For 
the sentence above, we consider the following apt 
paraphrases: 

• The ar;st depicted her perfectly. 
• The ar;st portrayed her perfectly. 

As you can see, the subs8tu8on should be a single 
word: There should be no whitespace in your 
subs;tu;on. 
Please also use the correct word form: The target 
word captured should be replaced by a verb in its 
past tense. If you replace captured with depicts in-
stead of depicted, for example, your paraphrase 
will be describing a present instead of a past event. 

• The ar;st depicts her perfectly. (The event 
being described is shiKed to the present.) 

• The ar;st depict her perfectly. (Ungram-
ma;cal paraphrases are always inapt.) 

 
Can I use a dic8onary? 
Yes, you can use dic;onaries, thesauruses, or any 
other resources to help finish the task. 
 
Do I simply look for synonyms? 
It depends; please always read through your 
paraphrase to check whether your synonym fits 
the context. 
Synonyms could render inapt paraphrases as well. 
For the above example, a thesaurus would list im-
prison as a synonym of capture, but subs;tu-
;ng captured with imprisoned would change the 
sentence’s meaning: 

• The ar;st imprisoned her perfectly. 

Describe seems to be the right synonym, but to use 
it in your paraphrase, you would need to add more 
context, which is not allowed in this task: 

• The ar;st described her perfectly. (The 
ar;st talked about her?) 

• The ar;st described her perfectly in the 
picture. 

 
Can I use the same subs8tu8on for the same 
target word? 
You may encounter the same target word mul;ple 
;mes; we encourage you to find the most suitable 
paraphrase for each case. You can, of course, reuse 
a subs;tu;on if you believe that is the best op;on. 
 
What if I can’t find an apt paraphrase? 
There is a comment box at the end of each trial. 
Please use the space to provide your reasons when 
you could not find an apt paraphrase. A very 
short explana;on will do, for example: 
 

Original sentence: It’s the first ;me in his career 
he hasn’t come out on top. 
Your explana:on: You’d need to remove “on” as 
well, i.e. “he hasn’t come out as the best”. 

 
Please therefore do not feel pressured to fill in a 
blank—with the target word itself, a random 
word, “N/A”, etc.—when you believe the target 
word is impossible to paraphrase given our 
requirements. 
You can also leave comments in those boxes when 
you have found an apt paraphrase, but this is 
en;rely op;onal. 
 

Figure 6: Instructions for the paraphrasing task.

F Error analysis details 1291

F.1 Paraphrase judgement 1292

Table 9 shows the number of each expectation- 1293

vs-prediction combination for each model when 129416



	

G
ui

de
lin

es
 fo

r I
na

pt
 P

ar
ap

hr
as

e 
An

no
ta

4o
n 

 Th
an

k 
yo

u 
fo

r t
ak

in
g 

pa
rt

 in
 th

is 
an

no
ta

1o
n 

ta
sk

. I
 w

ill
 se

nd
 y

ou
 

20
0 

se
nt

en
ce

s 
th

at
 n

ee
d 

yo
ur

 a
nn

ot
a1

on
, s

pl
it 

in
to

 2
0 

su
rv

ey
s 

(1
0 

se
nt

en
ce

s 
in

 e
ac

h)
, 

so
 t

ha
t 

it 
w

ill
 b

e 
ea

sie
r 

fo
r 

yo
u 

to
 

na
vi

ga
te

. 
In

 t
hi

s 
do

cu
m

en
t 

I 
w

ill
 e

xp
la

in
 t

he
 t

w
o 

an
no

ta
1o

n 
st

ep
s,

 
na

m
el

y 
id

en
1f

yi
ng

 th
e 

m
or

e 
ba

sic
 m

ea
ni

ng
 a

nd
 se

le
c1

ng
 g

oo
d-

en
ou

gh
 in

ap
t 

pa
ra

ph
ra

se
s.

 I 
us

e 
m

ul
1p

le
 c

ho
ic

e 
qu

es
1o

ns
 t

o 
pr

om
pt

 y
ou

r a
nn

ot
a1

on
s;

 th
er

e 
is 

al
so

 a
 co

m
m

en
t b

ox
 fo

r e
ac

h 
se

nt
en

ce
 (a

t t
he

 e
nd

 o
f a

ll 
th

e 
qu

es
1o

ns
 fo

r t
ha

t s
en

te
nc

e)
, i

n 
ca

se
 y

ou
 h

av
e 

an
yt

hi
ng

 th
at

 n
ee

ds
 to

 b
e 

ex
pr

es
se

d 
ab

ou
t t

he
 

se
nt

en
ce

 o
r 

yo
ur

 a
nn

ot
a1

on
. I

f y
ou

 h
av

e 
an

y 
qu

es
1o

ns
 a

lo
ng

 
th

e 
w

ay
, p

le
as

e 
fe

el
 fr

ee
 to

 c
on

ta
ct

 m
e.

 
 

1 
Id

en
'f

y 
th

e 
m

or
e 

ba
si

c 
m

ea
ni

ng
 

Ea
ch

 se
nt

en
ce

 h
as

 a
 h

ig
hl

ig
ht

ed
 w

or
d,

 w
hi

ch
 w

e 
ca

ll 
th

e 
ta

rg
et

 
w

or
d.

 T
he

 fi
rs

t q
ue

s1
on

 p
ro

vi
de

s y
ou

 w
ith

 a
ll 

th
e 

se
ns

es
 o

f t
he

 
ta

rg
et

 w
or

d 
ex

tr
ac

te
d 

fr
om

 W
or

dN
et

; y
ou

r j
ob

 is
 to

 se
e 

w
he

th
er

 
yo

u 
co

ul
d 

fin
d 

on
e 

or
 m

or
e 

se
ns

es
 th

at
 a

re
 m

or
e 

ba
sic

 th
an

 th
e 

w
or

d’
s 

co
nt

ex
tu

al
 s

en
se

. I
n 

es
se

nc
e,

 y
ou

 a
re

 a
sk

ed
 to

 p
er

fo
rm

 
th

e 
co

nt
ex

tu
al

 se
ns

e 
an

d 
ba

sic
 se

ns
e 

id
en

1fi
ca

1o
n 

st
ep

s o
f t

he
 

M
IP

VU
 p

ro
ce

du
re

, 
bu

t 
w

ith
 W

or
dN

et
 i

n 
th

e 
pl

ac
e 

of
 t

he
 

M
ac

m
ill

an
 D

ic
1o

na
ry

. 
Yo

u 
ca

n 
ch

oo
se

 m
or

e 
th

an
 o

ne
 s

en
se

, a
s 

W
or

dN
et

 e
m

pl
oy

s 
fin

e-
gr

ai
ne

d 
se

ns
e 

di
s1

nc
1o

ns
, a

nd
 m

ul
1p

le
 se

ns
es

 m
ay

 q
ua

lif
y 

as
 m

or
e 

ba
sic

. 
If 

no
ne

 o
f 

th
e 

lis
te

d 
se

ns
es

 a
re

 m
or

e 
ba

sic
 (

fo
r 

ex
am

pl
e,

 
w

he
n 

yo
u 

be
lie

ve
 th

e 
ta

rg
et

 w
or

d 
is 

us
ed

 n
on

-m
et

ap
ho

ric
al

ly
), 

pl
ea

se
 se

le
ct

 ’N
on

e 
of

 th
e 

ab
ov

e’
. 

If 
yo

u 
fin

d 
a 

se
nt

en
ce

 t
oo

 d
iffi

cu
lt 

to
 c

om
pr

eh
en

d,
 o

r 
th

e 
ta

rg
et

 w
or

d’
s 

co
nt

ex
tu

al
 m

ea
ni

ng
 u

nc
le

ar
 w

ith
ou

t 
fu

rt
he

r 
co

nt
ex

t, 
yo

u 
ca

n 
sa

y 
so

 i
n 

th
e 

co
m

m
en

t 
bo

x 
an

d 
sk

ip
 t

he
 

se
nt

en
ce

. 
  

2 
Se

le
ct

 in
ap

t p
ar

ap
hr

as
es

 
W

he
n 

a 
se

ns
e 

is 
se

le
ct

ed
, y

ou
 w

ill
 se

e 
a 

lis
t o

f w
or

ds
 re

la
te

d 
to

 
th

at
 

se
ns

e,
 

ea
ch

 
w

or
d 

be
in

g 
fo

llo
w

ed
 

by
 

a 
ca

nd
id

at
e 

pa
ra

ph
ra

se
, w

hi
ch

 u
se

s 
th

e 
re

la
te

d 
w

or
d 

to
 re

pl
ac

e 
th

e 
ta

rg
et

 
w

or
d 

in
 t

he
 o

rig
in

al
 s

en
te

nc
e.

 P
le

as
e 

re
ad

 t
hr

ou
gh

 e
ac

h 
se

nt
en

ce
 a

nd
 s

el
ec

t 
th

e 
on

es
 t

ha
t 

ar
e 

go
od

-e
no

ug
h 

in
ap

t 
pa

ra
ph

ra
se

s 
of

 t
he

 o
rig

in
al

 s
en

te
nc

e.
 I

f 
m

ul
1p

le
 s

en
se

s 
ar

e 
se

le
ct

ed
 in

 th
e 

fir
st

 st
ep

, p
le

as
e 

go
 th

ro
ug

h 
th

e 
op

1o
ns

 fo
r e

ac
h 

se
le

ct
ed

 s
en

se
; 

if 
no

 a
dd

i1
on

al
 q

ue
s1

on
 a

pp
ea

rs
 w

he
n 

yo
u 

se
le

ct
 a

 se
ns

e,
 it

 m
ea

ns
 th

is 
se

ns
e 

do
es

 n
ot

 h
av

e 
re

la
te

d 
w

or
ds

 
in

 W
or

dN
et

, a
nd

 yo
u 

ar
e 

do
ne

 w
ith

 th
e 

an
no

ta
1o

n 
of

 th
is 

se
ns

e.
 

A 
go

od
-e

no
ug

h 
in

ap
t p

ar
ap

hr
as

e 
sh

ou
ld

 m
ee

t t
he

 fo
llo

w
in

g 
re

qu
ire

m
en

ts
: (

1)
 It

 is
 d

iff
er

en
t 

fr
om

 t
he

 o
rig

in
al

 s
en

te
nc

e 
in

 
m

ea
ni

ng
. (

2)
 It

 in
di

ca
te

s t
ha

t a
 m

or
e 

ba
sic

 se
ns

e 
is 

m
ist

ak
en

 a
s 

th
e 

co
nt

ex
tu

al
 s

en
se

 o
f t

he
 ta

rg
et

 w
or

d.
 (3

) I
t i

s 
gr

am
m

a1
ca

lly
 

ac
ce

pt
ab

le
. 

I f
ur

th
er

 e
xp

la
in

 th
es

e 
re

qu
ire

m
en

ts
 b

el
ow

. 
Re

qu
ire

m
en

t 
1:

 D
iff

er
en

t 
m

ea
ni

ng
s.

 C
on

sid
er

 t
he

 o
rig

in
al

 
se

nt
en

ce
 (1

a)
 a

nd
 a

 ca
nd

id
at

e 
pa

ra
ph

ra
se

 (1
b)

. W
hi

le
 se

nt
en

ce
 

(1
a)

 c
le

ar
ly

 re
fe

rs
 to

 P
au

la
’s 

em
o1

on
s,

 s
en

te
nc

e 
(1

b)
 p

re
se

nt
s 

so
m

e 
di

ffe
re

nt
 

im
ag

es
: 

Ei
th

er
 

Pa
ul

a 
w

as
 

pr
ot

ec
te

d 
(b

y 
sa

nd
ba

gs
 

or
 

m
et

ap
ho

ric
al

 
sa

nd
ba

gs
) 

w
hi

le
 

re
pe

a1
ng

 
so

m
et

hi
ng

 d
an

ge
ro

us
, o

r w
ha

t s
he

 re
pe

at
ed

 ir
rit

at
ed

 so
m

eo
ne

 
an

d 
th

at
 p

er
so

n 
hi

t 
he

r 
ha

rd
 w

ith
 a

 s
an

db
ag

. S
in

ce
 t

he
 t

w
o 

se
nt

en
ce

s i
nv

ok
e 

di
ffe

re
nt

 im
ag

es
, s

en
te

nc
e 

(1
b)

 m
ee

ts
 th

e 
fir

st
 

re
qu

ire
m

en
t 

an
d 

ca
n 

be
 

fu
rt

he
r 

co
ns

id
er

ed
 

fo
r 

in
ap

t 
pa

ra
ph

ra
se

 a
nn

ot
a1

on
 (

in
 f

ac
t, 

it 
al

so
 m

ee
ts

 t
he

 o
th

er
 t

w
o 

re
qu

ire
m

en
ts

 a
nd

 s
ho

ul
d 

be
 m

ar
ke

d 
ou

t 
as

 a
 g

oo
d-

en
ou

gh
 

in
ap

t p
ar

ap
hr

as
e)

. 
(1
) a

. P
au

la
 re

pe
at

ed
, s

tu
nn

ed
. 

b.
 P

au
la

 re
pe

at
ed

, s
an

db
ag

ge
d.

 
Se

nt
en

ce
 (

1b
) 

is 
al

so
 a

m
bi

gu
ou

s 
an

d 
ca

n 
be

 i
nt

er
pr

et
ed

 i
n 

di
ffe

re
nt

 
w

ay
s.

 
Su

ch
 

am
bi

gu
ou

s 
se

nt
en

ce
s 

ar
e 

al
w

ay
s 

co
ns

id
er

ed
 in

ap
t p

ar
ap

hr
as

es
, e

ve
n 

if 
on

e 
of

 th
e 

in
te

rp
re

ta
1o

ns
 

do
es

 
co

rr
es

po
nd

 
to

 
th

e 
or

ig
in

al
 

se
nt

en
ce

–t
he

y 
do

 
no

t 
ne

ce
ss

ar
ily

 c
on

ve
y 

th
e 

m
ea

ni
ng

 o
f t

he
 o

rig
in

al
 se

nt
en

ce
. 

Re
qu

ire
m

en
t 2

: W
ro

ng
 se

ns
e.

 A
 g

oo
d-

en
ou

gh
 in

ap
t p

ar
ap

hr
as

e 
te

lls
 u

s 
th

at
 a

 m
or

e 
ba

sic
 s

en
se

 m
ig

ht
 h

av
e 

be
en

 a
ss

ig
ne

d 
to

 
th

e 
ta

rg
et

 w
or

d 
(b

y 
us

in
g 

a 
w

or
d 

re
la

te
d 

to
 t

he
 m

or
e 

ba
sic

 
se

ns
e 

to
 r

ep
la

ce
 t

he
 t

ar
ge

t 
w

or
d)

, i
ns

te
ad

 o
f 

th
e 

co
nt

ex
tu

al
 

se
ns

e.
 S
an

db
ag

 i
s 

re
la

te
d 

to
 t

he
 h

iZ
ng

 s
en

se
 o

f 
st
un

; 
th

e 
re

su
l1

ng
 s

en
te

nc
e 

(1
b)

 is
 t

hu
s 

an
 in

ap
t 

pa
ra

ph
ra

se
 o

f (
1a

). 
In

 
th

e 
ex

am
pl

e 
be

lo
w,

 h
ow

ev
er

, c
om

m
un

ic
a.

on
 is

 n
ot

 n
ec

es
sa

ril
y 

re
la

te
d 

to
 th

e 
ph

ys
ic

al
 se

ns
e 

of
 si
gn

. S
en

te
nc

e 
(2

b)
 th

us
 sh

ou
ld

 
no

t b
e 

se
le

ct
ed

 a
s a

 g
oo

d-
en

ou
gh

 in
ap

t p
ar

ap
hr

as
e 

of
 se

nt
en

ce
 

(2
a)

, 
al

th
ou

gh
 it

 m
ee

ts
 t

he
 fi

rs
t 

re
qu

ire
m

en
t 

of
 c

on
ve

yi
ng

 a
 

di
ffe

re
nt

 m
ea

ni
ng

. 
(2
) a

. T
he

 o
ne

 th
in

g 
th

ey
 d

o 
no

t d
o 

is 
to

 re
-e

xa
m

in
e 

th
e 

or
ig

in
al

 
fo

r t
he

 te
ll-

ta
le

 si
gn

s o
f f

or
ge

ry
. 

b.
 T

he
 o

ne
 th

in
g 

th
ey

 d
o 

no
t d

o 
is 

to
 re

-e
xa

m
in

e 
th

e 
or

ig
in

al
 

fo
r t

he
 te

ll-
ta

le
 c

om
m

un
ic

a'
on

s o
f f

or
ge

ry
. 

Re
qu

ire
m

en
t 3

: G
ra

m
m

ar
. W

e 
fo

cu
s o

n 
se

m
an

1c
 d

iff
er

en
ce

s i
n 

th
is 

st
ud

y, 
so

 u
ng

ra
m

m
a1

ca
l c

an
di

da
te

 p
ar

ap
hr

as
es

 s
ho

ul
d 

be
 

ru
le

d 
ou

t. 
Se

nt
en

ce
 (

3b
) 

is 
un

gr
am

m
a1

ca
l 

as
 c
ov
er

 i
s 

a 
tr

an
si1

ve
 v

er
b 

an
d 

sh
ou

ld
 n

ot
 b

e 
fo

llo
w

ed
 b

y 
a 

pr
ep

os
i1

on
. I

t 
th

us
 sh

ou
ld

 n
ot

 b
e 

se
le

ct
ed

 a
s a

 g
oo

d-
en

ou
gh

 in
ap

t p
ar

ap
hr

as
e 

fo
r (

3a
). 

(3
) a

. B
ut

 th
e 

m
os

t s
tr

ik
in

g 
th

in
g 

ab
ou

t B
ag

eh
ot

’s 
es

sa
y 

on
 P

ee
l, 

in
 th

e 
lig

ht
 o

f t
he

 la
st

 fu
ll 

w
ee

k 
of

 th
is 

el
ec

1o
n 

ca
m

pa
ig

n,
 is

 
th

at
 it

 si
m

pl
y 

do
es

 n
ot

 a
pp

ly
 to

 M
aj

or
 a

t a
ll.

 
b.

 B
ut

 th
e 

m
os

t s
tr

ik
in

g 
th

in
g 

ab
ou

t B
ag

eh
ot

’s 
es

sa
y o

n 
Pe

el
, 

in
 th

e 
lig

ht
 o

f t
he

 la
st

 fu
ll 

w
ee

k 
of

 th
is 

el
ec

1o
n 

ca
m

pa
ig

n,
 is

 
th

at
 it

 si
m

pl
y 

do
es

 n
ot

 c
ov

er
 to

 M
aj

or
 a

t a
ll.

 
O

ve
ra

ll 
Pl

ea
se

 k
ee

p 
in

 m
in

d 
th

at
 t

he
 c

an
di

da
te

 p
ar

ap
hr

as
es

 
w

er
e 

ge
ne

ra
te

d 
au

to
m

a1
ca

lly
 b

y 
re

pl
ac

in
g 

a 
ta

rg
et

 w
or

d 
w

ith
 a

 
w

or
d 

re
la

te
d 

to
 a

 r
an

do
m

 s
en

se
 o

f 
th

e 
fo

rm
er

. T
he

y 
ar

e 
no

t 
pr

ov
id

ed
 b

y 
hu

m
an

s w
ith

 a
n 

a\
em

pt
 to

 p
ar

ap
hr

as
e 

th
e 

or
ig

in
al

 
se

nt
en

ce
s,

 so
 p

le
as

e 
do

 n
ot

 tr
y 

to
 ju

s1
fy

 th
em

 (t
ha

t i
s,

 to
 fi

nd
 a

 
re

as
on

 w
hy

 a
n 

En
gl

ish
 s

pe
ak

er
 w

ou
ld

 p
ar

ap
hr

as
e 

th
e 

or
ig

in
al

 
se

nt
en

ce
 li

ke
 th

at
). 

Figure 7: Guidelines for inapt paraphrase annotation.
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Figure 8: Novelty distribution of the metaphor samples,
across all genres (above) and in different genres (below).
The novelty scores are extracted from Do Dinh et al.
(2018).

it achieved the highest accuracy score across all1295

conditions and prompts: The Metaphor-Word con-1296

dition of Word-judgement for LLaMA-13B, using1297

the third prompt (see Table 6); the Metaphot-Word1298

condition of Sentence-judgement for LLaMA-30B,1299

using the second prompt (see Table 7); the Implicit1300

condition of Word-judgement for GPT-3.5, using1301

the third prompt.1302

F.2 Factors associated with model1303

performance1304

Table 10 summarises the novelty scores of the1305

metaphor samples that receive correct versus incor-1306

rect answers from the models in the two paraphrase1307

tasks. Table 11 and 12 show model accuracies1308

in different genres and for different POS of the1309

metaphorical word respectively. Like in F.1, the1310

statistics are based on the best performance of each1311

model. In paraphrase generation, the LLaMA mod-1312

els achieve their respective best performance when1313

given the first prompt (see Table 8); for GPT-3.5, it1314

is the second prompt.1315

Implicit
(1) Choose the word(s) that can replace the highlighted
word in the given sentence without changing the meaning
of the sentence.
Sentence: (a metaphor sample)
Option A: (a substitution word)
Option B: (another substitution word)
Option C: Both Option A and Option B
Option D: Neither Option A nor Option B
Correct answer: Option
(2) Select words that can replace the highlighted word in
the given sentence without altering the sentence’s meaning.
(. . . )
(3) Which of the given options can replace the highlighted
word in the given sentence without altering the sentence’s
meaning? (. . . )
M-sent
(1) Choose the word(s) that can replace the highlighted
word in the given metaphorical sentence without changing
the meaning of the sentence. (. . . )
(2) Select words that can replace the highlighted word
in the given metaphorical sentence without altering the
sentence’s meaning. (. . . )
(3) Which of the given options can replace the highlighted
word in the given metaphorical sentence without altering
the sentence’s meaning? (. . . )
M-word
(1) Choose the word(s) that can replace the highlighted
metaphorically used word in the given sentence without
changing the meaning of the sentence. (. . . )
(2) Select words that can replace the highlighted metaphor-
ically used word in the given sentence without altering the
sentence’s meaning. (. . . )
(3) Which of the given options can replace the highlighted
metaphorically used word in the given sentence without
altering the sentence’s meaning? (. . . )

Table 6: Prompts for the word judgement task.
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Implicit
(1) Choose the correct paraphrase(s) for the given sen-
tence.
Sentence: (a metaphor sample)
Option A: (a candidate paraphrase)
Option B: (another candidate paraphrase)
Option C: Both Option A and Option B
Option D: Neither Option A nor Option B
Correct answer: Option
(2) Select sentences that paraphrase the given sentence.
(. . . )
(3) Select sentences that are semantically equivalent to the
following sentence. (. . . )
M-sent
(1) Choose the correct paraphrase(s) for the given
metaphorical sentence. (. . . )
(2) Select sentences that paraphrase the given metaphorical
sentence. (. . . )
(3) Select sentences that are semantically equivalent to the
following metaphorical sentence. (. . . )
M-word
(1) You are given a sentence where the highlighted word
is metaphorically used. Choose the correct paraphrase(s)
for the given sentence. (. . . )
(2) Given a sentence where the highlighted word is
metaphorically used, select sentences that paraphrase this
sentence. (. . . )
(3) Given a sentence where the highlighted word is
metaphorically used, select sentences that are semanti-
cally equivalent to this sentence. (. . . )

Table 7: Prompts for the sentence judgement task.

(1) Paraphrase the given sentence by substituting the high-
lighted word with another word. The substitution should
be a single word.
Sentence: No golden light ∗bathed∗ the red brick of the
house.
llama:
Paraphrase: No golden light ∗[blank]∗ the red brick of the
house.
[blank] should be “___
gpt:
Paraphrase: No golden light ∗___∗ the red brick of the
house.
(2) Use a single word to replace the highlighted word in
the given sentence, so that the new sentence and the given
sentence mean the same thing.
Sentence: (. . . )
New sentence: (. . . )
(3) Given a sentence with a highlighted word, replace this
word with a different word to make a paraphrase.
Sentence: (. . . )
Paraphrase: (. . . )

Table 8: Prompts for the paraphrase generation task.
The blank (___) denotes the place where models are
asked to provide their answers: The LLaMA models
append answer after the left quotation mark (“) while
GPT-3.5 inserts answer between the two asterisks (∗).
The blank itself is not part of the prompts.

llama-13b llama-30b gpt-3.5
A/B
A/B 667 462 373
B/A 212 47 20
C 193 563 641
D 0 0 38
C
C 10 32 38
A/B 35 13 5
D 0 0 2
D
D 0 0 101
A/B 241 33 52
C 134 342 222

Table 9: Count for each combination of expected an-
swer and correct or incorrect prediction when each
model achieves their highest performance in the para-
phrase judgement task. A/B (A or B) means one of the
two candidate paraphrases is expected or predicted as
the correct answer. The counts are based on the pre-
dictions of the models when they reach their respective
highest accuracy in our experiments.

Judgement Generation
llama-13b 0.07 / 0.07 0.07 / 0.06
llama-30b 0.05 / 0.08 0.06 / 0.06
gpt-3.5 0.06 / 0.08 0.04 / 0.07

Table 10: Mean novelty scores of metaphor samples
that each model gives correct/incorrect answers when it
achieves its respective highest performance in the para-
phrase judgement and paraphrase generation tasks. All
standard deviations are 0.20± 0.01. Boldface denotes
that the difference between correct and incorrect an-
swers is statistically significant.

ACPROSE NEWS FICTION CONVRSN
Judgement
llama-13b .44 .47 .47 -
llama-30b .37 .33 .24 -
gpt-3.5 .34 .36 .32 -
Generation
llama-13b .15 .17 .21 .13
llama-30b .34 .37 .37 .32
gpt-3.5 .45 .41 .40 .40

Table 11: Model accuracy in different genres when
the models achieve their best performance in the para-
phrase judgement and paraphrase generation tasks. The
metaphor samples for the paraphrase judgement task
do not cover the conversation genre. Boldface denotes
statistically significant difference between the highest
and lowest accuracies on the same row.
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N V A R
Judgement
llama-13b .44 .47 .46 .70
llama-30b .34 .32 .30 .30
gpt-3.5 .38 .29 .31 .30
Generation
llama-13b .18 .16 .15 .13
llama-30b .37 .36 .32 .37
gpt-3.5 .44 .41 .40 .52

Table 12: Model accuracy per POS of the metaphorical
word (Noun, Verb, Adjective, and adveRb) when each
model achieves its best performance in the paraphrase
judgement and paraphrase generation tasks. Boldface
denotes statistically significant difference between the
highest and lowest accuracies on the same row. Accura-
cies for adverb metaphors in the paraphrase judgement
task are disregarded as the task only includes 10 adverb
samples.

20


	Introduction
	Related work
	Data collection: metaphor samples
	Annotation of apt paraphrases
	Annotation of inapt paraphrases
	Data analysis
	Model evaluation
	Paraphrase judgement
	Paraphrase generation

	Discussion
	Conclusion
	Limitations
	Ethics statement
	Previous metaphor understanding datasets and tasks
	Crowdsourcing task
	Inapt paraphrase annotation
	Novelty distribution of MUNCH metaphor samples
	Model evaluation details
	Error analysis details
	Paraphrase judgement
	Factors associated with model performance


