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Abstract001

We present SEMANTICQA, a comprehensive002
benchmark suite designed to assess language003
models (LMs) across ten semantic phrase (SP)004
processing tasks. Unlike prior benchmarks, it005
provides a unified evaluation setting encom-006
passing both general SPs, such as lexical collo-007
cations (LC), and three fine-grained categories:008
idiomatic expressions (IE), noun compounds009
(NC), and verbal constructions (VC). We sys-010
tematically evaluate LMs of diverse architec-011
tures and scales on classification, extraction,012
and interpretation tasks. Our results reveal sub-013
stantial performance variation, particularly on014
tasks requiring compositional semantic reason-015
ing, highlighting differences in LMs’ reasoning016
capabilities and semantic understanding. These017
findings provide actionable insights for advanc-018
ing the development of LMs with stronger SP019
comprehension. The code, data, and models020
will be made publicly available upon comple-021
tion of the review process.022

1 Introduction023

Semantic phrases (SPs), also referred to as multi-024

word expressions (MWE), are lexical combinations025

whose meanings or usages cannot be fully derived026

from their individual components (Pasquer et al.,027

2020). They exhibit varying degrees of composi-028

tionality, idiomaticity, and fixedness (Sailer and029

Markantonatou, 2018; Ramisch, 2023). Despite030

extensive research across supervised and unsuper-031

vised paradigms, robust SP processing remains a032

long-standing challenge in NLP (Sag et al., 2002;033

Constant et al., 2017a; Shwartz and Dagan, 2019;034

Ramisch et al., 2023a; Wada et al., 2023; Tanner035

and Hoffman, 2023).036

Large language models (LLMs) are typically037

evaluated using benchmarks that emphasize mathe-038

matical reasoning (An et al., 2025; Balunović et al.,039

2025), code generation (Austin et al., 2021; Li et al.,040

2024), or symbolic reasoning (Xu et al., 2025).041

[Context] It was not rocket science in this case to determine that 

Goebbels was being cited to attack Trump, not to praise Nazis. 

[Idiom] rocket science

[Choices]

(A)  Projectile knowledge                     (C)  Proper Noun

(B)  Difficult problem                           (D)  Meta Usage

[Context] It was not rocket science in this case to determine that 

Goebbels was being cited to attack Trump, not to praise Nazis. 

[Extraction Idiom] rocket science

[Context] It was not rocket science in this case to determine that 

Goebbels was being cited to attack Trump, not to praise Nazis. 

[Idiom] rocket science

[Interpretation] something extremely complex or difficult
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Figure 1: Examples of semantic operations for the Id-
iomatic Expressions (IE) task are provided, with addi-
tional details available in Appendix B.

While these benchmarks effectively assess logical 042

reasoning and factual knowledge (Yu et al., 2024; 043

Hu et al., 2024; Huang et al., 2025; Yu et al., 2025), 044

they largely overlook fine-grained semantic-level 045

reasoning that operates over sub-sentential units. In 046

particular, phrase-level semantics, where meaning 047

emerges from interactions between lexical compo- 048

nents and context, remain underexplored, and when 049

evaluated, are often assessed through isolated task 050

formats that conflate multiple semantic operations. 051

As a result, it is difficult to determine whether 052

strong performance reflects stable phrase-level se- 053

mantic representations or task-specific heuristics. 054

Recent work has therefore called for diagnostic 055

evaluation benchmarks that explicitly disentangle 056

semantic operations and probe phrase-level seman- 057

tic behavior beyond surface-level language under- 058

standing (Miletić and Walde, 2024). 059

We therefore ask: “How do language models 060

(LMs) behave when evaluated on phrase-level se- 061

mantics across distinct but structurally constrained 062

semantic operations?” To address this question, 063

we introduce SEMANTICQA, an operation-aligned 064

evaluation benchmark for phrase-level semantic 065
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Semantic Phrase Phenomena

Semantic Category Oracle Schema

Semantic Knowledge 

Magn

Ver

Bon

…

AntiMagn

AntiVer

AntiBon

…

The meaning of the Verb-particle 

construction (VPC) is fully or

 partly non-compositional.

…

Classification

Workflow

Extraction

Interpretation

Compositional 

Semantic

 Reasoning

Evaluation Metrics

Language Agents

Conditional vs Overall

Input Prompts

Few-shot

Atomic tasks

Compositional tasks

Idiomatic Expression Crocodile tears are caused by…

Lexical Collocation …it 's a great relief to know…

Noun Compound Disney comics were highly popular…

Verbal Construction …would pick up family and other…

Compositional 

Semantic

 Reasoning

Classification Prompt

Extraction Prompt

Interpretation Prompt

Instruction: …Your task is to ...

Context: {{context}}

Output: {{output}}

Classification

Accuracy

Extraction 

Sequence-level 

Accuracy

Interpretation

METEOR

 ROUGE-L

 BERTScore

Atomic VS Compositional  

Zero-shot

Figure 2: Overview of the Semantic Phrase Reasoning Benchmark.

processing.066

In this work, we adopt a deliberately operational-067

ized view of semantic reasoning at the benchmark068

level. Rather than requiring LMs to perform multi-069

ple semantic operations on the same instance, we070

examine whether phrase-level semantic understand-071

ing generalizes across datasets that instantiate dif-072

ferent semantic operations. Specifically, we con-073

sider three atomic operations, including classifica-074

tion, extraction, and interpretation, which target the075

same underlying notion of phrase meaning while076

imposing distinct structural constraints on LM out-077

puts. Under this formulation, semantic reasoning078

is assessed by a LM’s ability to exhibit compati-079

ble performance patterns across operation-aligned080

tasks, reflecting whether learned phrase semantics081

transfer across different semantic interfaces rather082

than overfitting to a single task format.083

Under this definition, high performance on any084

single task is insufficient evidence of semantic085

reasoning. Instead, semantic reasoning is eval-086

uated through cross-operation consistency at the087

benchmark level, sensitivity to operation-specific088

structural constraints, and robustness under explic-089

itly constructed compositional evaluation settings090

where applicable. Our contributions are threefold:091

1. Operation-Aligned Semantic Evaluation.092

SEMANTICQA does not introduce new seman-093

tic theories but evaluates phrase-level com-094

petence through a set of controlled seman-095

tic operations with varying output structures096

and constraints. Its core contribution lies in097

aligning existing SP tasks with the seman-098

tic operations they instantiate, enabling sys-099

tematic analysis of semantic behavior across100

structurally distinct yet related task families. 101

2. Minimal and Controlled Benchmark De- 102

sign. SEMANTICQA employs fixed prompt 103

templates to reduce prompt-induced variance 104

across LMs. By holding prompt structure con- 105

stant while varying semantic operations, the 106

benchmark supports fair comparison under 107

shared instructional conditions. 108

3. Diagnostic Analysis of Compositional Sen- 109

sitivity. In explicitly designed compositional 110

settings, we show that strong LLMs often 111

fail to maintain semantic consistency across 112

dependent operations, revealing phrase-level 113

limitations that remain hidden in single-task 114

evaluations. 115

2 Related Work 116

Complex Reasoning. Recent benchmarks have 117

extensively evaluated LLMs across general lan- 118

guage understanding (Hendrycks et al., 2020; 119

Huang et al., 2023), mathematical reasoning (An 120

et al., 2025; Balunović et al., 2025), code gener- 121

ation (Chen et al., 2021; Austin et al., 2021; Li 122

et al., 2024), and symbolic reasoning(Xu et al., 123

2025). Many focus on structured inference over ex- 124

plicit representations, such as compositional proce- 125

dures in math or rule-based symbolic tasks. While 126

effective for formal reasoning, they largely over- 127

look fine-grained semantic operations.While these 128

benchmarks are effective at assessing formal rea- 129

soning and problem-solving skills, they primarily 130

focus on structured inference over explicit repre- 131

sentations (Liu et al., 2024; Balunović et al., 2025; 132

An et al., 2025; Luong et al., 2025). 133
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In contrast, natural language reasoning relies on134

phrase-level meaning composition, contextual dis-135

ambiguation, implicit semantic-role inference, and136

paraphrase mapping. These operations require ma-137

nipulating latent semantic representations rather138

than symbolic rules. Analyses show that even state-139

of-the-art LLMs often depend on shallow heuris-140

tics, emphasizing the need for benchmarks that141

directly test semantic-level reasoning (Yu et al.,142

2024; Huang et al., 2025).143

Semantic Phrase Processing and Evaluation Re-144

sources. SP processing has long been studied in145

the context of MWEs, with early work focusing146

on unsupervised phrase representations and com-147

positional modeling (Vacareanu et al., 2020; Arase148

and Tsujii, 2020). More recent studies have exam-149

ined idiom identification, contextual paraphrasing,150

and noun compound interpretation using both fine-151

tuned models (e.g., T5) and large-scale transform-152

ers (e.g., GPT-5) (Klubička et al., 2023; Wada et al.,153

2023). In parallel, a wide range of datasets have154

been developed to evaluate phrase semantics, cov-155

ering idiomatic expressions (Tedeschi et al., 2022;156

Zhou et al., 2021), collocations (Espinosa-Anke157

et al., 2019, 2021; Fisas et al., 2020; Espinosa-Anke158

et al., 2022), and verbal constructions (Savary et al.,159

2023; Ramisch et al., 2020).160

Despite this progress, existing work and datasets161

typically isolate specific phrase types, task formats,162

or semantic phenomena, such as compositionality163

or literal, idiomatic distinctions, without explic-164

itly modeling the atomic semantic operations un-165

derlying phrase understanding (Pham et al., 2023;166

Buijtelaar and Pezzelle, 2023; Zeng et al., 2023).167

As a result, evaluations are often conducted in iso-168

lation, limiting cross-task and cross-phenomenon169

analysis and obscuring how phrase-level seman-170

tic competence generalizes across structurally dis-171

tinct settings. This fragmentation motivates SE-172

MANTICQA, which provides a unified, operation-173

aligned evaluation benchmark for analyzing phrase-174

level semantic processing in LLMs.175

3 SEMANTICQA: Semantic Phrase176

Processing Benchmark177

178

3.1 Preliminaries179

SPs exhibit diverse degrees of compositionality180

and conventionalization. We consider four repre-181

sentative phrase types that capture major sources182

of phrase-level semantic variation. 183

Idiomatic Expressions (IE) are prototypical non- 184

compositional phrases whose meanings cannot be 185

derived from their constituent words (e.g., kick the 186

bucket). Processing such expressions requires LMs 187

to recover conventionalized meanings beyond lit- 188

eral composition. (Zhou et al., 2022; Zeng and 189

Bhat, 2022; Haviv et al., 2023). 190

Lexical Collocations (LC) form a broad class 191

of SPs with varying degrees of compositionality. 192

They are characterized by conventionalized lexi- 193

cal relations between a base word and a collocate, 194

ranging from largely compositional combinations 195

to idiom-like usages (Espinosa-Anke et al., 2021; 196

Shvets and Wanner, 2022). 197

Noun Compounds (NC) are often compositional, 198

but their interpretation frequently depends on im- 199

plicit semantic relations, contextual cues, or world 200

knowledge (e.g., baby oil vs. olive oil) (Kolluru 201

et al., 2022; Coil and Shwartz, 2023). 202

Verbal Constructions (VC), or verbal multi- 203

word expressions (VMWE), including light-verb 204

constructions (LVC), verb–particle constructions 205

(VPC), and verbal idioms (VID), are typically semi- 206

compositional (Tanner and Hoffman, 2023; Savary 207

et al., 2023; Ramisch et al., 2023b). Their meanings 208

arise from an interaction between literal composi- 209

tion and conventional usage. 210

Together, these categories provide a unified foun- 211

dation for evaluating phrase-level semantic process- 212

ing. Our benchmark assesses LMs’ ability to per- 213

form semantic operations over these phrase types, 214

both in isolation and in composition. 215

3.2 Task Definitions 216

We organize tasks by both phrase type and atomic 217

semantic operation, where each operation targets a 218

distinct aspect of semantic processing. This organi- 219

zation allows tasks operating on the same underly- 220

ing phrase meaning to differ systematically in their 221

output structure and constraints. 222

For IE, we include detection (IED), extraction 223

(IEE), and interpretation (IEI). Detection is for- 224

mulated as a multiple-choice classification task, 225

extraction requires exact span identification, and 226

interpretation evaluates contextualized paraphrase 227

generation. All datasets are adapted from existing 228

annotated resources (Harish et al., 2021; Tedeschi 229

et al., 2022; Zhou et al., 2021), with overlapping 230

instances deduplicated and reformatted to ensure 231

consistency across operations. 232
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Task Data Source Input (I) Output (O) Metrics # Test Size Phrase Type

IE Detection Harish et al., 2021 P⊕S⊕IE Choice from Options ACC 273 IDIOMACITY

IE Extraction Tedeschi et al., 2022 P ⊕ S Extracted IE ACCs 447 IDIOMACITY

IE Interpretation Zhou et al., 2021;
Chakrabarty et al., 2022

P⊕S⊕IE Interpretation of IE METEOR,ROUGE-L,
BERTSCORE

818 IDIOMACITY

LC Categorization Espinosa-Anke et al.,
2021

P ⊕ T ⊕S Choice from Options ACC 305 COLLOCATION

LC Extraction Fisas et al., 2020 P ⊕ T ⊕ S ExtractedLC ACCs 305 COLLOCATION

LC Interpretation Espinosa-Anke et al.,
2019, 2021

P⊕S⊕LC Interpretation ofLC METEOR,ROUGE-L,
BERTSCORE

305 COLLOCATION

NC Compositionality Garcia et al., 2021 P⊕S⊕NC Choice from Options ACC 242 NOUN COMPOUND

NC Extraction Garcia et al., 2021; Kol-
luru et al., 2022

P ⊕ S ExtractedNC ACCs 720 NOUN COMPOUND

NC Interpretation Coil and Shwartz, 2023 P⊕S⊕NC Interpretation ofNC METEOR,ROUGE-L,
BERTSCORE

110 NOUN COMPOUND

VMWE Extraction Savary et al., 2023 P ⊕ S Extracted VC ACCs 475 VERBAL MWE

Table 1: A summary of the dataset statistics in SEMANTICQA. P refers to the prompt template, S the sentence
context, T the semantic taxonomy narrative, IE idiomatic expressions, LC lexical collocations, and NC noun
compounds.

Lexical Function Example Semantic Relation

Magn Magn(rain) = heavy “intense”, “strong”
AntiMagn AntiMagn(accent) = slight “little”, “weak”

Ver Ver(message) = clear “real”, “genuine”
AntiVer AntiVer(accusation) = groundless “non-genuine”

Bon Bon(bread) = fresh “positive”
AntiBon AntiBon(advantage) = undue “negative”

Son Son(alarm clock) = ring(s) “sound”, “voice”

Oper1 Oper1(advice) = give “perform”

Table 2: Partial semantic relations involved in this paper,
with their exemplars. More relations in lexical functions
(LFs) can be referred to the Table 8.

For LC, we design categorization (LCC), extrac-233

tion (LCE), and interpretation (LCI) tasks. Catego-234

rization requires predicting the semantic relation235

of a collocation under a lexical-function taxonomy236

(cf. Table 2). Extraction identifies both the base237

word and collocate word in context, while inter-238

pretation evaluates paraphrase generation condi-239

tioned on sentence context. Datasets are balanced240

across semantic relation categories to support con-241

trolled multi-class evaluation (Espinosa-Anke et al.,242

2021; Fisas et al., 2020; Espinosa-Anke et al., 2022,243

2021).244

For NC, we include compositionality classifica-245

tion (NCC), extraction (NCE), and interpretation246

(NCI), which respectively evaluate compositional-247

ity judgment, structural identification, and literal248

meaning reconstruction under context (Garcia et al.,249

2021; Kolluru et al., 2022; Coil and Shwartz, 2023;250

Hendrickx et al., 2013).251

Finally, we include VMWE extraction task ,252

which requires identifying a single verbal construc-253

tion in context, covering VPC (VPE), LVC (LVE), 254

and VID (VIE) (Savary et al., 2023). 255

We formalize SP processing as a conditional 256

generation problem under operation-aligned con- 257

straints. Given a prompt template P that specifies a 258

target semantic operation and a SP embedded in its 259

context S, a LM is required to generate an output 260

O that satisfies the instruction induced by P . 261

Concretely, the model input is constructed as 262

I := P ⊕ S , where ⊕ denotes a task-specific com- 263

position of instruction and contextualized phrase. 264

The output O varies according to the semantic op- 265

eration being evaluated. For example, in extraction 266

tasks, O corresponds to the target phrase span iden- 267

tified from S under the constraints specified by P , 268

whereas in classification or interpretation tasks, O 269

represents a semantic decision or reconstruction 270

aligned with the given instruction. 271

For each task, the configuration of the tuple 272

(P,S,O) is instantiated according to a fixed tem- 273

plate, as summarized in Table 1. Each dataset is 274

defined as D := {(pi, si, oi)}Ni=1, where each ex- 275

ample pairs a prompt, a contextualized SP, and a 276

gold-standard output corresponding to the target 277

semantic operation. 278

3.3 Evaluation Metrics 279

We adopt task-appropriate automatic metrics 280

aligned with the output space of each semantic 281

operation. Classification tasks are evaluated using 282

exact match1 (EM) or accuracy (Acc). Extraction 283

1We apply heuristic rules to normalize and parse LLM
outputs according to their response formats.
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   Qwen3-235B
DeepSeek-R1
Kimi-K2-Instruct

Gemma-3-27B-it
Gemini-1.0-pro
Gemini-2.5-pro

Claude-Instant-1
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GPT-4
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GPT-5
BERT-base
BERT-large

T5-base
T5-large

Figure 3: Overall the best performance (i.e., capacity triangle △) of models on SEMANTICQA

tasks are evaluated using sequence-level accuracy284

(ACCs), which requires exact recovery of the tar-285

get phrase and avoids score inflation from partial286

matches. Interpretation tasks are evaluated using287

METEOR (MTR) (Denkowski and Lavie, 2014)288

as the primary metric, with ROUGE-L (R-L) (Lin,289

2004), and BERTScore (B-S) (Zhang et al., 2019)290

reported for complementary analysis.291

4 Experimental Setup292

Datasets. SEMANTICQA is built upon datasets293

drawn from multiple prior resources (Harish et al.,294

2021; Espinosa-Anke et al., 2022; Garcia et al.,295

2021; Savary et al., 2023), which vary in annota-296

tion protocols, difficulty distributions, and semantic297

granularity . Rather than enforcing uniform diffi-298

culty or annotation consistency across sources, the299

benchmark is designed to reflect this variation and300

is not intended for absolute performance compar-301

isons across phrase types or tasks. Our analysis302

focuses on within-task and within-dataset trends,303

as well as relative changes induced by different304

semantic operations and compositional evaluation305

settings. Accordingly, claims about semantic rea-306

soning are grounded in performance patterns that307

are stable across multiple tasks and datasets, rather308

than in absolute score levels. All experiments use309

the datasets described in Table 1 and §B.310

Models. We evaluate a diverse set of LMs311

spanning different architectures, scales, and rea-312

soning capabilities, including GPT-5 (OpenAI,313

2025a), OpenAI o3 (OpenAI, 2025b), GPT-4 (Ope-314

nAI, 2023), Claude-Sonnet-4.5 (Anthropic, 2025),315

Gemini-2.5-Pro (Google, 2025), Claude-3-Opus316

(Anthropic, 2024), DeepSeek-R1 (DeepSeek-AI,317

2025), Qwen3-235B (Qwen Team, 2025), Gemma-318

3-27B-it (Gemma Team, 2025), and Kimi-K2-319

Instruct (Kimi Team, 2025), BERT-base/large (De-320

vlin et al., 2019), and T5-base/large (Raffel et al., 321

2020), as summarized in Figure 3 and Table 12. 322

5 Results 323

5.1 Benchmarking Results 324

Overall Performance Patterns. Table 3 and Fig- 325

ure 3 show substantial variation across semantic 326

operations and phrase types. Even within the same 327

semantic phenomenon (e.g., IE or LC), models be- 328

have differently on classification, extraction, and 329

interpretation, indicating that these operations im- 330

pose distinct structural and semantic constraints. 331

No model performs uniformly well across all set- 332

tings, suggesting operation-specific strengths and 333

weaknesses rather than a single transferable no- 334

tion of phrase-level competence. Moreover, SE- 335

MANTICQA is neither saturated nor uniformly diffi- 336

cult: different tasks expose complementary failure 337

modes, supporting its use as a diagnostic bench- 338

mark rather than a leaderboard driven by aggregate 339

scores. 340

Effect of In-Context Learning (ICL). The im- 341

pact of ICL varies by task type (cf. Tables 3 342

and 4). Interpretation tasks benefit most consis- 343

tently from few-shot prompting. Across IEI, LCI, 344

and NCI, three- or five-shot demonstrations yield 345

clear gains in MTR. However, as shown in Ta- 346

ble 4, complementary metrics reveal that these im- 347

provements primarily reflect exemplar-guided re- 348

construction rather than strict semantic grounding, 349

as embedding-based similarity can be high even 350

when lexical overlap remains limited. Few-shot 351

ICL improves both R-L and B-S, but gains vary by 352

phrase type, reflecting the inherent underspecifica- 353

tion of interpretation outputs. 354

For classification tasks, ICL exhibits mixed ef- 355

fects. Models with weaker zero-shot performance 356
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MODEL
IDIOM COLLOCATION NOUN COMPOUND VMWE

IED IEE IEI LCC LCE LCI NCC NCE NCI VPE LVE VIE

METRIC (%) ACC ACCs MTR ACC ACCs MTR ACC ACCs MTR ACCs ACCs ACCs

HUMAN 71.0 87.0 20.5 47.0 50.0 16.7 71.0 73.0 17.2 85.0 55.0 78.0

DeepSeek-R1: zero-shot 71.1 69.4 12.4 66.6 31.5 31.8 60.2 51.3 31.4 76.8 26.7 50.5
↪→ + three-shot 79.1 70.6 19.4 76.4 55.6 33.6 62.7 66.3 68.3 74.7 26.7 59.1
↪→ + five-shot 84.3 72.3 19.2 76.1 64.3 32.9 60.6 70.7 68.7 81.6 35.8 57.1

Kimi-K2-Instruct: zero-shot 68.5 63.1 13.9 68.5 34.4 33.7 60.6 45.4 65.4 55.8 28.9 46.7
↪→ + three-shot 77.7 68.9 23.5 79.0 67.9 39.1 59.3 64.4 71.4 79.5 39.4 43.8
↪→ + five-shot 81.7 69.6 21.7 79.7 69.2 36.9 64.7 63.6 76.7 81.1 43.3 46.7

Gemma-3-27B-it: zero-shot 55.0 57.3 13.5 58.0 38.4 35.0 58.3 39.9 43.8 66.8 19.4 38.1
↪→ + three-shot 69.6 62.0 19.9 70.1 63.7 37.3 56.7 57.2 68.3 74.1 28.3 45.7
↪→ + five-shot 72.1 61.6 19.2 70.8 68.2 38.7 56.2 59.2 70.5 70.5 35.0 52.4

Claude-Sonnet-4.5: zero-shot 72.5 68.5 17.0 67.5 40.1 34.8 51.0 45.1 77.2 69.8 16.1 41.9
↪→ + three-shot 77.7 72.0 25.8 77.1 70.5 41.2 61.4 59.3 81.2 76.8 30.6 42.9
↪→ + five-shot 78.0 72.0 26.7 76.1 72.7 40.8 70.1 62.1 83.8 82.0 37.2 47.6

OpenAI o3 : zero-shot 57.1 65.1 12.6 72.1 37.7 35.9 65.2 62.9 45.7 67.9 25.6 51.4
↪→ + three-shot 79.5 77.4 21.3 85.9 65.3 41.6 58.9 77.5 68.2 76.3 29.1 52.4
↪→ + five-shot 83.5 74.7 21.9 83.6 71.5 35.9 63.5 78.6 74.5 77.3 36.9 50.0

GPT-5: zero-shot 82.8 67.6 13.9 75.4 36.7 33.7 66.8 64.3 57.3 74.2 28.9 56.2
↪→ + three-shot 82.1 78.3 22.6 86.2 67.2 35.4 61.8 77.1 70.1 74.7 33.3 51.4
↪→ + five-shot 85.4 78.7 22.5 84.3 68.9 37.4 67.2 79.0 75.3 74.7 38.3 50.5

Table 3: Major experimental results in SEMANTICQA. Digits highlight cases in which human scores are higher than
those of all evaluated models, serving as a coarse reference. Light Green and Light Blue parts present open-source
models and proprietary models.

System IEI LCI NCI

R-L B-S R-L B-S R-L B-S

DeepSeek-R1 14.7 85.1 42.0 90.2 37.6 91.3
↪→ 3-shot 25.2 88.1 44.9 91.6 73.0 96.3
↪→ 5-shot 25.0 88.0 44.6 91.8 75.5 96.6

Kimi-K2-Instruct 18.8 86.7 40.2 90.3 68.9 95.6
↪→ 3-shot 27.9 88.4 52.2 92.8 77.8 96.7
↪→ 5-shot 26.4 88.2 48.3 97.2 83.7 97.2

OpenAI o3 17.3 86.5 41.5 89.8 49.9 93.8
↪→ 3-shot 26.2 88.5 51.2 92.6 71.2 96.0
↪→ 5-shot 26.8 88.6 44.8 91.6 76.5 96.5

GPT-5 19.2 86.6 40.6 89.9 56.4 93.3
↪→ 3-shot 27.5 88.7 46.9 92.3 70.9 96.4
↪→ 5-shot 27.1 88.6 47.7 92.3 77.7 96.8

Table 4: Interpretation task results on IEI, LCI, and NCI.
We report ROUGE-L (R-L) and BERTSCORE (B-S)
scores. Green indicates the best performance and red
indicates the worst performance within each column.

often improve, whereas others plateau or regress,357

such as OpenAI o3 on LCC and NCC, indicating358

sensitivity to exemplar selection and task formula-359

tion. Extraction tasks are the most unstable under360

ICL. While demonstrations can substantially im-361

prove performance when span structure is clearly362

illustrated, performance may degrade when test363

instances diverge from the demonstrated patterns.364

Overall, ICL is consistently beneficial for inter-365

pretation, variably effective for classification, and366

highly task-dependent for extraction.367

5.2 Human Performance368

We estimate human performance using annotations369

from three linguistics graduate students, each la-370

beling 100 randomly sampled examples per task 371

in SEMANTICQA, following a two-stage protocol 372

inspired by SuperGLUE (Sarlin et al., 2020). Hu- 373

man scores are reported as a coarse reference rather 374

than an upper bound on performance (cf. Table 3). 375

Differences between human and model results may 376

arise from metric properties, task ambiguity, or out- 377

put normalization effects, especially for interpre- 378

tation tasks. Accordingly, we avoid strong claims 379

based on absolute human–model comparisons. In- 380

stead, human performance is used to contextual- 381

ize task difficulty and to illustrate evaluation chal- 382

lenges under varying output constraints. 383

5.3 Semantic Category Scaling with 384

In-Context Learning 385

To examine how LMs encode semantic distinctions 386

among lexical relations, we evaluate performance 387

on the LCC task under an increasing number of 388

target categories. We construct a controlled scaling 389

setup by varying the category size from 1 to 16, 390

and evaluate supervised baseline models and four 391

representative LLMs under zero-shot and few-shot 392

settings. Overall results are shown in Figures 5 and 393

18. 394

Across all settings, models consistently outper- 395

form random and majority baselines, indicating 396

non-trivial semantic reasoning even without demon- 397

strations. Accuracy decreases as the number of 398

categories grows, but the degradation rate varies 399

substantially across model families. Supervised 400
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Figure 5: The ability of semantic relation categorization of LC with different numbers of in-context exemplars and
semantic category scale. The number n of classes is chosen from N := {1, 2, 4, 8, 16}. Each model is prompted
with the k-shot settings, where k ∈ {0, 3, 5}, respectively. Accuracy scores are calculated by the mean values based
on 30 examples sampled per class from the test split of (Espinosa-Anke et al., 2021), partial categories (n ≤ 8) are
run with three-class combinations in random selection, finally result in the mean value as the average.

baselines remain relatively stable, whereas LLMs401

exhibit sharper drops at larger scales. For example,402

DeepSeek-R1 decreases from 81.7% to 35.4% as403

category size increases, suggesting that in-context404

semantic reasoning alone does not fully substitute405

for explicit supervised signals when fine-grained406

relational distinctions are required.407

5.4 Compositional Semantic Reasoning408

To approximate realistic semantic processing work-409

flows, we evaluate Compositional Semantic Rea-410

soning, where models must perform multiple de-411

pendent semantic operations in sequence, such as412

extraction followed by interpretation or categoriza-413

tion. Tables 5 and 6 report results for compositional414

interpretation and classification setting (Ram et al.,415

2024; Alazraki et al., 2025).416

For interpretation, conditional performance417

(Cond MTR) on correctly extracted phrases is418

consistently lower than overall scores (Overall419

MTR) and shows only limited gains from few-shot420

prompting across both IE and LC settings. This421

gap indicates that accurate extraction remains a pri-422

mary bottleneck for downstream interpretation, and423

that fluent semantic reconstruction does not reliably424

compensate for upstream structural errors. Com-425

positional classification degrades more sharply as426

task complexity increases. While leading models427

perform well in four-class LC settings, accuracy428

drops substantially in eight- and sixteen-class sce-429

narios, with similar trends observed for IE and NC.430

Few-shot prompting partially mitigates this degra-431

dation but does not remove the strong dependence432

Type Model Setting Cond
MTR

Overall
MTR

LC

DeepSeek
-R1

0-shot 35.8 10.0
3-shot 38.8 13.4
5-shot 42.3 14.3

GPT-5
0-shot 37.6 9.9
3-shot 40.1 15.9
5-shot 41.8 17.3

IE

DeepSeek
-R1

0-shot 12.0 6.2
3-shot 13.0 7.4
5-shot 13.4 7.6

GPT-5
0-shot 17.4 8.4
3-shot 17.2 9.6
5-shot 17.1 10.1

Table 5: Performance comparison on combined
extraction-interpretation tasks. Cond MTR evaluates
interpretation of correctly extracted phrases; Overall
MTR reflects end-to-end performance.

on extraction quality. Overall, performance drops 433

in compositional settings should be viewed as a di- 434

agnostic signal rather than evidence of complex er- 435

ror propagation. They indicate that current models 436

struggle to robustly integrate intermediate semantic 437

outputs, even when individual operations perform 438

well in isolation. By separating atomic semantic op- 439

erations from their compositions, SEMANTICQA 440

exposes a persistent gap between performance on 441

isolated atomic tasks and the stability of end-to-end 442

semantic pipelines. 443

5.5 VMWE Extraction via ORACLE SCHEMA 444

We analyze prompting strategies for VMWE ex- 445

traction under zero-shot and few-shot ICL settings 446

and introduce ORACLE SCHEMA, which augments 447

task instructions with the target type and its defi- 448

nition (cf. Appendix §D). Table 7 shows that this 449

strategy consistently improves performance across 450
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Type Model 0-shot 3-shot 5-shot

Cond Overall Cond Overall Cond Overall

LC

DeepSeek-R1
4-class 73.4 36.4 74.9 44.2 80.5 44.4
8-class 56.1 26.7 79.7 39.2 71.7 38.8
16-class 34.7 16.0 51.0 25.6 54.5 27.7

GPT-5
4-class 91.3 45.7 89.9 58.1 89.9 55.0
8-class 76.2 38.8 83.3 50.0 80.3 49.2
16-class 63.4 33.1 69.4 43.4 73.4 44.8

IE

DeepSeek-R1
4-class 63.8 46.5 65.0 46.9 61.9 45.8
GPT-5
4-class 79.3 65.9 77.7 66.3 79.7 65.9

NC

DeepSeek-R1
4-class 63.5 33.2 71.2 36.9 71.1 37.8
GPT-5
4-class 68.8 36.5 64.7 37.3 66.9 38.6

Table 6: Classification performance comparison. Cond:
accuracy given correct extraction; Overall: end-to-end
accuracy.

System Setting
w/ ORACLE w/o ORACLE

ACC(∆) ↑ ACC ↑

Deepseek-R1
0-shot 64.1 (+12.5) ←→ 51.6
3-shot 72.3 (+8.9) ←→ 63.4
5-shot 70.5 (+1.2) ←→ 69.3

Kimi-K2-Instruct
0-shot 53.3 (+9.1) ←→ 44.2
3-shot 67.6(+1.1) ←→ 66.5
5-shot 69.5 (+3.8) ←→ 65.7

OpenAI o3
0-shot 54.8 (+6.9) ←→ 47.9
3-shot 67.3 (+5.1) ←→ 62.2
5-shot 70.7 (+3.6) ←→ 67.1

GPT-5
0-shot 59.6 (+7.6) ←→ 52.0
3-shot 66.8 (+5.1) ←→ 61.7
5-shot 72.6(+6.9) ←→ 65.7

Table 7: We report the accuracy of four representative
LLMs on the VMWE extraction task under different
ICL settings, both with and without ORACLE SCHEMA.

models. For example, DeepSeek-R1 increases from451

51.6% to 64.1%, demonstrating that providing ex-452

plicit semantic descriptions of the target expression453

substantially enhances VMWE extraction.454

6 Discussions and Takeaways455

Rather than restating performance trends, we distill456

what operation-aligned evaluation reveals about the457

assessment and modeling of semantics.458

Phrase Semantics Requires Multi-Dimensional459

Evaluation. Our results show that phrase-level460

semantic competence cannot be captured by any461

single task or metric. Interpretation, extraction,462

and categorization probe distinct aspects of seman-463

tic processing and differ substantially in structural464

constraint. While extraction and categorization465

require explicit grounding in linguistic structure466

or semantic relations, interpretation operates in a467

weakly constrained output space. Consequently,468

performance on open-ended interpretation alone 469

risks conflating fluent semantic generation with 470

structurally grounded understanding. 471

Metric Sensitivity Shapes Apparent Model 472

Strengths. The contrast between strong interpre- 473

tation scores (B-S, cf. Table 12) and weaker extrac- 474

tion performance highlights how evaluation met- 475

rics shape perceived model capabilities. Flexible 476

similarity-based metrics used for interpretation pri- 477

marily reward paraphrasing ability and instruction- 478

following behavior, whereas strict span-based eval- 479

uations expose brittleness in structural grounding. 480

As a result, high interpretation scores should be in- 481

terpreted as evidence of improved exemplar-guided 482

semantic reconstruction rather than conclusive se- 483

mantic correctness. This discrepancy suggests that 484

current evaluation practices may overestimate se- 485

mantic robustness when structural constraints are 486

not explicitly enforced. 487

Compositional Robustness Remains Limited. 488

Compositional evaluations further reveal that se- 489

mantic pipelines are highly sensitive to upstream 490

errors. Interpretation does not reliably compensate 491

for failures in extraction or categorization; instead, 492

structural errors propagate and often remain un- 493

detected under flexible metrics. This lack of ro- 494

bustness under error accumulation remains a key 495

challenge for realistic semantic applications and is 496

largely obscured by atomic benchmarks. 497

7 Conclusions 498

We introduce SEMANTICQA, a benchmark for 499

evaluating phrase-level semantic processing across 500

diverse LMs. We conduct evaluations on a broad 501

range of models using automated metrics, comple- 502

mented by targeted human comparisons across ten 503

tasks. The results show that, despite strong per- 504

formance on general benchmarks, LMs continue 505

to face substantial challenges on SEMANTICQA, 506

revealing persistent limitations in SP understand- 507

ing. Our analysis further characterizes model be- 508

havior across task types and highlights directions 509

for future research on more robust and structurally 510

grounded semantic processing. 511

Limitations 512

This work has several limitations that suggest direc- 513

tions for future research. First, although SEMAN- 514

TICQA covers four common phrase phenomena, 515

it is restricted to English and does not capture the 516
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long tail of SP types, such as multiword named517

entities or complex function words (Constant et al.,518

2017b; Miletić and Walde, 2024). Second, while519

multiple task formats are included, future bench-520

marks should incorporate more complex composi-521

tional semantic reasoning and additional evaluation522

paradigms, such as semantic retrieval (Espinosa-523

Anke et al., 2021; Pham et al., 2023). Finally,524

although we evaluate lots representative models,525

rapid progress in LLM architectures calls for con-526

tinual updates and broader coverage. We encour-527

age future work to extend SEMANTICQA toward528

more comprehensive and multilingual resources529

(Espinosa-Anke et al., 2019).530

Ethical Considerations531

This research uses publicly available datasets in ac-532

cordance with their original licenses and does not533

include any private, sensitive, or personally identifi-534

able information. The benchmark is intended solely535

for research and diagnostic purposes, and known536

limitations are explicitly documented to avoid over-537

generalization. Computational resources were used538

responsibly, and potential risks related to data mis-539

use and model evaluation were considered. Where540

human annotations were involved, annotators were541

recruited under fair labor practices and received542

appropriate compensation.543
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A Semantic Gloss for Lexical Functions982

In recent years, there has been an increasing in-983

terest in assigning lexical functions as labels to984

annotated MWE in the sense of the meaning-text985

theory (Mel’čuk, 2023). The lexical function is a986

multi-valued function, which f associates a lexical987

unit L with a set f (L) of lexical expressions.988

As seen in Table 8, we constructed a collection989

of the representative lexical functions with their990

semantic glosses from the existing work. We com-991

piled the prompts with the task descriptions.992

B Additional Details of Datasets993

B.1 Idiomacity Detection994

In the initial dataset2 proposed by (Harish et al.,995

2021), there exists three or four possible mean-996

ings (i.e., interpretations) for each instance. For997

instances with only three interpretations, we add998

the option “None of the above” to keep consis-999

tency to the four-choices form. We deduplicate1000

according to the unique “(idiom, choice)” pair for1001

all instances. As a result, we collate 273 examples1002

(cf. Table 1). Figure 6 shows an example of data.1003

2https://github.com/H-TayyarMadabushi/
AStitchInLanguageModels

[Context] There is also a covered pavilion. It
is located next to Silver Lining Tire Recycling.
The hours are 6:00 am to 10:00 pm, year round.

[Choices]
(A) grey lining ✘

(B) unexpected advantage ✘

(C) Proper Noun ✔

(D) Meta Usage ✘

Figure 6: A data example of idiomacity detection (IED).

B.2 Idiom Extraction 1004

The original dataset3 consists of instances with or 1005

without idiom IE . Since the inference-only experi- 1006

ments comprise most of our work, we filter out all 1007

the examples without the IE existing to increase 1008

the coverage diversity of idioms; then, we dedupli- 1009

cate according to the unique item of the occurred 1010

IE . The final prepared test set consists of 447 ex- 1011

amples with a unique item of IE existing in each. 1012

Figure 7 shows an example of data.

[Context] In the screenplay by Lorenzo
Semple Jr. , and David Rayfiel , Turner very
early on stumbles upon the existence of a
kind of super - C.I.A. within the C.I.A. , after
which his life is not worth a plug nickel .

[Idiom] “not worth a plug nickel” ©

Figure 7: A data example of idiom extraction (IEE).

1013

B.3 Idiom Interpretation 1014

We collected 916 instances in total from the PIE 1015

(Zhou et al., 2021)4 and (Chakrabarty et al., 2022)5, 1016

after deduplication by occurred items of idiom IE . 1017

Figure 8 shows an example of data. 1018

B.4 Lexical Collocation Categorization 1019

We collect the collocation data with the annotated 1020

labels from the expanded LEXFUNC6 (Espinosa- 1021

Anke et al., 2021). We inherited the training and 1022

validation sets of the initial data and sampled 50 1023

examples per semantic category from the test set 1024

3https://github.com/Babelscape/ID10M
4https://github.com/zhjjn/MWE_PIE
5https://github.com/tuhinjubcse/

FigurativeNarrativeBenchmark
6https://github.com/luisespinosaanke/

lexicalcollocations
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Lexical Function Semantic Gloss Complete Description

Magn (Mel’čuk, 1998) Intense, strong degree, an intensifier of semantic
relation for base lexeme.

Intensify the base lexeme to a high level, strength-
ening its semantic relation with the associated con-
cept via the collocate lexeme.

AntiMagn (Mel’čuk, 1998) Slight and weak degree, a de-intensifier Weaken meaning intensity, diminishing the seman-
tic relationship between the base lexeme and its
associated concept.

Ver (Gelbukh et al., 2012) Lat. verus, real, genuine “As it should be”, “Meet the intended requirements
of K”.

AntiVer (Mel’čuk, 1998) Non-genuine Characterize something as non-genuine, not au-
thentic, not in its intended or proper state, and not
meeting the required standards or expectations.

Bon (Espinosa-Anke et al., 2021) Positive Something is good or in a positive situation.
AntiBon (Espinosa-Anke et al., 2021) Negative Something is bad or in a negative situation.

IncepPredPlus (Fontenelle, 1997) Start to increase. Denote initiating a process or action that leads to
an increase or enhancement of something.

FinFunc0 (Kolesnikova, 2020) End.existence The value means “the K of FinFunc0 ceases to be
experienced”.

Fact0 (Mel’čuk, 1998) Lat. factum, fact. To fulfil the requirement of K,
and the argument of this function fulfills its own
requirement.

Fulfill the base requirement, do something with the
base, and do what you are supposed to do with the
base.

CausFunc0 (Gelbukh et al., 2012) The agent does something so that the event denoted
by the noun occurs

Do something so that K begins occurring.

Caus1Func0 (Espinosa-Anke et al., 2021) Cause the existence. 1st argument. Bring about something’s presence or creation, with
the first argument indicating the responsible agent
or entity.

CausFact0 (Rodríguez, 2003) To cause something to function according to its
destination.

Denote causing something to function according to
its intended purpose or destination.

CausPredMinus (Fontenelle, 1997) Cause to decrease. Describe the act of causing a decrease or reduction
in something.

CausFunc1 (Gelbukh et al., 2012) The non-agentive participant does something such
that the event denoted by the noun occurs.

A person/object, different from the agent of K, does
something so that K occurs and has an effect on
the agent of K.

LiquFunc0 (Espinosa-Anke et al., 2021) Cause termination of the existence Cause termination of the existence.

Son (Kolesnikova, 2020) Lat. sonare: sound. The K is usually a noun, and the value means “emit
a characteristic sound”.

Oper1 (Kolesnikova, 2020) Lat. operari: perform, do, act something. The
subject is as the 1st argument.

Represent a light verb linking the event’s first par-
ticipant (subject) with the event’s name (direct ob-
ject).

Oper2 (Espinosa-Anke et al., 2021) Lat. operari: perform, do, act something. The
subject is as the 2nd argument.

Represent a light verb linking the event’s first par-
ticipant (subject) with the event’s name (indirect
object).

IncepOper1 (Gelbukh et al., 2012) Incep is from Lat. incipere: begin. Begin to do,
perform, experience, carry out K.

Signify the start of an action or event, linking the
event’s subject with its name using a light verb.

FinOper1 (Kolesnikova, 2020) Fin is from Lat. finire: cease. Terminate doing something.
Real1 (Rodríguez, 2003) Fulfill a requirement imposed by the noun or per-

forming an action typical for the noun.
To fulfill the requirement of K, to act according to
K.

Real2 (Kolesnikova, 2020) Acting as expected. Something be realized as ex-
pected

K that is normally expected of the second partici-
pant

AntiReal2 (Kolesnikova, 2020) Not acting as expected. Something not be realized
as expected.

The V is the negation of an internal element of the
argument of this function.

Table 8: All lexical functions with their semantic gloss in this paper. The column “semantic gloss” provides
the definition for each LF, and we use a sentence to describe the complete meaning of LF in column “Complete
Description”. K denotes the keyword/base word of a LF, and V denotes the value/collocate word of a LF.
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[Context] The remission at this stage of
having cancer was truly the turning point of
her life .

[Idiom] “turning point”

[Interpretation] “the time of significant
change (mostly positive) in situation” �

Figure 8: A data example of idiom interpretation (IEI).

in classification concerning the computation effi-1025

ciency. Figure 9 shows an example of data.

[Context] In genoa, the violent storm knocked
down power lines, blacking out the homes of
5,000 residents.

[Category] Magn (strong semantic). ®

Figure 9: A data example is the lexical collocation
categorization (LCC) by semantic relations. Note that
the taxonomy included in the prompt is omitted here.

1026

B.5 Lexical Collocation Extraction1027

The initial dataset is collected from (Fisas et al.,1028

2020)7. We select the English part of the data and1029

perform deduplication to filter out overlap collo-1030

cations. We downsample 50 instances randomly1031

for each semantic category to form our test set and1032

reuse the training and validation sets of the original1033

data. Figure 10 shows an example of data. We1034

conduct LC extraction but not identification task,1035

and not query models to distinguish the base and1036

the collocate to simplify the task in this work.

[Context] He still gets up the moment the
alarm clock rings .

[Semantic relation] Strong or intense
degree in the lexical semantic relation.

[Collocation]
“alarm clock rings” �

Figure 10: A data example of collocation extraction
(LCE).

1037

7https://github.com/TalnUPF/CollFrEn

B.6 Lexical Collocation Interpretation 1038

The data8 we used is proposed in (Espinosa-Anke 1039

et al., 2021). We perform random sampling from 1040

the original data and get the 400 examples (50 1041

per class) as our test set. We manually annotated 1042

and revised the test examples, and finally get the 1043

Cohen’s kappa coefficient κ = 0.718, to confirm 1044

the quality. An example of data is shown in Figure 1045

11. 1046

[Context] Through robert bennett, his lawyer,
the president continued friday to call mrs.
jones’ baseless accusation.

[Collocation] “baseless accusation”

[Interpretation] “Groundless claim made
without substantiation” ü

Figure 11: A data example of collocation interpretation
(LCI).

B.7 Noun Compound Compositionality 1047

The annotated noun compound data is collected 1048

from the NCTTI9 (Garcia et al., 2021). After data 1049

processing, we filtered out the compound without 1050

reference context, collated 237 examples, and split 1051

them into training, validation, and test sets. Figure 1052

12 shows an example of data.

[Context] Fair play incorporates the concepts
of friendship, respect for others and always
playing in the right spirit.

[Noun compound] “Fair play”

[Choices]
(A) Compositional ✘

(B) Partly compositional ✔

(C) None of the above ✘

(D) Non-compositional ✘

Figure 12: A data example of noun compound composi-
tionality (NCC).

1053

B.8 Noun Compound Extraction 1054

As our beginning, we sampled the test set from 1055

the PRONCI10 (Kolluru et al., 2022). We used the 1056

8https://github.com/luisespinosaanke/
lexicalcollocations

9https://github.com/marcospln/nctti
10https://github.com/dair-iitd/pronci
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training and validation sets to leverage the com-1057

positional part of noun compounds in the original1058

dataset. We randomly sampled from the test set1059

to form the new test set with 720 examples. We1060

demonstrate a data example in Figure 13.

[Context] The rhombus shape of the patches
arose by adaptation to the Paris fashion of
the 17th century by Biancolelli.

[Noun compound] “Paris fashion” ©

Figure 13: A data example of noun compound extraction
(NCE).

1061

B.9 Noun Compound Interpretation1062

We leverage the initial training, validation, and test1063

data splits from (Coil and Shwartz, 2023)11. To1064

provide a context for each noun compound, we1065

use ChatGPT to generate a reference sentence. To1066

verify the quality of synthetic data, we performed1067

a manual inspection, which resulted in acc > 98%.1068

A data example is shown in the figure 14.

[Context] She used a straightedge to draw a
ruler line across the paper, ensuring her graph
was perfectly aligned.

[Noun compound] “ruler line”

[Interpretation] “line drawn with a ruler” �

Figure 14: A data example of noun compound interpre-
tation (NCI).

1069

B.10 VMWE Extraction1070

We used the English corpus of PARSEME v1.3121071

(Savary et al., 2023), the existing largest annotated1072

corpora of VMWE. The initial data is used to con-1073

duct extraction instead of identification tasks. Fig-1074

ure 15 shows an example of the data.

[Context] Harry tore back across the room as
the landing light clicked on.

[VMWE] “clicked on” ©

Figure 15: A data example of VMWE Extraction.

1075

11https://github.com/jordancoil/
noun-compound-interpretation

12https://gitlab.com/parseme/parseme_corpus_en

C Example Prompt 1076

We manually create a unified prompt template 1077

for all tasks that can be adapted to each task with 1078

specific filling arguments. The prompt format is 1079

shown in the Figure 16. The detailed prompt for 1080

each task can be accessed in our code base13. 1081

1082

Unified Prompt Template

Assume that you are a linguist who researches
{{semantic phrases}}.

You will be given a sentence that contains
only an item of {{semantic phrase}}.

Your task is to ...

Please make sure you read and understand
these instructions carefully.

Few-shot Examples:

Phrase: {{an example of the phrase}}

Context: {{a context of the example}}
Output: {{an output of the example}}
...

Phrase: {{phrase}}

Context: {{context}}

Output:

1083

Figure 16: Unified prompt template used in the work.
1084

D Oracle Prompt 1085

Oracle Prompt Template

Assume that you are a linguist who conducts research
on {{verbal multiword expressions (VMwEs)}}.

You will be given a context that includes only one
{{verbal multiword expression}}.

Your task is to ...

Please make sure you read and understand
these instructions carefully.

Few-shot Examples:
Context: {{a context of the example}}
Output: {{an output of the example}}
...

VMwE Definition: {{Definition of VMwE}}

VMwE Definition Example:
Definition of VMwE: {{“Verb-particle construc-
tion (VPC) is sometimes called phrasal or
phrasal-prepositional verb. The meaning of the
VPC is fully or partly non-compositional.”}}

Context: {{context}}

Output:

1086
13https://github.com/lexbench/LexBench/tree/

main/lexbench/prompts
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Figure (18) Each model is run with zero-
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tion classification with category scaling.
Mean accuracy scores (%) of different
models are average over runs in three
sampled sets. For comparative reasons,
we also plotted the level of random base-
line.
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Figure (19) Model performance (GPT-
3.5-Turbo, GPT-4, OpenAI o3, GPT-5)
across all twelve tasks. Note that the y-
axis denotes task-specific metrics, and
thus absolute values should not be com-
pared across different tasks.
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Figure (20) Confusion matrix for the
best-performing model with ICL (GPT-5
in 5-shot setting) in categorizing eight
semantic relations described by lexical
functions (cf. Table 2). The x-axis de-
notes the prediction results, and the y-
axis represents the gold standards.

Model # Params Arch. Creator Public Post Training

BERT base† 110M Enc. Google ✔ SFT
BERT large† 340M Enc. Google ✔ SFT
T5 base† 220M Enc.+Dec. Google ✔ SFT
T5 large† 770M Enc.+Dec. Google ✔ SFT

Qwen3-235B‡ 235B Dec.(MoE) Qwen Team ✔ SIFT
DeepSeek-R1‡ 685B Dec.(MoE) DeepSeek-AI ✔ SIFT + RLHF
Kimi-K2-Instruct‡ 1T Dec.(MoE) Kimi Team ✔ SIFT
Gemma-3-27B-it‡ 27B Dec. Gemma Team ✔ SIFT

Gemini-1.0-pro‡ * * Google ✘ SIFT + RLHF
Gemini-2.5-pro‡ * * Google ✘ SIFT + RLHF
Claude-Instant-1‡ * * Anthropic ✘ SIFT + RLHF
Claude-3-Opus‡ * * Anthropic ✘ SIFT + RLHF
Claude-Sonnet-4.5‡ * * Anthropic ✘ SIFT + RLHF
GPT-3.5-Turbo‡ * * OpenAI ✘ SIFT + RLHF
GPT-4‡ * * OpenAI ✘ SIFT + RLHF
OpenAI o3‡ * * OpenAI ✘ SIFT + RLHF
GPT-5‡ * * OpenAI ✘ SIFT + RLHF

Table 9: A list of LMs tested in this paper: “Public”
indicates whether the model weights are open. In detail,
Light Pink text delineates the supervised fine-tuned
models. Light Green and Light Blue parts present
open-source models and proprietary models, respec-
tively. “Post Training” indicates whether the model is
trained further in some ways after pre-training. †We
perform trivial full-set fine-tuning for the models. ‡We
use the official API for the model inference.

Figure 20: Oracle prompt template used in the work.
1087

E Additional Experiment Details1088

For models accessed via API endpoints, the eval-1089

uation probes both zero-shot and few-shot (three-1090

and five-shot) performance. Throughout all experi-1091

ments, we set the sampling temperature to τ = 01092

and employ top-p decoding (Holtzman et al., 2019)1093

with p = 1.0. Inference is accelerated and de-1094

ployed using vLLM (Kwon et al., 2023).1095

For non-API-based models, we apply the1096

following configuration. For the sequence1097

classification tasks such as LCC, we employ 1098

bert-base/large-uncased as our tuning initia- 1099

tion. Similarly, we construct primary baselines for 1100

extraction tasks that leverage the B-I-O scheme 1101

to conduct sequence labeling. The training is 1102

run with an NVIDIA A100-40GB on Google Co- 1103

lab (Bisong, 2019). For interpretation tasks, we 1104

use t5-base/large model to conduct vanilla fine- 1105

tuning. Additionally, We train all models for a spe- 1106

cific number of epochs shown in Table 11 and per- 1107

form early stopping over the validation set. Model 1108

checkpoints used in our experiment are imple- 1109

mented by PyTorch (Paszke et al., 2019), and Hug- 1110

ging Face Transformers (Wolf et al., 2020). The 1111

input format of the prompt and the few-shot demon- 1112

stration settings we used during the experiment are 1113

shown in Figure 16. Since each model has differ- 1114

ent generation styles, we conduct a pre-run before 1115

each test. Then, we develop ad hoc heuristics based 1116

on the response generated by models to parse pre- 1117

dictions accurately. The perplexity computing in 1118

the interpretation tasks is to feed the phrase and its 1119

interpretation into the template “The meaning of 1120

phrase {{phrase}} in context is {{interpretation}}”, 1121

and then we compute the token-level perplexity by 1122

GPT-2-XL (Radford et al., 2019). 1123

F Annotation Guideline 1124

We established the following criteria for compiling 1125

the dataset of collocation interpretation (§3.2). 1126

1. Objective: Interpret each lexical collocation 1127

in five distinct narratives for comprehensive 1128

understanding according to the given context. 1129

2. Dataset Overview: Contains context and col- 1130

17



locations paired with base and collocate.1131

3. Annotation Format: Include collocation, five1132

narratives (N1-N5), and rationale.1133

4. Consistency and Accuracy: Maintain con-1134

sistent and accurate interpretations across the1135

five narratives in the same semantic meaning.1136
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VMWE
BERT-base BERT-large

# Support
P R F1 P R F1

IAV 60.75.6 38.04.3 46.53.3 46.53.6 38.95.6 42.34.8 36.0
LVC.cause 46.412.2 18.44.0 26.25.6 26.412.4 20.79.1 23.210.5 29.0
LVC.full 52.14.4 61.12.0 56.12.2 55.22.5 56.88.4 55.95.4 172.0
MVC 95.94.0 80.52.0 87.52.8 100.00.0 80.52.0 89.21.2 29.0
VID 52.45.3 36.10.9 42.71.8 63.85.0 36.11.9 46.12.0 108.0
VPC.full 64.33.3 78.41.6 70.61.5 64.40.1 79.40.5 71.10.2 194.0
VPC.semi 55.938.7 8.96.9 12.97.3 38.86.4 35.63.9 37.15.0 30.0

Micro Avg. 63.21.9 61.20.6 62.31.3 64.20.5 62.42.7 63.31.6 85.4

Table 10: We report the full results of VMWE extraction reproduced on MTLB-STRUCT. The performance of all
categories are defined in the corpora PARSEME 1.3. The corresponding standard deviation is calculated by the
results of three runnings with the selected seeds {21, 42, 84}.

Computing Infrastructure
1 × A100 40GB GPU (Google Colab)

Hyperparameter Assignment

architecture BERT-{base, large}

tokens per sample 150

batch size 4, 800

number of workers 8

learning rate 3e−5

number of epochs 10

save interval (epoch) 1

validation interval (epoch) 1

ratio of warmup steps 3%

learning rate scheduler Polynomial decay

learning rate optimizer Adam

Adam beta weights (0.9, 0.99)

Adam epsilon 1e−6

weight decay 0

random seed 21, 42, 84

Hyperparameter Assignment

architecture T5-{base, large}

tokens per sample 128

batch size 2, 048

number of workers 4

learning rate 5e−5

number of epochs 5

save interval (epoch) 1

validation interval (epoch) 1

ratio of warmup steps 3%

learning rate scheduler Cosine decay

learning rate optimizer Adam

Adam beta weights (0.9, 0.99)

Adam epsilon 1e−6

weight decay 0

random seeds 21, 42, 84

Table 11: Hyperparameters for finetuning BERT-Taggers and T5 Generators.
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MODEL
IDIOM COLLOCATION NOUN COMPOUND VMWE

IED IEE IEI LCC LCE LCI NCC NCE NCI VPE LVE VIE

METRIC (%) ACC ACCs B-S ACC ACCs B-S ACC ACCs B-S ACCs ACCs ACCs

HUMAN 71.0 87.0 87.6 47.0 50.0 86.8 71.0 73.0 80.3 85.0 55.0 78.0

SUPERVISED METHODS
BERTB : fine-tuned 85.0 66.8 - 78.8 63.1 - 53.6 68.5 - 68.7 52.2 36.1
BERTL : fine-tuned 85.1 67.2 - 82.6 63.8 - 51.5 69.1 - 74.1 41.7 34.2
T5B : fine-tuned - - 86.8 - - 87.2 - - 89.7 - - -
T5L : fine-tuned - - 87.1 - - 87.7 - - 89.8 - - -

PROMPT-BASED METHODS

Qwen3-235B: zero-shot 64.1 53.6 86.7 58.0 25.9 90.3 52.7 45.3 93.5 56.8 19.4 39.1
DeepSeek-R1: zero-shot 71.1 69.4 85.1 66.6 31.5 90.2 60.2 51.3 91.3 76.8 26.7 50.5

↪→ + three-shot 79.1 70.6 88.1 76.4 55.6 91.6 62.7 66.3 96.3 74.7 26.7 59.1
↪→ + five-shot 84.3 72.3 88.0 76.1 64.3 91.8 60.6 70.7 96.6 81.6 35.8 57.1

Kimi-K2-Instruct: zero-shot 68.5 63.1 86.7 68.5 34.4 90.3 60.6 45.4 95.6 55.8 28.9 46.7
↪→ + three-shot 77.7 68.9 88.4 79.0 67.9 92.8 59.3 64.4 96.7 79.5 39.4 43.8
↪→ + five-shot 81.7 69.6 88.2 79.7 69.2 92.3 64.7 63.6 97.2 81.1 43.3 46.7

Gemma-3-27B-it: zero-shot 55.0 57.3 86.4 58.0 38.4 89.5 58.3 39.9 92.1 66.8 19.4 38.1
↪→ + three-shot 69.6 62.0 88.1 70.1 63.7 91.1 56.7 57.2 95.3 74.1 28.3 45.7
↪→ + five-shot 72.1 61.6 87.9 70.8 68.2 90.7 56.2 59.2 95.9 70.5 35.0 52.4

Gemini-1.0-pro: zero-shot 56.0 77.8 86.9 48.5 51.8 89.5 38.5 59.0 91.8 43.8 6.7 43.8
Gemini-2.5-pro: zero-shot 55.0 65.6 87.4 71.5 52.1 89.4 65.6 61.2 93.7 42.6 27.4 42.9
Claude-Instant-1: zero-shot 51.2 72.2 85.7 40.5 42.6 89.7 43.2 50.9 91.9 59.2 11.6 39.0

↪→ + three-shot 47.9 60.8 86.5 49.8 54.7 87.0 47.8 59.1 94.1 48.9 18.8 35.5
↪→ + five-shot 52.0 47.4 87.0 50.1 57.7 87.1 44.9 61.8 94.5 53.1 15.0 38.4

Claude-3-Opus: zero-shot 66.3 62.8 87.1 61.3 34.7 88.5 50.4 36.3 91.7 67.3 28.3 42.8
↪→ + three-shot 75.8 64.8 88.1 69.5 56.7 92.8 56.7 33.6 93.1 74.7 37.2 47.6
↪→ + five-shot 72.8 67.1 88.2 69.8 60.0 92.8 63.9 30.9 96.0 75.7 35.5 43.2

Claude-Sonnet-4.5: zero-shot 72.5 68.5 87.2 67.5 40.1 88.9 51.0 45.1 94.4 69.8 16.1 41.9
↪→ + three-shot 77.7 72.0 88.4 77.1 70.5 91.8 61.4 59.3 96.8 76.8 30.6 42.9
↪→ + five-shot 78.0 72.0 88.5 76.1 72.7 90.9 70.1 62.1 97.6 82.0 37.2 47.6

GPT-3.5-Turbo: zero-shot 40.6 68.9 85.6 32.4 53.4 88.9 41.9 67.2 91.4 60.0 7.7 42.8
↪→ + three-shot 45.4 67.3 88.2 36.3 69.5 92.4 43.6 72.7 96.5 53.6 10.0 30.4
↪→ + five-shot 46.5 67.7 88.3 40.9 71.1 92.4 39.1 69.1 96.9 58.9 15.0 31.4

GPT-4: zero-shot 66.3 75.1 86.5 53.4 70.1 89.4 53.4 75.4 89.9 61.5 7.7 42.8
↪→ + three-shot 70.3 77.1 88.1 60.0 77.7 92.9 56.3 83.6 94.8 75.8 16.1 43.8
↪→ + five-shot 72.8 72.7 88.4 58.1 77.8 92.7 58.6 85.4 95.5 77.8 13.3 48.5

OpenAI o3 : zero-shot 57.1 65.1 86.5 72.1 37.7 89.8 65.2 62.9 93.8 67.9 25.6 51.4
↪→ + three-shot 79.5 77.4 88.5 85.9 65.3 92.6 58.9 77.5 96.0 76.3 29.1 52.4
↪→ + five-shot 83.5 74.7 88.6 83.6 71.5 91.6 63.5 78.6 96.5 77.3 36.9 50.0

GPT-5: zero-shot 82.8 67.6 86.6 75.4 36.7 89.9 66.8 64.3 93.3 74.2 28.9 56.2
↪→ + three-shot 82.1 78.3 88.7 86.2 67.2 92.3 61.8 77.1 96.4 74.7 33.3 51.4
↪→ + five-shot 85.4 78.7 88.6 84.3 68.9 92.3 67.2 79.0 96.8 74.7 38.3 50.5

Table 12: Complete Experimental Results in SEMANTICQA. “-” denotes the model that is unavailable or inappro-
priate for the task. Digits highlight cases in which human scores are higher than those of all evaluated models,
serving as a coarse reference. Light Pink text delineates the baselines with supervised fine-tuning. Light Green
and Light Blue parts present open-source models and proprietary models.
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System Acc@1 Acc@2 Acc@4 Acc@8 Acc@16

Baselines
Random 100.0 50.0 25.0 12.5 6.3
Majority 100.0 50.0 25.0 12.5 6.3

Small language models
BERTB 100.00.0 98.91.9 89.44.9 79.96.4 69.90.0

BERTL 100.00.0 98.91.0 95.81.4 83.55.2 71.80.0

Large language models
DeepSeek-R1
↪→ + 0-shot 100.00.0 81.7 11.9 68.9 4.2 49.3 4.0 35.4 0.0

↪→ + 3-shot 100.00.0 83.8 7.5 73.7 2.4 52.0 6.2 45.9 0.0

↪→ + 5-shot 100.00.0 80.6 11.8 68.4 7.8 51.7 7.7 47.3 0.0

Kimi-K2-Instruct
↪→ + 0-shot 100.00.0 85.6 14.6 71.1 8.2 50.4 4.6 44.6 0.0

↪→ + 3-shot 100.00.0 92.8 6.7 78.3 3.8 61.5 7.9 49.6 0.0

↪→ + 5-shot 100.00.0 87.2 4.2 77.8 6.9 63.8 5.2 51.7 0.0

OpenAI o3
↪→ + 0-shot 100.00.0 93.3 8.3 82.8 4.6 65.4 2.5 53.3 0.0

↪→ + 3-shot 100.00.0 91.7 5.9 85.3 3.1 72.6 3.4 62.9 0.0

↪→ + 5-shot 100.00.0 91.1 5.5 88.6 4.5 74.0 1.6 64.6 0.0

GPT-5
↪→ + 0-shot 100.00.0 92.2 6.3 84.2 5.9 67.7 3.4 56.3 0.0

↪→ + 3-shot 100.00.0 92.8 9.1 88.6 3.8 74.6 2.8 65.8 0.0

↪→ + 5-shot 100.00.0 94.4 6.7 89.2 4.1 73.5 3.6 65.2 0.0

Table 13: Our best experimental results (avgstd). The mean accuracy scores with their standard deviation are
computed by averaging the results of three independent runs with different random seeds. Results of baselines are
also provided including random choice as well as the majority of class instances over each sub categorization tasks.
The Bold and underlined texts denote the best and second-best performance in the specific category, respectively.
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