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Abstract
The recent trend towards utilisation of reasoning models has improved the performance of Large Language Models
(LLMs) across many tasks which involve logical steps. One linguistic task that could benefit from this framing is
idiomaticity detection, as a potentially idiomatic expression must first be understood in relation to the context before it
can be disambiguated. In this paper, we explore how reasoning capabilities in LLMs affect idiomaticity detection
performance and examine the effect of model size. We evaluate, as open source representative models, the suite of
DeepSeek-R1 distillation models ranging from 1.5B to 70B parameters across four idiomaticity detection datasets.
We find the effect of reasoning to be smaller and more varied than expected. For smaller models, producing
chain-of-thought (CoT) reasoning increases performance from Math-tuned intermediate models, but not to the levels
of the base models, whereas larger models (14B, 32B, and 70B) show modest improvements. Our in-depth analyses
reveal that larger models demonstrate good understanding of idiomaticity, successfully producing accurate definitions
of expressions, while smaller models often fail to output the actual meaning. For this reason, we also experiment with
providing definitions in the prompts of smaller models, which we show can improve performance in some cases.
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1. Introduction

Large Language Models (LLMs) have been shown
to excel at many tasks across many disciplines
(Ouyang et al., 2022; Achiam et al., 2023; Grattafiori
et al., 2024), including on tasks involving idiomatic
expressions, such as idiomaticity detection and mul-
tiword expression identification (Phelps et al., 2024;
Smădu et al., 2024). More recently, reasoning mod-
els, LLMs which generate a chain of thought (CoT)
‘reasoning’ responses before reaching a final an-
swer (Wei et al., 2022), have been shown to outper-
form traditional LLMs in a range of tasks (OpenAI,
2025). Notably, DeepSeek-R1 and smaller ‘distilled’
models trained on data produced by it (DeepSeek-
AI et al., 2025), have matched and exceeded other
reasoning models such as OpenAI’s GPT-o1 whilst
being open source and offered at a lower price.

The motivation for such reasoning models is
that training them to generate outputs in chain-of-
thought format allows them “think” step-by-step,
working out a final answer incrementally. This out-
put format also allows for potentially higher explain-
ability, since the CoT becomes part of the context
used to make the final classification. However,
some work has shown that CoT explanations can be
unfaithful, misrepresenting the reason for a model’s
prediction (Turpin et al., 2023; Lyu et al., 2023).

In the field of computational idiom processing,

reasoning models are of interest as one could imag-
ine such step-by-step thinking to improve the han-
dling of potentially idiomatic expressions (PIEs),
where the meaning is ambiguous and determined
by context. Using knowledge of a definition as an
indicator of a level of understanding, the CoT also
allows analysis of A) how well models can define
PIEs in their literal or idiomatic senses, and B) how
well models can use subsequent reasoning to work
out whether a PIE is used idiomatically or literally
in a given context.

Therefore, in this paper, we explore how the dis-
tilled DeepSeek-R1 models perform on a range of
idiomaticity detection tasks. Additionally, we eval-
uate the reasoning outputs of each model to fur-
ther explore how they represent and understand
idiomaticity. Our research questions are:

1. Does the production of reasoning chains im-
prove the ability of models to detect idiomaticity,
and how does this vary across model scale?

2. Do the reasoning outputs (CoT) reflect under-
standing of the target idiomatic expressions?

3. Can the definitions produced by the larger mod-
els be used as an additional knowledge source,
improving the performance of the smaller mod-
els?
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To this end, we find that although the perfor-
mance of the models improves as the models scale,
the effect of adding reasoning generation is smaller
and more varied. Particularly, for the smaller mod-
els we find that producing CoTs on average reduces
the performance across our datasets, whereas for
the larger models a small increase in performance
can be seen in the reasoning variants. Our manual
analysis of the dataset shows that the larger mod-
els also have a good understanding of idiomaticity
and can reliably produce accurate definitions of
the given expressions, while the smaller models
often fail to do so. However, even the largest mod-
els are hindered by their ability to use context and
reasoning to disambiguate PIEs.

Our experiments using definitions from the larger
models as a knowledge source show that perfor-
mance of the smallest models improves by an av-
erage of 0.069 macro F1 on FLUTE, but does not
affect performance significantly for DICE. These
results suggest that this methodology has potential
as a knowledge distillation technique for certain
tasks.

The paper is structured as follows: §2 presents
the methodology and §3 presents the results. §4
and §5 analyse the results, with §6 performing fur-
ther experiments using the generated definitions.

2. Methodology

In this section, we introduce the datasets, models,
and approach that we use in this work.

2.1. Datasets
To enable comparison between the performance
of the newer models to those evaluated in Phelps
et al., 2024, we choose to evaluate on the same
datasets. Additionally, we include the recently re-
leased DICE dataset (Mi et al., 2025). We provide
brief descriptions of each dataset.

SemEval 2022 Task 2a (Tayyar Madabushi et al.,
2022) is a binary classification task for detect-
ing idiomaticity of noun compounds within context
sentences, with examples in English, Portuguese,
and Galician. The test set contains 150 PIEs split
equally across the three languages, with a total of
2342 examples. To maximize the number of test
examples, we follow Phelps et al., 2024 by combin-
ing the few-shot and zero-shot test sets. However,
when evaluating we don’t provide few-shot exam-
ples for any of the instances.

Figurative Language Understanding through
Textual Explanations (FLUTE; Chakrabarty et al.
(2022)) presents an English-language Natural
Language Inference (NLI) task in which models

should predict whether a premise, containing a
figurative expression, follows from a hypothesis
containing a correct or incorrect paraphrase. We
evaluate only the idiom subset of the dataset, which
contains a test set of 250 examples with 69 idioms
represented.

MAGPIE (Haagsma et al., 2020) is a multi-class
idiomaticity detection dataset where a large number
of potentially idiomatic expressions in context must
be classified as idiomatic, literal, or other with a
split of 70/29/1. The entire dataset is in English,
with 1134 expressions represented across 4840
examples.

Dataset for Idiomatic Contrastive Evaluation
(DICE; Mi et al. (2025)) aims to assess the ability
of models to use context in idiomaticity detection.
Existing datasets fail to assess the role of context
in idiom interpretation, as literal meanings often
stem from grammatical changes to the form of the
idiomatic expression, which allows models to rely
on surface cues as a reasoning shortcut instead of
true comprehension. To avoid this, DICE contains
2066 sentences that are balanced for sense, in
which the form of the expression is kept the same
across both literal and figurative uses. Being a
newer dataset, the test labels were not publically
available when the DeepSeek models were trained,
so there is no chance of contamination.

2.2. Models and Experiments
The models we evaluate are the suite of DeepSeek-
R1 distillation (DeepSeek-AI et al., 2025) models
ranging from 1.5-70B parameters, that have been
fine-tuned on a reasoning dataset collected from
the larger DeepSeek-R1 model (the reasoning
models). Whilst processing the input, these models
produce chain-of-thought reasoning.

Each of the distilled models is a fine-tuned ver-
sion of another open source model (the base mod-
els), and so to compare the performance with and
without CoT reasoning, we also run our evalua-
tions on the base models. Namely, we evaluate the
Qwen2.5 suite of models (1.5B, 7B, 14B, and 32B
parameters) (Qwen, 2024; Qwen et al., 2025b) and
their reasoning-tuned DeepSeek-R1 versions, and
Llama3.3-70B (Llama Team, 2024) alongside its
reasoning-tuned variant.

The DeepSeek-R1 1.5B and 7B parameter vari-
ants follow a different training pipeline. Rather than
direct reasoning-tuning from base Qwen2.5 models.
These variants first undergo intermediate training
on approximately 1 trillion tokens of mathematical
data, with prompting designed to elicit reasoning
behaviors (Qwen et al., 2025a). This produces
three model variants for each size: the original
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Model Flute SemEval MAGPIE DICE

Ba
se

Qwen2.5-1.5B 0.849 0.458 0.430 0.366
Qwen2.5-7B 0.921 0.737 0.786 0.710
Qwen2.5-14B 0.924 0.586 0.823 0.800
Qwen2.5-32B 0.914 0.612 0.888 0.873
Llama-70B 0.921 0.658 0.778 0.816

M
at

h Qwen2.5-Math-1.5B 0.551 0.484 0.495 0.482
Qwen2.5-Math-7B 0.691 0.404 0.482 0.507

Re
as

on
in

g DeepSeek-R1 Qwen-1.5B 0.577 0.533 0.516 0.499
DeepSeek-R1 Qwen-7B 0.812 0.585 0.626 0.462
DeepSeek-R1 Qwen-14B 0.929 0.573 0.863 0.863
DeepSeek-R1 Qwen-32B 0.948 0.641 0.890 0.866
DeepSeek-R1 Llama-70B 0.947 0.628 0.873 0.857

Table 1: Results of both the base and the reasoning models on the four datasets. Reported is the mean
Macro F1 averaged across 5 runs, using different random seeds. The best score(s) per dataset shown in
bold.

base model (Qwen2.5), the math-specialized in-
termediate model (Qwen2.5-Math), and the final
reasoning-tuned model (DeepSeek-R1 Qwen). We
evaluate all three variants to understand the training
progression’s impact on capabilities. While we an-
ticipate that math-specialization may compromise
general domain performance, we include these in-
termediate models in our evaluation to examine
whether subsequent reasoning-tuning with broader
domain data can recover the lost general capabili-
ties.

All models are run using the vLLM library (Kwon
et al., 2023) utilizing Q6_K_M quantizations of each
model (Frantar et al., 2023). This allows all the
models to be run on a single A100 80GB GPU.

As the datasets represent two types of task, we
use two different prompts when interfacing with
the LLMs. For the FLUTE dataset, we use the
following prompt:

“You will be given two sentences, a
premise and a hypothesis. Respond
with either ‘entailment’ if the hy-
pothesis follows from the premise,
or ‘contradiction’ otherwise.”

For the other datasets, we use:

“Predict whether the MWE given in
the sentence being used idiomati-
cally or literally. Respond ‘id-
iomatic’ or ‘literal’ respectively.”

The reasoning models generate a CoT before
the output, which we split off for analysis. Where
the models do not output the required label in an
easily parseable format, we use GPT-4o (OpenAI,
2024) to extract the returned label. We evaluate

the models using Macro F1 for all datasets.

3. Model Performance

We present the results from our experiments in
Table 1. As expected, we see the larger mod-
els achieving the highest performance on the id-
iomaticity detection tasks. The best performing
model is DeepSeek-R1 Qwen-32B, which slightly
outperforms the larger DeepSeek-R1 Llama-70B
on all of the datasets. The only model that sur-
passes comparable larger models is the base ver-
sion of Qwen2.5-7b, which outperforms the larger
non-reasoning models on FLUTE, and, surprisingly,
gets the highest score on SemEval-2022, being the
only model to score over 0.7.

In relation to the first question, if reasoning im-
proves the ability of models to detect idiomaticity,
the results observed paint a mostly positive picture.
In Table 2 we show the difference between the
base and reasoning variants of each model across
the datasets, as well as the difference between
the base and intermediate math models: Qwen2.5-
Math-1b and Qwen2.5-Math-7b.

Math-tuning produces the large drops in per-
formance we expected for both the Qwen2.5-1b
and Qwen2.5-7b models. This is slightly less pro-
nounced on the 1.5b model, though this primarily
reflects floor effects as performance on SemEval,
MAGPIE, and DICE was already near-random lev-
els, leaving little room for further deterioration. Con-
versely, the reasoning tuning has a large positive
effect when moving from the Math variants to the
DeepSeek variants, with overall positive improve-
ments of 0.028 and 0.093, an effect that can espe-
cially be seen through single task improvements
for the 7b parameter model (0.121, 0.181, 0.115).

Larger models (14B, 32B, and 70B) demon-
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Model FLUTE SemEval MAGPIE DICE Mean Diff.
ALL EN PT GL

Ba
se

1.5b -0.272 0.075 0.075 0.068 0.082 0.086 0.132 0.006
7b -0.109 -0.153 -0.107 -0.138 -0.077 -0.160 -0.247 -0.167
14b 0.005 -0.014 -0.015 0.051 0.011 0.040 0.064 0.024
32b 0.034 0.039 0.039 0.081 -0.010 0.002 -0.007 0.017
70b 0.026 -0.021 -0.066 -0.085 -0.019 0.095 0.042 0.035

M
at

h 1.5b 0.026 0.049 0.050 0.050 0.057 0.021 0.017 0.028
7b 0.121 0.181 0.212 0.231 0.206 0.115 -0.044 0.093

Table 2: Difference in performance of the reasoning models compared to ‘Base’ and ‘Math’ variants, in
absolute difference in Macro F1. A negative value means reasoning hurts performance, whilst a positive
value means it improves performance. The “Mean Diff.” column reports the average improvement from
using a reasoning model across the four datasets.

Type Label Score
Understanding No definition 0

Focus on single word 0
Inaccurate definition 0
Partial definition 2
Accurate definition 3

Reasoning Nonsensical reasoning 0
OK reasoning 2
Good reasoning 3
Meta-reasoning (inaccurate) 2
Meta-reasoning (accurate) 3

Table 3: The labels used for the manual labelling of the models CoT, with the scores assigned to each
label when calculating averages.

strate consistent benefits from CoT reasoning in-
tegration, with performance improvements reach-
ing 0.095 for Llama-70B on MAGPIE. However, re-
sults vary in magnitude across tasks, and some
performance decreases occur on the SemEval
dataset—particularly for Portuguese and Galician
languages, where the effect of reasoning is less
clear.

4. Manual Error Analysis

As an initial step in exploring the understanding of
the models, we manually inspect samples of the
reasoning outputs and evaluate them. We split
the evaluation into two facets: whether the model
understands the relevant PIE (whether it gener-
ates a valid idiomatic definition, either wholly or in
parts throughout the CoT), and whether the rea-
soning is valid (whether the model successfully dis-
ambiguates the PIE in context within its CoT). This
categorization allows us to separate the effects of
the model’s understanding of the expression and
context and its reasoning ability.

4.1. Labelling Setup
Three of the authors, acting as annotators, each
annotate the same 30 responses (15 correct and
15 incorrect) for each reasoning model. We initially
chose responses to the MAGPIE dataset as this
is the largest dataset, with the largest variance in
expressions used. However, whilst labelling we
found the dataset to be quite noisy (mislabelling,
example sentences which do not actually contain
the target expression, etc.) and so we additionally
label examples from DICE. Overall, 300 examples
were labelled 3 times (once by each annotator) for
understanding and reasoning ability on a 5-point
scale. Each point on the scale was awarded a
score, which is averaged across annotators and
examples, to allow us to get a representative score
for the model. The full set of labels and scores can
be seen in Table 3.

For understanding, labels range from No defini-
tion, Focus on one word, and Inaccurate definition
(all scored 0 for lacking accurate information) to
Partial definition (scored 2) and Accurate definition
(scored 3). Reasoning uses a similar scale: Non-
sensical reasoning (0), OK reasoning that partially
attends to expression and context (2), and Good
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% Judged Valid
DICE MAGPIE

DeepSeek-R1 Qwen-1.5B 0% 0%
DeepSeek-R1 Qwen-7B 0% 6.7%
DeepSeek-R1 Qwen-14B 40% 60%
DeepSeek-R1 Qwen-32B 46.7% 33.3%
DeepSeek-R1 Llama-70B 40% 33.3%

Table 4: For each model, for DICE and MAPGIE,
the percentage of sampled “incorrect” predictions
(where the model prediction does not match the
gold label), where the model prediction was judged
to be valid by the annotators, due to a mislabelled
or ambiguous example.

reasoning with mostly correct connections (3). We
label meta-reasoning, which occurs (rarely) when
the model doesn’t correctly identify the expression
in the context, instead relying on meta-knowledge
typical expression usage. We use 0-2-3 scoring
instead of 1-5 to emphasize the gap between inac-
curate and accurate responses, with some labels
being assigned the same score as they identify
different scenarios of similar quality.

4.2. Labelling Findings

4.2.1. Mislabelling in the dataset

The first thing we observe whilst manually labelling
is that, of the examples where the model is judged
to be incorrect, there are many labels which are
either incorrect or ambiguous. In Table 4, we show
the proportion of examples where the gold label
and prediction do not match, for which our annota-
tors agreed that the gold label was either incorrect
or ambiguous. There is some overlap between the
examples, as the idiomatic subset of DICE (which
accounts for most of these examples) is taken from
MAGPIE. For the larger models, this effect is partic-
ularly pronounced, with a large proportion of their
“incorrect” predictions actually being judged valid by
human annotators. This indicates that accuracy for
the larger models may be higher than suggested
by the results in Table 1, which further reinforces
the high level of understanding shown by the larger
models. We emphasise that this does not imply a
large proportion of these datasets are incorrectly
labelled or ambiguous, instead the accuracy of the
large models means that when they are incorrect
they have a high chance of picking out the few ex-
amples that are ambiguous or incorrect.

4.2.2. Error Patterns by Model Size

Figure 1 shows the manual label scores for each
model in the case where the model is correct and

incorrect. We observe that mistakes made by differ-
ent model sizes often fall into different categories of
errors. The larger models appear to have an under-
standing of most of the expressions in the data, and
therefore as part of their reasoning produce a defi-
nition of the idiom. The smaller models, however,
often produce an incorrect definition or struggle to
identify or recognize the expression all together.
This then leaves a poor basis for the rest of the
reasoning, leaving the label as almost random.

The 1.5B parameter model shows a low level of
both understanding and reasoning ability, with most
of its correct outputs being due to chance. The 7B
parameter model has on average higher levels of
both reasoning and understanding, which corre-
lates with the results in Table 1. The main factor to
whether the model is correct or incorrect appears to
be the reasoning performance, as this varies from
close to the larger models when correct, but closer
to the 1.5B model when incorrect. The larger mod-
els understanding of the expressions is generally
high when it is both correct and incorrect, with more
variation being identified in the reasoning capabili-
ties. However, the overall reasoning scores are still
relatively high, which may indicate that they are in-
correct on the more nuanced examples, something
we noted whilst labelling.

5. Chain-of-Thought Length

We investigate the potential relationship between
the Chain of Thought (CoT) size and model accu-
racy. The DeepSeek paper showed that as model
training progressed and model performance im-
proved, average CoT length went up (DeepSeek-AI
et al., 2025). To explore the correlation between
reasoning length and performance in idiomaticity
detection, we split the CoTs into two categories for
incorrect and correct predictions, and then tokenise
them (using spaCy + en_core_web_sm) to give
lengths. We show two histograms of CoT length for
correct and incorrect predictions in Figure 2. We
can see that the CoT length distribution appears
similar across both cases. Next, we calculate the
point-biserial correlation between CoT size and pre-
diction correctness for each model size category
(1.5B, 7B, 14B, 32B and 70B), which can be seen
in Table 5. Additionally, we compute the pseudo-R2
for a logistic regression model that predicts accu-
racy based on CoT length.

The results reveal that, across various datasets,
there is no consistent pattern suggesting a signif-
icant relationship between CoT size and predic-
tion accuracy. For instance, the most considerable
observed correlation (-30.50%) in the EN-FLUTE
corpus corresponds to a modest R2 value of 0.11,
meaning only 11% of the variance in prediction out-
comes is explained by CoT size. While models of
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Figure 1: The average manually labelled reasoning and understanding scores (between 0 and 3) for each
model, for 15 correct and 15 incorrect examples, averaged across DICE and MAGPIE.

Model Flute SemEval MAGPIE DICE
EN PT GL

DeepSeek 1.5B -0.038 0.009 -0.037 -0.061 0.000 -0.011
DeepSeek 7B -0.151 -0.075 -0.001 -0.089 -0.057 -0.006
DeepSeek 14B -0.022 0.020 -0.036 0.000 -0.135 -0.177
DeepSeek 32B -0.246 -0.003 -0.064 0.126 -0.119 -0.147
DeepSeek 70B -0.305 -0.036 -0.002 0.028 -0.132 -0.156

Table 5: Correlation between CoT length and model correctness. Values in bold indicate a p-value < 0.05.

Figure 2: The distribution of reasoning output log
lengths for correct (blue) vs. incorrect (orange)
model predictions, aggregated across all models
and datasets.

larger sizes (32B and 70B) show slight improve-
ments in R2 for certain corpora, such as FLUTE
and DICE, the overall findings suggest no clear
trend linking CoT length to predictive success.

6. Definition Generation as
Distillation

The results from our manual labelling reveal that
the 32B and 70B parameter models can accu-
rately produce definitions of the expressions rep-
resented in the dataset. Given the lack of compre-
hensive resources for idiomatic expression defini-
tions, this finding presents an opportunity to use
model-generated definitions as a novel distillation
technique.

As an initial exploration, we investigate whether
providing the model generated definitions from the
larger models to the smaller reasoning models can
improve performance. In our manual analysis, we
found that the 1.5B and 7B parameter reasoning
models were not able to accurately reproduce defi-
nitions, which may suggest that they do not contain
the required knowledge to do so, partly explaining
their poor performance on the detection tasks. By
providing this information in the prompt, this knowl-
edge is able to be used by the models whilst making
predictions.

For this experiment, we use DeepSeek-R1 32B
to generate definitions for all the expressions in
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PIE Generated Definition
all hell broke loose “All hell broke loose” means that a situation suddenly became extremely

chaotic, noisy, or violent.
off the hook To be off the hook means to be free from a responsibility, obligation, or

troublesome situation, often after being expected to handle it.
against the grain To go against the grain is to act in a way that is contrary to the usual

approach, often resulting in resistance.
play with fire ‘Play with fire’ means to engage in a risky or dangerous situation that could

lead to negative consequences.
make a killing To make a killing means to achieve great success or earn a lot of money.

Table 6: Examples of the definitions generated by DeepSeek-R1 32B for given PIEs from the DICE
dataset.

Model Original Prompt Definition Prompt
FLUTE DICE FLUTE DICE

DeepSeek-R1 Qwen-1.5B 0.577 0.499 0.663 0.487
DeepSeek-R1 Qwen-7B 0.812 0.462 0.864 0.461
DeepSeek-R1 Qwen-14B 0.929 0.863 0.908 0.842

Table 7: The results using both the original and definition appended prompt, when evaluating the smaller
models on FLUTE and DICE. We report the mean Macro F1 across 5 runs with different random seeds,
and bold any significantly improved results for each model/dataset pair.

the FLUTE and DICE datasets (examples shown
in Table 6). We select DeepSeek-R1 32B as this
shows the highest overall ‘understanding’ score
in the manual analysis (see Figure 1). We then
append the definition to the prompt used in our
main experiments and rerun the evaluation for the
1.5B, 7B, and 14B parameter reasoning models.
These models represent a range of ‘understanding’
scores, allowing us to analyse the effectiveness of
the definitions across different performance and
‘understanding’ levels. We expect that the models
with the lowest performance on the detection tasks
and ‘understanding’, e.g. the 1.5B and 7B parame-
ter models, will benefit the most from the additional
information in the prompt.

6.1. Results

The results from the experiment (shown in Table
7) show that adding definitions to the prompt sig-
nificantly increases performance for the 1.5B and
7B parameter models on the FLUTE dataset. How-
ever, for DICE, and for the 14B parameter model
on both datasets, no significant difference can be
seen between adding the definition to the prompt
or not.

We suggest that the difference in effectiveness
on FLUTE and DICE comes from the fact that, as
suggested by (Mi et al., 2025), DICE requires mod-
els to attend to the surrounding context to make
decisions. Adding the definition will not improve
the models’ ability to do this, and so no increase in

performance is seen.
However, the lack of any decrease in perfor-

mance is promising for the technique as it means
that adding definitions to the prompt can safely be
done without risk of reducing performance. While
the 14B parameter model shows slightly larger ab-
solute decreases on both datasets, these differ-
ences are not statistically significant.

7. Conclusion

In this study, we have investigated the effect that
reasoning has on the idiomaticity detection ability
of LLMs. On four idiomaticity datasets (Flute, Se-
mEval, MAGPIE, DICE), we have evaluated the
performance of the distilled DeepSeek-R1 models
across a range of sizes, in addition to their corre-
sponding non-reasoning base models, and interme-
diate Math variants for the small parameter count
models. To further explore the results, we have per-
formed both a manual and a quantitative analysis
on the reasoning outputs of the models in order to
gain some insight into the models’ understanding
of idiomaticity, as well as their ability to reason with
the expression in context. As a result, we have
three main findings:

1. The effect of reasoning on idiomaticity detec-
tion is relatively small, although it varies across
model size and per dataset. For the smaller
models, training on math specific reasoning
data greatly reduces performance, but subse-
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quent training on more general domain rea-
soning data can restore performance. Larger
models show slight increases in performance
when trained on general domain reasoning
data.

2. Our manual analysis shows the larger mod-
els are consistently able to produce high qual-
ity definitions of the expressions, something
which the smaller models struggle to do. How-
ever, for all models the quality of the reasoning
is the most prominent factor which decides
whether a model will be correct or not. This
highlights that even the largest models strug-
gle to use the expression and the context to
disambiguate the meaning.

3. Our further experiments utilising the definitions
produced by the larger models as knowledge
sources for smaller models show promise as
a knowledge distillation technique. Append-
ing the definitions to the prompt improves the
performance in some cases, whilst having no
significant effect in others, implying this tech-
nique can be applied generally without risk of
regression.

Our results show that while CoT reasoning offers
small benefits for idiomaticity detection, the mod-
est improvements suggest that current reasoning
approaches may not fully address the underlying
contextual disambiguation challenges inherent in
idiomaticity detection. Even if the reasoning gener-
ated appears to indicate idiomatic understanding,
further examination indicates otherwise. Future
work should explore alternative reasoning frame-
works specifically designed for figurative language
processing, perhaps incorporating more structured
approaches to context interpretation. Additionally,
it could explore other ways to utilise the high-quality
definitions generated by the models, either through
in-context learning or as fine-tuning data.
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8. Limitations

Whilst we do on average see a small improve-
ment in performance for idiomaticity detection in the
larger models, this result isn’t wholly consistent, as
the reasoning variant of Llama-3.3 70B performs

worse by 0.037 F1 on the English subset of Se-
mEval compared to the non-reasoning variant. The
average performance increasing from reasoning is
also lower for this model than Qwen2.5 14B and
Qwen2.5 32B (0.013 compared to 0.039). Further
work could investigate a reason for this inconsis-
tency.

On our human analysis of the model CoTs, we
break the evaluation into “understanding”, which
we take as the ability of a model to define the rel-
evant PIE in its idiomatic sense, and “reasoning”,
which we take as the ability of a model to use the
context and the PIE to determine whether it’s literal
or idiomatic. This provides a useful analysis, but a
more fine-grained evaluation using other features
would perhaps be more useful, for example looking
at whether a model is logically consistent, whether
it’s hallucinating, etc.
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