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Abstract

Large language models (LLMs) achieve strong
performance on idiom identification bench-
marks, yet their robustness to misleading con-
textual signals remains largely untested. We
introduce ID10M-JAM, an adversarial exten-
sion of the ID10M dataset designed to jam
model understanding by injecting coherent but
conflicting context before each target sentence.
For every sentence containing a potential id-
iomatic expression (PIE), we construct variants
that deliberately invert contextual expectations:
placing literal cues before idiomatic uses and
idiomatic cues before literal ones. All variants
are validated by human annotators to ensure
naturalness and unambiguous interpretation for
human readers. ID10M-JAM exposes system-
atic vulnerabilities in LLMs’ contextual reason-
ing, pushing idiom identification to its breaking
point.

1 Introduction

Idiomatic and other non-compositional expressions
continue to pose a persistent challenge for compu-
tational models, despite the remarkable progress
of large language models (LLMs). While idioms
are only one subclass of multiword expressions
(MWE?), they are unique in being both (1) formu-
laic, usually appearing in a fixed form, and (2) se-
mantically non-compositional—the meaning of the
whole cannot be fully inferred from the meanings
of the parts. This non-compositionality is central
not only to linguistic theory but also to practical
natural language processing (NLP) applications.
Misinterpreting idioms has been shown to lead to
substantial downstream errors in machine transla-
tion (Baziotis et al., 2023; Dankers et al., 2022;
Barreiro et al., 2013; Salton et al., 2014; Fadaee
et al., 2018), spelling correction (Horbach et al.,
2016), and semantic analysis (Cohen et al., 2022;
Williams et al., 2015; Liu et al., 2017). While re-
cent LLMs show improved idiom understanding

Original sentence from ID10M:
They asked me if we can go dutch.

Same sentence with enriched context (hard vari-
ant):

We were eating some German bread with Belgian
chocolate when they asked me if we can go dutch.

Figure 1: Example of an original sentence from ID10M
and a corresponding hard variant from ID10M-JAM.
Highlighted are the potentially confusing spans.

compared to earlier systems, the extent to which
these challenges persist in state-of-the-art models
remains an open question. Idioms are fundamen-
tal to natural language use: English alone con-
tains roughly 25,000 fixed expressions (Weinre-
ich, 1969), comparable in scale to its core lexicon
(Jackendoff, 1997). They occur frequently in every-
day communication—every 3-4 minutes on average
(Pollio et al., 1977)—amounting to an estimated
20 million uses over a speaker’s lifetime (Cooper,
1998, 1999).

Recently, Kim et al. (2025) released MI-DAS, a
large-scale dataset of idioms in six languages along
with their corresponding meaning. They demon-
strated, through extensive experiments, that LLMs
rely not only on memorization but also possess a
more profound understanding grounded in identi-
fying and reasoning about contextual cues. Recent
work (Hashiloni et al., 2025) shows that LLMs can
identify idiomatic expressions in running text using
carefully designed prompts, sometimes outperform-
ing supervised idiom detectors. A central challenge
is that idioms can be surface-identical to literal ex-
pressions depending on context (e.g., “I spilled the
beans in the kitchen). Such expressions (in this
example, “spill the beans”) are termed potential
idiomatic expressions (PIEs). The task, therefore,
is to identify which PIEs in a document are used id-
iomatically. LLMs, especially in English, perform
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well on this task and use the surrounding context
to infer whether a PIE is used idiomatically or lit-
erally (Hashiloni et al., 2025; Arslan et al., 2025;
De Luca Fornaciari et al., 2024; Mi et al., 2025;
Phelps et al., 2024). However, Gonen et al. (2025)
demonstrated that contextual information can at
times be harmful, because LLMs tend to learn spu-
rious correlations among surrounding words, which
can misguide their semantic understanding.

In this work, we examine how confusing context
affects a model’s ability to interpret PIEs and dis-
tinguish between their literal and figurative mean-
ings. We introduce ID10M-JAM, a new evaluation
benchmark for idiom identification that probes gen-
erative LLMs under deliberately misleading con-
texts. Unlike standard setups with short, seman-
tically clear samples, our benchmark imposes a
substantially higher semantic load. Each context
includes adversarial cues that are unambiguous to
human readers yet bias toward the incorrect inter-
pretation, requiring models to resolve literal ver-
sus figurative readings despite misleading surface
signals. This design tests whether state-of-the-art
LLMs are more error-prone than humans in con-
texts that humans find unambiguous.

Building on the ID10M dataset (Tedeschi et al.,
2022), we modify sentences containing PIEs by
enriching their surrounding context with such ad-
versarial cues. We provide an example in Figure 1,
where the PIE is originally used in its literal sense,
but the added context introduces a figurative cue
that could potentially mislead a model. Notably,
despite the added signals, the intended literal mean-
ing remains clear to human readers, allowing us to
probe whether LLMs are confused in cases where
human interpretation is unambiguous. This allows
us to isolate model-specific susceptibility to con-
textual confusion. Using this data, we evaluate a
range of LLMs—open-weight, closed-weight, and
reasoning systems—under zero-shot and more so-
phisticated prompting setups that are effective for
idiom identification.

Our contributions are threefold:

1. We introduce ID 10M-JAM, the first bench-
mark targeting confusing PIE contexts, de-
signed to evaluate LLMs’ ability to distin-
guish between figurative and literal meanings
in adversarial settings.

2. We provide a systematic evaluation of LLM
performance on this task across English and
German.

Dataset Language

'VNC-Tokens (Cook et al., 2008) EN

Open-MWE (Hashimoto and Kawahara, 2009) JA

Sporleder and Li (Sporleder and Li, 2009) EN

IDIX (Sporleder et al., 2010) EN

SemEval-2013 Task 5 (Korkontzelos et al., 2013) EN

MAGPIE (Haagsma et al., 2020) EN

EPIE (Saxena and Paul, 2020) EN

AStitchInLanguageModels EN, PT
(Tayyar Madabushi et al., 2021)

Dodiom (Eryigit et al., 2022) IT, TR

ID10M,,1q (Tedeschi et al., 2022) EN,DE, ES, IT

ID10Myiiyer (Tedeschi et al., 2022) EN,DE, ES, FR, IT,

JA,NL, PL, PT, ZH

SemEval-2022 Task 2 EN, GL, PT
(Tayyar Madabushi et al., 2022)

DICE (Mi et al., 2025) EN

FLUID QA (Park et al., 2025) EN, ZH, KR

ID10M-JAM (ours) EN, DE

Table 1: Overview of various idiom datasets and the
languages (ISO 639-1) they cover.

3. We draw general insights about how LLMs
cope with adversarial cues in the context of
figurative language understanding and identi-
fication.

All datasets, prompts, and evaluation code are
publicly released under the CC BY-NC-SA 4.0
(datasets) and Apache-2.0 (code) licenses to en-
sure transparency and reproducibility.'

2 Related Work

2.1 Idiom Identification

MWEs pose a longstanding challenge in NLP
due to their syntactic irregularities and non-
compositional semantics (Constant et al., 2017).
Early work relied on rule-based or statistical meth-
ods (Cook et al., 2007; Fazly et al., 2009; Shutova
et al., 2010), later incorporating distributional se-
mantics (Gharbieh et al., 2016; Nedumpozhimana
and Kelleher, 2021). Transformer-based models
with contextualized representations became domi-
nant, with joint MWE-syntax architectures (Taslim-
ipoor et al., 2020; Savary et al., 2023), rules-neural
methods (Tanner and Hoffman, 2023), and se-
quence labeling models (Zeng and Bhat, 2021;
Tedeschi et al., 2022; Hadj Mohamed et al., 2024).

Idioms form a subclass of MWESs whose mean-
ings cannot be compositionally inferred (Timo-
thy Baldwin, 2010). Idiom identification requires
detecting idiomatic spans in text, in contrast to id-
iom classification, where candidate expressions are
given. Neural approaches have been applied to
both settings (Briskilal and Subalalitha, 2022; He

"https://github.com/Intellexus-DSI/ID10M-JAM

20847


https://github.com/Intellexus-DSI/ID10M-JAM

et al., 2024). More recently, LLLMs have demon-
strated strong performance on idiom classifica-
tion and identification tasks (Arslan et al., 2025;
De Luca Fornaciari et al., 2024; Mi et al., 2025;
Phelps et al., 2024; Hashiloni et al., 2025), often
surpassing fine-tuned models.

2.2 Idiom Classification and Identification
Datasets

See Table 1 for an overview of existing datasets.
Most idiom datasets focus on English and target
classification rather than identification. Early re-
sources such as VNC-Tokens (Cook et al., 2008),
IDIX (Sporleder et al., 2010), and SemEval-2013
Task 5 (Korkontzelos et al., 2013) are influential but
limited in scale and coverage. More recent datasets
expand size or scope, including EPIE (Saxena and
Paul, 2020), SemEval-2022 Task 2 (Tayyar Mad-
abushi et al., 2022), and MAGPIE (Haagsma et al.,
2020), the latter directly supporting identification.

Multilingual resources include PARSEME
(Ramisch et al., 2020; Savary et al., 2023) and
AlphaMWE (Han et al., 2020), which provide
broader MWE coverage. ID10M (Tedeschi et al.,
2022) is the most prominent multilingual idiom
identification benchmark, while Dodiom (Eryigit
et al., 2022) and AStitchInLanguageModels (Tay-
yar Madabushi et al., 2021) cover additional lan-
guages and settings. FLUID QA (Park et al., 2025)
evaluates figurative language in multilingual dia-
logue contexts.

The most closely related work is DICE (Mi
et al., 2025), which contrasts literal and figurative
uses of idiomatic expressions while holding surface
form constant, revealing substantial LLM failures.
In contrast, we introduce adversarial contextual
probes that bias interpretation, enabling a more tar-
geted evaluation of robustness under semantically
misleading yet human-resolvable conditions.

2.3 Synthetic Data for Downstream Tasks

The generation of high-quality training data re-
mains a significant bottleneck in NLP, as data
collection and annotation are expensive, time-
consuming, or require specialized expertise. Re-
cently, LLMs have emerged as powerful data gen-
erators, capable of producing synthetic examples
that can substantially augment human-annotated
data and support dataset construction. This is
showcased in knowledge distillation with synthetic
paired data (Lee et al., 2024), prompt-based gen-
eration with quality refinement pipelines (Nadds

et al., 2025), and task-specific prompt engineering
(Li et al., 2023).

Arslan et al. (2025) used GPT-4 to generate mul-
tilingual idiom instances, showing that synthetic
data, while weaker than human annotations, offers
a good efficacy-cost trade-off when properly vali-
dated. We adopt a similar approach for generating
our hard variants, combined with rigorous human
filtering and refinement.

2.4 Adversarial Trigger Tokens

Recent work has explored how adversarial inputs
can disrupt LLMs’ predictions. Universal adver-
sarial triggers—short token sequences that reliably
flip model predictions when appended to inputs—
have been studied extensively (Wallace et al., 2021),
with subsequent work analyzing why such triggers
are effective and how they behave geometrically in
representation space (Subhash et al., 2023). Classi-
cal adversarial attacks typically use minimal token-
level substitutions (Jin et al., 2020) or optimization-
based perturbations (Zhao et al., 2022), while other
approaches employ contextualized perturbations
that maintain fluency while misleading models (Li
et al., 2021). More broadly, sentence-level adver-
sarial contexts, including methods that add mis-
leading clauses or contextual cues while preserving
coherence, have been studied in the context of NLP
robustness (Goyal et al., 2023). Our work extends
this line of research by introducing a dataset of
systematically constructed adversarial contexts, in
which misleading prefixes are added to sentences
containing PIEs. This dataset is designed to assess
whether models can distinguish figurative from lit-
eral language use when presented with adversarial
cues that do not introduce ambiguity for human
readers.

3 ID1OM-JAM

3.1 Problem Formulation

Traditionally, the task of identifying idiomatic ex-
pressions is framed as a sequence labeling problem
(Tedeschi et al., 2022; Ide et al., 2025; Hashiloni
et al., 2025). Given an input sentence, x =
{x1,x9,...,2,}, where z; represents an individ-
ual token, the objective is to generate an output
label sequence, y = {y1, %2, ..., Yn}. Each label,
s, is drawn from the set {B-IDIOM, I-IDIOM, 0},
which collectively implements the standard BIO
tagging scheme. This scheme indicates whether
a token is at the beginning, inside, or outside of
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an idiomatic expression. This approach inherently
combines the challenges of expression identifica-
tion and semantic disambiguation. The model must
not only pinpoint the boundaries of an idiom but
also correctly determine if the usage is figurative
or literal, without being provided with any prede-
fined list of candidates. This setup closely mirrors
a real-world scenario.

3.2 Original Samples Filtering

We begin by manually filtering out unsuitable sam-
ples from the original ID10M dataset before gen-
erating the ID10M-JAM variants. Details on the
annotation protocol and annotators are provided in
Section 3.4.

During validation, we identified and addressed
several types of issues. Some sentences exhib-
ited annotation ambiguity that could compromise
evaluation. For instance, “I thought I taught you
how to get over a fence” and “Hi there, babe,
what’s cooking?” can be interpreted either liter-
ally or figuratively. Other cases involved incor-
rect labels: “Lemon Drop sind sehr ertragreiche
Chilipflanzen...tiber 100 Friichte tragen” (“Lemon
Drop chili plants are very high-yielding...produce
over 100 fruits in a year”) was mistakenly la-
beled as idiomatic despite a clearly literal usage of
“Friichte tragen” (“bear fruit”), while “After pass-
ing the exam, I was on cloud nine” was incorrectly
marked as literal.

We also observe additional issues, including
sentences containing multiple PIEs beyond the
annotated one, unnecessary English translations
appended to German sentences, and minor typo-
graphical or punctuation errors. Ambiguous cases
were discarded, whereas correctable issues were
resolved and the sentences retained.

After filtering, the dataset comprises 191 En-
glish sentences and 155 German sentences. Further
filtering details are provided in Section 3.4.

3.3 Automatic Data Generation

Dataset definition. For each original sentence, we
define adversarially enriched variants (vy, ..., v,)
and denote them “hard variants”. Note that this is
a general term for all variants, not a graded notion
of difficulty. In our formulation, each v; = ¢; & s,
where ¢; is an adversarial context intended to con-
fuse models at inference time, s is the original
sentence, and & is the concatenation operator. The
added context ¢; introduces lexical cues pointing
toward the opposite interpretation of the PIE in the

Dataset Language |  Train | Test

| #Sentences | # Sentences # Variants

ID10M EN 37,919 200

(Tedeschi et al., 2022) DE 24,126 200

ID10M-JAM (Ours) EN - 178 534
DE - 137 411

Table 2: Overview of ID10M (original sentences) and
our new ID10M-JAM datasets, where instances are hard
variants generated in this work.

original s. Specifically, ¢; must follow the follow-
ing requirements: (1) if p is used idiomatically in s,
then ¢; should evoke its literal meaning, and vice
versa; (2) ¢; must not create ambiguity for a human
reader—the intended usage of p in s must remain
unmistakable; and, (3) ¢; may not introduce new
PIEs, nor repeat p. For an illustration, see Figure 1.

Dataset generation. We prompt Gemini 2.5
Pro? (Comanici et al., 2025) to generate five dif-
ferent variants from a single original sample in a
single call, instructing it to maintain diversity and
to use the default temperature of 1.0. We then
prompt the same model a second time, assigning
it the role of a validator and instructing it to iden-
tify and correct errors, replace invalid variants, and
perform related validation steps. See cost details
in Appendix A. As shown below, the LLM-based
validator proved effective compared to human vali-
dation, substantially reducing both the proportion
of invalid samples and the workload for human
validators. The full prompts for both steps are pro-
vided in the project repository? for reproducibility
and are based on the annotation guidelines given
to human annotators as described below. To work
with Gemini and some other models, we use the
agno® framework, which provides convenient, stan-
dardized, and fully reproducible API calls across
models and experiments, while abstracting and uni-
fying the API designs of different providers.

Each variant is created with BIO annotations,
where the original PIE is labeled as idiomatic only
if it was figurative in the original sentence, and all
remaining tokens are labeled “O”, since no addi-
tional PIEs are introduced during context augmen-
tation. We refer to each newly generated variant as
a hard variant.

*This model was chosen after experimenting with other
potential LLMs.

3Given their length, we omit them from the paper.

*https://github.com/agno-agi/agno
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3.4 Human Validation

To ensure the quality of the automatically gener-
ated hard variants, we conducted human validation
following a detailed annotation protocol, which
is publicly available in the project repository and
summarized below. Annotation was performed
using the Label Studio® platform. See Figure 5
(Appendix E) for an annotation example and Ap-
pendix B for more information about the human
annotators. Annotators were given (i) the original
sentence s containing a PIE p and its gold label
(figurative or literal), and (ii) a single generated
variant v;. Their task was to verify that v; satisfies
all validity constraints and preserves the intended
label of p. Access to the original labels was inten-
tional, as annotators were instructed to ensure that
the generated context preserved the original PIE
label and remained unambiguous. To clarify, their
task was validation and correction, not curating
from scratch. To mitigate LLM-generated stylistic
biases, annotators actively revised instances that
appeared unnatural or overly explicit. This human-
in-the-loop refinement ensures that the adversarial
cues remain as coherent and realistic as possible
while preserving their ability to mislead models
without confusing human readers. A hard variant
is considered valid if it meets the following criteria:
(1) the original sentence appears verbatim in the
variant (with only minor punctuation differences
permitted); (2) the variant is fluent, coherent, and
fully interpretable to a human reader; (3) the added
context introduces no new idioms and does not re-
peat p; (4) the original figurative or literal usage
of p remains unambiguous for a human reader; (5)
the added context contains new words or expres-
sions that are semantically related to the opposite
meaning of p and may steer the model away from
its correct interpretation in s.

Annotators had three possible actions: leave the
variant unchanged and mark it as valid; provide
a minimally edited corrected version if the issue
was fixable; or mark it as invalid if it violates the
guidelines or could not be repaired. In problematic
cases, annotators could optionally provide notes
explaining the issue.

The authors reviewed all complex cases and re-
solved inconsistencies through collaborative dis-
cussion with the annotators.

Validation results. For the final dataset, we re-
tain only original sentences with at least three valid

https://labelstud.io/

variants and select three of them—this ensures suf-
ficient variant coverage and balanced sampling for
reliable evaluation. For example, for the original
sentence “Is soaking in hot water good for us?”, no
variant proved to be valid, so it is not taken further.
During this step, a couple of additional sentences
proved too ambiguous and were discarded.

This process results in 178 originals correspond-
ing to 534 variants in English and 137 originals
corresponding to 411 variants in German. We re-
lease the corrected, filtered version of ID10M, to-
gether with detailed annotation documentation and
ID10M-JAM, to our project’s repository. For basic
statistics about our dataset and ID10M, refer to Ta-
ble 2. ID1I0M-JAM contains 153 unique English
PIEs and 92 German ones.’

4 Experiments

4.1 Evaluation Method

Standard idiom identification is typically evaluated
using token-level F1 scores under the BIO tagging
scheme (Tedeschi et al., 2022; Hashiloni et al.,
2025), a metric that jointly reflects boundary errors
(e.g., incorrect span extents) and semantic errors
(e.g., misclassifying literal versus figurative usage).
We aim to quantify the model’s susceptibility to
adversarial contexts, shifting the focus away from
traditional evaluation set-ups. Our core evaluation
criterion is defined as follows: Given a target PIE
p that is correctly identified in its original sentence
s, we test whether this detection is preserved when
the model is presented with the corresponding hard
variant v. A prediction is considered successful
if the model correctly identifies p, regardless of
its potential predictions for any other spans in the
sentence. For decoder-only models that generate
free-form text, predicted spans may differ from the
canonical form of p, so we verify predictions using
normalization and regular-expression matching.
To assess how a model’s ability to classify PIEs
as figurative or literal changes under adversarial
context, we define two key metrics. First, Sy (suc-
cess) denotes the number of hard variants whose
original sentences were correctly classified by
model M—that is, cases where p was identified
correctly in the original ID10M sentence. Impor-
tantly, Sps is determined solely by the model’s

Note that the ID10M dataset includes sentences in addi-
tional languages that are not shown in this table.

"We do not report comparable counts for ID10M, as the
dataset was modified through the corrections described in
Section 3.2.
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| English German
Setting Model | Sm NDn (%) | | Snm NDu(%) |
Zero-shot GPT-40 mini 471.00+7.94 5.1640.95 257.00+4.58 5.84+0.43
Qwen2.5-72B 452.00+1.73 1.704+0.34 361.00+1.73 9.8045.11
Llama 4 Scout 481.00+6.93 6.30+0.76 292.00+6.24 8.89+1.43
GPT-40 483.00 6.42 333.00 12.01
Claude 4 Sonnet 486.00 6.58 369.00 2.98
Gemini 2.5 Flash | 492.00+5.20 9.08+0.75 295.00+1.73 9.60+0.73
Gemini 2.5 Pro 501.00 7.78 381.00 3.15
Few-shot GPT-40 mini 483.00+13.75 6.19+1.15 321.00+9.00 11.3041.08
+SC+CoTBest  Qwen2.5-72B 458.00+1.73 0.9540.26 380.00+1.73 6.76+1.10
Llama 4 Scout 487.00+3.46 6.36+0.31 308.00+13.86 8.74+1.00
GPT-40 495.00 6.06 390.00 8.72
Claude 4 Sonnet 498.00 8.43 393.00 7.12
Gemini 2.5 Flash | 484.00+4.58 8.27+1.02 357.00+3.00 7.75+1.19
Gemini 2.5 Pro 504.00 10.12 390.00 4.87
Reasoning DeepSeek-R1 462.00 3.90 378.00 4.76
LLMs 03-mini 477.00 5.45 324.00 8.95
Encoders mBERT 298.80+6.91 23.9643.66 206.40+20.28 19.78+1.86
BERT 357.00+6.00 11.8840.50 - -
GBERT - - 313.20+3.42 9.18+1.36

Table 3: Results on the ID10M-JAM dataset. Sy, denotes the success count (out of 411 for German and 534 for
English), and N D, denotes negative drift, computed as described in Section 4.1. Lower N D), indicates greater
robustness ({). Gemini models are reported separately for fairness, as they were involved in data generation. SC =
Self-Consistency; CoT = Chain-of-Thought. Standard deviations, when applicable, are shown after +.

performance on original sentences, independent of
its predictions on variants. Second, Fy (flipped)
counts how many of these correctly-classified orig-
inals experience a prediction flip in their variants—
that is, cases where the model switches from cor-
rect on the original to incorrect on the variant (ei-
ther predicting p as figurative when used literally,
or as literal when used figuratively). By definition,
Fyr < Sy, since only originally correct predic-
tions can flip. We define the negative drift as the
proportion of such flips: NDy; = g—% A higher
N D), indicates greater susceptibility to adversar-
ial context.

Importantly, N Dj; measures robustness to ad-
versarial context, not overall performance. Models
with lower original accuracy have fewer correctly-
classified examples on which drift can occur, poten-
tially yielding lower N D), despite weaker under-
standing. Conversely, high-accuracy models may
exhibit substantial drift. Thus, correct identifica-
tion and adversarial resilience are not necessarily
coupled.

4.2 Prompting LLMs

Since our goal is to evaluate LLMs on idiom iden-
tification, we explicitly prompt them to perform
this task, following a growing line of work that
employs LL.Ms for non-generative extraction tasks
(Liu et al., 2023; Sun et al., 2023; Smaidu et al.,

2024; Hashiloni et al., 2025). For more details
about the system prompt please refer to Figure 4
in Appendix C. We follow the prompting strategy
introduced by Hashiloni et al. (2025) and evalu-
ate each model under two configurations: a simple
zero-shot setup and a more sophisticated prompt,
which was shown to be the best-performing config-
uration in (Hashiloni et al., 2025) on the ID10M
dataset. In the zero-shot configuration, the model
is instructed to list the idioms present in a given
sentence. No explanations are required, and no
examples are provided. The temperature is set
to 0.3 to ensure prediction stability. The second
configuration, denoted Few-shot+SC+CoTBest in
(Hashiloni et al., 2025), combines few-shot prompt-
ing, self-consistency, and chain-of-thought (CoT).
The model is shown ten input-output examples
(five with idioms and five without), randomly sam-
pled from the ID10M training set. We apply self-
consistency (SC; Wang et al. 2023) by sampling the
model n = 5 times at temperature 0.8, to encour-
age output diversity, and retaining only idioms that
appear in at least three outputs. We further use the
CoTBest setup of Hashiloni et al. (2025), in which
the model enumerates candidate PIEs with explana-
tions and then selects at most one idiom—the one
it judges most confidently idiomatic in context.
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Figure 2: Accuracy on the original ID10M dataset (y axis) vs. N D), as detailed in Section 4.1 (z axis). SC =
Self-Consistency, CoT = Chain-of-Thought. Encoders are excluded from this plot.

4.3 Models

We evaluate a diverse set of models; checkpoint de-
tails and licenses are listed in Table 7 (Appendix I).
We evaluate Google’s Gemini 2.5 Flash and Gem-
ini 2.5 Pro (Comanici et al., 2025), as well as Ope-
nAl’'s GPT-40 as a strong closed-weight model,
along with its smaller, more cost-efficient vari-
ant, GPT-40 mini. Similarly, we evaluate An-
thropic’s Claude 4 Sonnet. For comparison with
open-weight models, we evaluate Llama 4 Scout
and Qwen2.5-72B (Yang et al., 2025). We addition-
ally evaluate two reasoning models: 03-mini and
DeepSeek-R1 (DeepSeek-Al et al., 2025). These
models are evaluated only in zero-shot setting,
without sophisticated prompts, to isolate their built-
in reasoning capabilities.

Fine-tuning encoder-based models. Alongside
the LLMs, we fine-tune a set of encoder-based
models on the complete training splits of the origi-
nal ID10M dataset, using them as supervised base-
lines tailored directly to the task. Specifically, we
train multilingual BERT (mBERT) (Devlin et al.,
2019) as a cross-lingual model, as well as language-
specific variants: BERT (Devlin et al., 2019) for
English and GBERT (Chan et al., 2020) for Ger-
man. To ensure robustness, each training and eval-
uation cycle is repeated five times with different
random seeds. Further details on resources and
hyperparameters are provided in Appendix D.

5 Results and Discussion

Across all experiments, we made approximately
200k API calls, at a total cost of about $280. To
balance robustness and cost, most experiments use
efficient models (GPT-40 mini, Llama 4 Scout, and
Qwen2.5-72B), each evaluated with three seeds and
reported as mean and standard deviation. More ex-

pensive models (e.g., GPT-40 and Gemini 2.5 Pro)
are evaluated once per prompt configuration, while
reasoning models (03-mini and DeepSeek-R1) are
used only once, under zero-shot prompting. Ta-
ble 3 summarizes the results of all our experiments
on the ID10M-JAM dataset. For each model and
configuration, we report the corresponding Sy, and
NDj;. Detailed results, broken down by literal
and idiomatic classes, are provided in Table 5 (Ap-
pendix F). Figure 2 illustrates the relationship be-
tween accuracy and /N Dy under both prompting
configurations, where each point corresponds to a
single model, with shape, color, and size encoding
reasoning capability, language, and model size, re-
spectively. Accuracy is defined as the proportion of
original ID10M sentences that are correctly classi-
fied (see Table 2 for the total counts per language).
As the task requires the model to identify the PIE
only when it is used figuratively, we consider a
model that predicts no idioms for any input to rep-
resent the minimum accuracy. The English split
contains 20/178 literal samples (11.24%) and the
German one has 8/137 (5.8%). This distribution is
similar to the original ID10M test split (20% and
9% literal, respectively), with the slight decrease
due to our removal or correction of some original
sentences, as detailed in Section 3. Figure 2 pro-
vides a convenient way to jointly consider both
metrics, accuracy and N Djy,;. Models located in
the upper-left corner are considered preferable, as
they combine high accuracy with low susceptibil-
ity to adversarial contexts. Overall, we observe
no clear relationship between model characteristics
and robustness to adversarial context, making it
difficult to predict which models are more likely to
fail in this setting. We now discuss several aspects
of the results in more detail.

Language comparison. Across nearly all set-
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tings, German emerges as the more challenging
language, consistent with the results reported by
Hashiloni et al. (2025). For example, Figure 2
shows that the English median accuracy (90.97%)
substantially exceeds German (81.02%), and Ger-
man exhibits higher median NDj; (8.94% vs.
6.19%). We also see that the English models are
slightly more pulled towards the upper-left corner
than the German ones. This suggests that German
PIEs introduce greater variability, or that models
are generally better at handling English, unsurpris-
ingly.

Figure 2 also reveals an opposite pattern across
languages. In English, accuracy and N Dj; show
a slight positive correlation: better models solve
harder samples yet are not necessarily more robust
to adversarial context. In German, the trend re-
verses: a higher N D) is associated with lower
accuracy, suggesting that weaker models rely more
heavily on surface cues and are therefore more sus-
ceptible to adversarial manipulation on the original
task.

Prompt types. The Few-shot+SC+CoTBest
prompt substantially improves accuracy for most
models: for instance, GPT-40 German S); rises
from 333 to 390. We see an exception for Gem-
ini 2.5 Flash in English, which decreases slightly
from 492 to 484. Under these settings, German
median accuracy (Figure 2) reaches 91.97%, com-
pared to 81.02% in Zero shot, even surpassing the
one in English (90.63%). German nonetheless re-
tains a higher median N Dy (7.75% vs. 6.19%),
indicating that robustness to adversarial context re-
mains harder to achieve in German. Despite these
accuracy gains, the prompt only slightly relaxes
N Dy on average, especially in German (7.75%
vs. 6.19%), with some models becoming more ro-
bust and others becoming less robust. This suggests
that structured reasoning behaves unpredictably in
the presence of adversarial cues.

Model size and scaling. Scaling shows a non-
monotonic trend: larger models generally achieve
higher accuracy, reflecting stronger semantic and
figurative understanding, but size does not guar-
antee lower negative drift. Some strong models
remain vulnerable (e.g., GPT-40 in German), while
mid-sized models (e.g., GPT-40 mini) achieve com-
petitive N D . Overall, higher accuracy does not
imply robustness to adversarial contexts.

Reasoning vs. non-reasoning models. Over-
all, reasoning-oriented models tend to be only
marginally more robust than their non-reasoning
counterparts, in most cases. As shown in Table 3,
DeepSeek-R1 seems to be slightly more robust than
03-mini with 3.85 vs. 5.45 in English and 4.76 vs.
8.95 in German.

Hard variants difficulty levels. Figure 3 shows
the distribution of variant difficulty across the
dataset. To estimate difficulty, we count how many
LLMs (excluding encoder-based models) fail on
each variant after correctly handling the original
sentence; variants that confuse no models are omit-
ted. Overall, 118 English and 149 German hard
variants confuse at least one model (i.e., the sum
of all bars in each chart), with most affecting only
a small subset. This distribution reveals that our
dataset contains a range of challenge levels rather
than uniformly difficult examples: some variants
prove challenging to nearly all models, while others
expose vulnerabilities in only specific systems.

We analyze per-sentence confusion patterns in
Table 6 and Figure 6 (Appendix F), and find varied
distributions: some sentences yield many error-
inducing variants, while others yield few or none.
In English, models are more uniformly affected,
typically failing on either all variants or none,
whereas in German they are more sensitive to spe-
cific phrasings.

Encoders. We find that encoder models per-
form worse than LLMs on the basic identification
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task, despite being fine-tuned for it. Notably, the
language-specific encoder consistently outperforms
the multilingual encoder on the original sentences
and substantially reduces the negative drift.

Summary of key observations. (i) German is
consistently harder than English under zero-shot
prompting, though structured prompting largely
closes this accuracy gap; (ii) larger, more recent,
and reasoning-oriented models exhibit stronger
identification performance, but are not necessarily
more robust to adversarial cues; (iii) incorporat-
ing CoT, self-consistency, and few-shot prompting
improves accuracy for most models, yet has no
consistent effect on N Djs; and finally, (iv) over-
all, N Dy, shows no reliable correlation with scale,
reasoning capability, or prompting sophistication,
making adversarial vulnerability difficult to predict.
Taken together, these findings indicate that while
idiom identification benefits from scale, reasoning,
and advanced prompting, susceptibility to adver-
sarial context remains largely unpredictable and
decoupled from accuracy.

To assess the impact of adversarial cues, we per-
form an ablation study in which the contexts are
rewritten to be neutral, removing adversarial sig-
nals (see Appendix G). Overall, longer contexts
already challenge idiom identification, but our hard
variants amplify this effect by more than 50%.

Additionally, we conduct a qualitative explain-
ability analysis of how LLMs’ internal representa-
tions respond to adversarial cues. Across 10 PIEs,
correctly resolved variants show attention patterns
aligned with human-expected literal interpretations,
while misleading variants exhibit increased atten-
tion from the PIE tokens to adversarial cues. De-
tails and an example appear in Appendix H.

5.1 Human Performance Baseline

To assess whether humans face similar challenges
when determining PIEs’ usage under the extended-
context conditions used in our dataset, we con-
ducted a human evaluation on 178 hard English
variants, one per original sentence. Two English-
proficient annotators independently labeled each
sentence as figurative or literal (with an ambiguous
option available), with respect to the usage of the
PIE within it. Against the ground truth, the two an-
notators achieved accuracies of 90.4% and 87.1%,
respectively. Inter-annotator agreement reached an
accuracy of 81.5%. Both annotators found literal
uses harder to classify than figurative ones, con-
sistent with the difficulty our models exhibit, and

tended to resolve uncertainty by marking items as
ambiguous rather than literal. These results demon-
strate that, while adversarial contexts introduce
some difficulty, human annotators remain largely
robust to misleading cues (90.4% and 87.1% accu-
racies), correctly classifying the vast majority of
cases where models frequently fail.

6 Conclusions

We introduce ID10M-JAM, a new adversarial
benchmark for idiom identification that systemat-
ically probes LLMs under deliberately confusing
contexts that remain unambiguous to human read-
ers. By enriching original ID10M sentences with
contextual cues favoring the opposite interpreta-
tion of a PIE, we stress-test models’ contextual
and semantic reasoning. This design reveals fail-
ure cases that are trivial for humans to avoid but
remain hidden under standard evaluation setups.
Human evaluation confirms this gap: expert anno-
tators maintain high accuracy (~90%) on our ad-
versarial variants, demonstrating that the contextual
manipulations remain resolvable for humans while
severely degrading model performance. Our exper-
iments across English and German reveal that even
strong state-of-the-art models, including reasoning-
oriented models, remain vulnerable to misleading
contextual signals. While sophisticated prompting
strategies substantially improve overall identifica-
tion performance, they do not mitigate susceptibil-
ity to adversarial context. Notably, model scale
and explicit reasoning mechanisms correlate with
higher identification accuracy, yet do not reliably
translate into greater robustness, indicating that
correct identification and adversarial resilience can-
not be seen as coupled. This finding suggests that
current models remain overly sensitive to surface-
level contextual cues and struggle to maintain sta-
ble semantic interpretations under controlled per-
turbations. ID10M-JAM, therefore, complements
existing idiom benchmarks by shifting the focus
from performance under clean conditions to robust-
ness under semantic pressure and could be used
alongside the standard dataset for idiom identifica-
tion evaluation. Our methodology offers a general
framework for stress-testing contextual understand-
ing in settings where humans remain robust, but
models fail. LLMs are often claimed to match hu-
mans in language understanding, and our approach
can be incorporated into more tasks and settings to
challenge them with adversarial edge cases.
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Limitations

While our study advances the testing of LLMs
for idioms and introduces an adversarial dataset,
it also has several limitations. The main limita-
tion is that we included only the English and Ger-
man splits—leaving Italian and Spanish from the
ID10M dataset, and potentially more datasets, for
future research. This limits the multilingual in-
sights we can draw from this work. Our source
dataset, ID10M, contained only 200 samples per
language, so the variability of our produced dataset
is limited. Our reliance on ID10M also constrains
idiom diversity and may propagate dataset-specific
biases. While ID10M provides well-established
baselines that allowed us to focus on the adversarial
methodology, future work should extend this ap-
proach to broader idiom resources. Moreover, dur-
ing annotation, some original sentences and some
generated variants were discarded, further restrict-
ing the dataset’s scope. Due to budget constraints,
we restricted our experiments to a representative
subset of configurations: we used three random
seeds for the more cost-efficient models and a sin-
gle one for the more expensive ones. We also se-
lected a limited set of models to represent broader
model families, rather than exhaustively evaluating
all available options. Because some models are
proprietary, reproducibility depends on the avail-
ability and stability provided by their providers.
A potential concern with using LLMs on existing,
publicly available tasks is that the models may have
been trained on that data. To partially address this,
we evaluate several LLMs, aiming to unveil trends
rather than a model’s specific performance.

Additionally, our work focuses on diagnosing
robustness issues rather than proposing mitigation
strategies. Developing concrete methods to im-
prove model performance under adversarial con-
texts, particularly model-level or training-time in-
terventions beyond prompt engineering, remains
an important direction for future work.

These limitations point to several promising di-
rections for future work, including broader evalu-
ations across more datasets, more languages, and
more settings.
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Parameter Other Models

Epochs 20
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Learning rate  2e-5

Table 4: Encoders fine-tuning hyper-parameters.
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A ID10M-JAM Statistics

The automatic generation and validation process of
ID10M-JAM, including model selection, prompt
optimization, and experimentation, required ap-
proximately 3,000 API calls and cost approxi-
mately 20 USD.

B Annotators Information

For the English split, a female high school stu-
dent proficient in English volunteered for the an-
notation task and was recruited through one of
the paper’s authors. One of the paper’s authors
subsequently reviewed all examples and corrected
remaining issues. For the German part, two na-
tive German speakers volunteered: one male and
one female, both undergraduate students recruited
via a call for volunteers at Reichman University.
The two annotators split the workload rather than
double-annotating the same instances, making the
annotation setups comparable between English and
German. In both languages, difficult cases were
resolved in discussions with the paper’s authors.

C Prompt

We use the same prompt as in Hashiloni et al.
(2025) for the idiom identification task, see Fig-
ure 4.

D Encoder Fine-tuning

The listed hyperparameters are selected based on
preliminary experimentation and are presented
in Table 4; all remaining settings follow the de-
fault configuration of the Trainer® class in the

8ht’cps: //huggingface.co/docs/transformers/en/
main_classes/trainer
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Model input ]l

System prompt A
You are a professional linguist specializing in figurative language and your task is to analyse
sentences that may contain an idiom, also known as an idiomatic expression. This is a
definition of idiom: ’A phrase, expression, or group of words that has a meaning different
from the individual meanings of the words themselves, and employed to convey ideas in a
non-literal or metaphorical manner’. Mark idioms only when their usage in the context is
idiomatic/figurative and let literal meanings remain unmarked. You are given one sentence in
{language}, you are an expert of this language.
If detected, write the idioms exactly as they are in the sentence, without any changes. Only
answer in JSON.
Human: Sentence: They’ve pissed off and left us in the lurch!
Al idioms: [pissed off]
User prompt
Sentence: Sentence

/

Figure 4: Idiom identification prompt, as in Hashiloni et al. (2025).

transformers library. The exact code and pack-
age versions required are published in the project’s
repository.

We conduct our fine-tuning experiments on an
NVIDIA GeForce RTX 3090 with 24 GB of mem-
ory. Overall, all runs and tests, including model
selection, took approximately 150 hours.

E Label Studio Example

We provide an example of the Label Studio an-
notation platform we use for the annotations in
Figure 5.

F Full results

In Table 5, we present additional results from our
experiments. Specifically, we provide information
about the success measured for the models, based
on division to literal (L) and idiomatic (I) usages.
We dlsplay SL(M), S[(M), NDL(M), ND](M)
accordingly, calculated as explained in Section 4.1.
We see a striking asymmetry: N Dy, (M) substan-
tially exceeds N D(M) across virtually all mod-
els and languages. Models that correctly identify
a PIE as literal in the original sentences are far
more likely to flip to an idiomatic prediction un-
der adversarial context than vice versa. This in-
dicates a strong model prior toward idiomaticity—
when misleading figurative context is introduced,

models tend to over-predict idiomatic usage, mak-
ing correctly-classified literal PIEs disproportion-
ately vulnerable to adversarial manipulation. Note
that due to the low proportion of literal samples
(20/178=11.24% in English and 8/137=5.84% in
German), those results must be taken with a grain
of salt.

In Table 6, we present, for each model and
prompting configuration, the distribution of con-
fusing variants induced by each original sentence.
There are three potential categories for each sen-
tence s that the model got correctly: (1) AC (All-
Confused) are sentences, whose all variants re-
sulted in confusion; (2) NC (None-Confused) are
those with no associated confusing variant; (3)
M X (Mixed) had some, but not all, of their vari-
ants confusing the model. We show an ACvs.M X
plot with Zero-shot settings across different mod-
els and languages in Figure 6, without the encoders
and with no separation between the two prompting
configurations. English models cluster upper-left—
adversarial context is uniformly effective, fooled by
either all variants or none. German models spread
along the M X axis, indicating greater sensitivity to
the specific phrasing of the adversarial cue. Larger
and reasoning models show lower AC' counts yet
non-trivial M X, confirming that vulnerability per-
sists regardless of model strength.
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Original sentence:
The ship broke the ice all the way.

True idioms:

Variant sentence:

The audience was initially silent during the avant-garde performance, but as the miniature replica made its journey across the frozen stage,
its symbolic power resonated and earned a standing ovation, and truly, the ship broke the ice all the way.

Edit variant sentence (leave blank if correct. Write INVALID if problematic and not fixable):

Type your corrected variant sentence here, or leave blank if no change is needed.

Figure 5: Label Studio annotation example.

Submit

‘ English German
Setting Model | Sm Sp(M) NDr(M)(%). Si(M) NDy(M)!| Swum Sp(M)(%) NDr(M)(%)| Sr(M) NDi(M)(%)|
Zero-shot GPT-40 mini 471004794 45.00:000 43.67+127 426.00+7.94 1.10£1.04 257.00-+4.58 21.00:+0.00 28.60::0.00 236.00+458 3.80+046
Qwen2.5-72B 452.00£173  9.00+0.00 66.70+0.00 443.00+1.73 0.40036 361.00+1.73 0.00000 0.00+0.00 361.00+173 9.83+512
Llama 4 Scout 481.00+693  44.00+346 23731490 437.00+3.46 4.57018 292.00+6.24 18.00-£0.00 25.934846 274.00+624 7774101
GPT-40 483.00 45.00 57.80 438.00 1.10 333.00 21.00 19.00 312.00 11.50
Claude 4 Sonnet 486.00 42.00 76.20 444.00 0.00 369.00 12.00 83.30 357.00 0.30
Gemini 2.5 Flash | 492.00+520  41.00+1.73 98.33+145 451.00+3.46 0.97x046 295.00+1.73 17.00£173 79.97+577 278.001.73 5.23x081
Gemini 2.5 Pro 501.00 60.00 45.00 441.00 2.70 381.00 18.00 38.90 363.00 1.40
Few-shot GPT-40 mini 483.00+1375  48.00+0.00 47.20+1221 435.00+1375 1.70+050 321.00+9.00 23.00+173 50.80:139 298.00+1054 8.23+140
+SC+CoTBest  Qwen2.5-72B 458.00+173  9.00+0.00 29.60+6.41 449.00+1.73 0.330.12 380.00+1.73 0.00000 0.00+0.00 380.00+1.73 6.77+106
Llama 4 Scout 487.00+3.46  45.00+520 21.90:+550 442.00+458 4.83x061 308.00-+13.56 18.00:+0.00 42.57 850 290.00+1386 6.60+168
GPT-40 495.00 51.00 51.00 444.00 0.90 390.00 21.00 57.10 369.00 6.00
Claude 4 Sonnet 498.00 57.00 26.30 441.00 6.10 393.00 21.00 42.90 372.00 5.10
Gemini 2.5 Flash | 484.00+458  45.00+0.00 76.30+7.77 439.00=+4.58 1.27x029 357.003.00 14.00£4.58 96.30+6.41 343.00+458 4.07x078
Gemini 2.5 Pro 504.00 57.00 52.60 447.00 4.70 390.00 21.00 47.60 369.00 2.40
Reasoning DeepSeek-R1 462.00 15.00 86.70 447.00 1.10 378.00 21.00 52.40 357.00 2.00
LLMs 03-mini 471.00 51.00 33.30 426.00 2.10 324.00 24.00 41.70 300.00 6.30
Encoders mBERT 298.8+691  50.40+251 34424751 284.4+505 21.80£500 | 206.40+2028 6.00+0.00 33.30+0.00 200.40+2028 19.38=<1.89
BERT 357.00+600  54.00+0.00 18.54 41385 303.00+6.00 10.72+056 - - - - -
GBERT - - - - 313.20342 10.80£1.64 9.42+153 302.40+329 9.18+137

Table 5: More results on the ID10M-JAM dataset. Success count, based on division into literal (L) and idiomatic
(D) usages. Sr,(M), Sy (M), NDr (M), ND;(M) accordingly, calculated as explained in Section 4.1. SC = Self-
Consistency, CoT = Chain-of-Thought. When applicable, standard deviation is reported after the + sign.

G Neutral Context Ablation

To assess the efficacy of adversarial cues, we con-
duct an ablation study in which they are replaced
with neutral contextual prefixes. For each variant v
of a sentence s that confused GPT-40 mini under
a fixed seed (58 variants in total), we generate a
corresponding neutral variant v’. When prompting
Gemini to produce v’, we keep the instruction as
close as possible to the original, while removing
adversarial constraints and ensuring that the added
context remains semantically coherent with s.

We then evaluate GPT-40 mini on these neutral
variants. Despite the absence of adversarial cues,
25 out of 58 variants (43.1%) still lead to confusion.
This suggests that increased text length alone can
substantially affect idiom identification, even with-
out explicitly adversarial signals. Consequently,
these findings raise questions about the robustness
of current datasets and indicate that longer, more

context-rich inputs may be required for reliable
evaluation of this task. At the same time, the sub-
stantial performance gap confirms that adversarial
cues remain highly disruptive, significantly increas-
ing the confusion rate (/N D) over the neutral vari-
ants.

H Explainability Analysis

We conduct a qualitative explainability analysis to
investigate how LLMs encode PIEs and how ad-
versarial contextual cues influence their internal
representations and attention patterns. Following
prior probing work (Conneau et al., 2018; Hewitt
and Manning, 2019), we analyze Transformer mod-
els layer by layer. In addition, similarly to Gomes
(2025) we inspect individual attention heads to
identify patterns that may be associated with sensi-
tivity to non-compositional language.

We focus on idioms that admit both plausible
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‘ English German
Setting Model ‘ AC NC MX ‘ A N M
Zero-shot GPT-40 mini 12.00+000  153.00+000 13.00+000 | 24.33+115  90.67+1.15  22.00+2.00
Qwen2.5-72B 11.00+000  156.67+153  10.33+153 | 8.33+493  106.33+321  22.33+4.16
Llama 4 Scout 5.67+058 149.67+252  22.67+252 | 14.33+153  89.33+153  33.33+231
GPT-40 14.00 151.00 13.00 21.00 91.00 25.00
Claude 4 Sonnet 16.00 154.00 8.00 6.00 123.00 8.00
Gemini 2.5 Flash | 22.67+1.1s  152.00+100  3.33+0s8 | 15.00+173  90.67+153  31.33x115
Gemini 2.5 Pro 7.00 149.00 22.00 5.00 118.00 14.00
Few-shot GPT-40 mini 10.67+115 149334153 18.00+1.00 | 20.00+265 87.67+231  29.33+208
+SC+CoTBest Qwen2.5-72B 8.33+153 156.334321  13.334208 | 5.00+100 105.334306 26.67+252
Llama 4 Scout 9.00+2.00 156.67+379 12334551 | 8.33+0ss  106.004265 22.67+252
GPT-40 10.00 151.00 17.00 5.00 113.00 19.00
Claude 4 Sonnet 9.00 144.00 25.00 4.00 107.00 26.00
Gemini 2.5 Flash | 15.33+058  148.67+451  14.00+458 | 9.33+153  107.334306  20.33+208
Gemini 2.5 Pro 9.00 141.00 28.00 4.00 117.00 16.00
Reasoning DeepSeek-R1 17.00 149.00 12.00 1.00 121.00 15.00
LLMs 03-mini 11.00 153.00 14.00 21.00 95.00 21.00
Encoders mBERT 71.60+11.19  227.20+1150  0.00+000 | 40.60+288 165.8+1956  0.00+0.00
BERT 42.40+152 314.60+631  0.00+0.00 - - -
GBERT - - 28.80+449 284.40+241  0.00+0.00

Table 6: Distribution of confusing variants count per sentence. (1) AC' (All-Confused) are sentences, that all
their variants resulted in a confusion; (2) NC' (None-Confused) are those with no associated confusing variant;
(3) M X (Mixed) had some, but not all, of their variants confusing the model. SC = Self-Consistency, CoT =
Chain-of-Thought. When applicable, standard deviation is reported after the 4 sign.

literal and idiomatic interpretations and select 10
paired sentence variants with comparable surface
forms. Specifically, we analyze variants that are
correctly resolved by all evaluated models (COR),
and variants that mislead at least a subset of mod-
els (MIS). All sentences are passed through Llama-
3.2-3B, and attention distributions are manually
examined across layers and heads.

A consistent qualitative pattern emerges. In COR
variants, tokens corresponding to the PIE (e.g.,
break, ice) primarily attend to tokens that align with
a human-expected literal interpretation. By con-
trast, in MIS variants, these tokens disproportion-
ately attend to adversarial contextual cues, which
may lead to misplaced salience and, downstream,
to incorrect idiomaticity judgments. Figure 7 illus-
trates a representative simplified example of this
behavior.

I Model Checkpoints

In Table 7, we present the checkpoints (or snap-
shots) used in this work and the models’ sizes and
licenses.

J Artifacts

We detail artifacts we use and their respective usage
and licenses in Table 8. For the exact versions of
and more details, see the requirements.txt file in the
project’s repository.

We implement our prompting framework with
LangChain and agno because they provide a mod-
ular and reproducible framework for LLM eval-
uation, particularly when working with multiple
providers, as it wraps their APIs in a unified layer.

K Al assistants

We used Al assistants (e.g., ChatGPT) to support
code formatting, phrasing suggestions, and LaTeX
styling during writing. All outputs were reviewed
and edited by the authors. No content was directly
generated or used without human verification.
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Figure 6: Visualization of AC, M X (All-Confused and Mixed) categories across different languages and models.
We do not distinguish between the two prompting configurations for this purpose. Encoders are excluded from this
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Figure 7: Attention score: the query is the idiom tokens and the keys are the context tokens.

and bottom is a COR variant, rooted from the same original sentence.
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Model Checkpoint License # Param
GPT-40 mini* gpt-40-mini-2024-07-18 Proprietary >200B:
GPT-40° gpt-40-2024-08-06 Proprietary 8B
03-mini* 03-mini-2025-01-31 Proprietary 200B:
Claude 4 Sonnet’  claude-sonnet-4-20250514 Proprietary 150-250B
Gemini 2.5 Flash®  gemini-2.5-flash Proprietary N/A
Gemini 2.5 Prof gemini-2.5-pro Proprietary N/A
Llama 4 Scout® Llama-4-Scout-17B-16E-Instruct Llama 4 Community 17B active
License Agreement 109B overall
Qwen2.5-72B " Qwen2.5-72B-Instruct-Turbo Qwen LICENSE 72B
DeepSeek-R 11 deepseek-ai/DeepSeek-R1-0528 MIT License 671B
mBERT’ google-bert/bert-base-multilingual-cased ~ Apache-2.0 110M
BERT* google/bert-bert-base-uncased Apache-2.0 110M
GBERT' deepset/gbert-base MIT License 110M
Llama-3.2-3B™ meta-llama/Llama-3.2-3B Llama 3.2 Community 3B

License Agreement

* https://platform.openai.com/docs/models/gpt-40-mini
® https://platform.openai.com/docs/models/gpt-40
¢ https://platform.openai.com/docs/models/03-mini
4 https://www.anthropic.com/news/claude-4
fhttps://cloud.google.com/vertex—ai/generative—ai/docs/models/gemini/z—5—f1ash
f https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-pro

¢ https://huggingface.co/meta-1lama/Llama-4-Scout-17B-16E
?https://huggingface.co/Qwen/Qwen2.5—7ZB—Instruct

' https://huggingface.co/deepseek-ai/DeepSeek-R1-0528

J https://huggingface.co/google-bert/bert-base-multilingual-cased
khttps://huggingface.co/google—bert/bert-base—uncased

! https://huggingface.co/deepset/gbert-base

" https://huggingface.co/meta-1lama/Llama-3.2-3B

Table 7: Checkpoints used during experiments and their License, and their number of parameters. * = non-official
estimation, as this information is not public. N/A means not disclosed, and an estimation can’t be found.

Artifact Type License Usage
LangChain® Framework MIT License Prompting
Agno® Framework Apache-2.0 Prompting
Together AI° Provider Proprietary API access
Label Studio AI Platform Apache-2.0 Annotations
ID10M® Dataset CCBY-NC-SA 4.0 Source data

% https://www.langchain.com/
https://www.agno.com/
https://www.together.ai/
https://labelstud.io/
https://github.com/Babelscape/ID10M

o o o o

Table 8: Packages, dataset and artifacts used during experiments, along with their license and usage explanation.
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https://platform.openai.com/docs/models/gpt-4o-mini
https://platform.openai.com/docs/models/gpt-4o
https://platform.openai.com/docs/models/o3-mini
https://www.anthropic.com/news/claude-4
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-flash
https://cloud.google.com/vertex-ai/generative-ai/docs/models/gemini/2-5-pro
https://huggingface.co/meta-llama/Llama-4-Scout-17B-16E
https://huggingface.co/Qwen/Qwen2.5-72B-Instruct
https://huggingface.co/deepseek-ai/DeepSeek-R1-0528
https://huggingface.co/google-bert/bert-base-multilingual-cased
https://huggingface.co/google-bert/bert-base-uncased
https://huggingface.co/deepset/gbert-base
https://huggingface.co/meta-llama/Llama-3.2-3B
https://www.langchain.com/
https://www.agno.com/
https://www.together.ai/
https://labelstud.io/
https://github.com/Babelscape/ID10M

