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Abstract
Explanation generation has gained increasing attention in the field of NLP because it makes the output of classification
models more intuitively understandable for humans. This is particularly relevant for complex semantic tasks such as
irony detection, where there may not be any explicit linguistic markers. Generative models have shown great potential
for irony explanation in earlier work, but most studies have been limited to English. Since this is the highest-resourced
language, these capabilities may not be available in languages other than English. To address this gap, this paper
analyses the performance of generative models for explanation generation in Dutch, a lower-resourced but closely
related language to English. Our work shows that larger proprietary models, like GPT-4, can generate meaningful
explanations based on relevant world knowledge, whereas smaller open-source models still struggle to perform this
task. Besides quality evaluation, we also analyse the limitations of these models, showing that GPT models struggle
most with verbosity and that both open-source and proprietary models exhibit circular reasoning (“this text is ironic
because the person expresses this in an ironic way”). Finally, open-source models struggle in particular for Dutch
because they fail to produce the relevant world knowledge that is required to understand the irony. All models and

data used for the experiments is available at iIRONNIE on Hugging Face.

1. Motivation & Related Work

In everyday conversation, we usually assume that
people mean what they say. Still, figurative lan-
guage lets us play with this expectation in creative
ways, allowing us to express ideas that go beyond
the literal meaning of our words. Metaphors, for ex-
ample, let us exaggerate or reshape reality: when
we say that someone is “as big as a mountain,”
the statement expresses a comparison built on a
shared characteristic. Irony, another form of figu-
rative language, instead presents the listener with
an expression that clashes with reality or with so-
cial expectations. For example, when a researcher
remarks, “l sure hope my paper will be rejected,”
most listeners recognize that it is highly unlikely
that this statement should be interpreted literally.
With verbal irony, people convey a meaning that
contradicts or significantly differs from the literal in-
terpretation (Sperber and Wilson, 1986). To under-
stand verbal irony, and to identify which expressions
should be interpreted literally, people rely on world
knowledge, like knowing that people who submit an
article for publication in an NLP venue may spend
months coding, analysing and writing it, and would
usually hope for their efforts to be rewarded. This
type of common or shared background knowledge
is often not explicitly mentioned in the expression
itself but is grounded in real-world facts, cultural
conventions, and social beliefs (Lewis, 1969; Schif-
fer, 1972).

These linguistic insights into irony highlight two
main factors that make the automatic processing
of this type of language particularly challenging.
First, most language is intended to be understood
literally, which biases computational systems to-
ward literal interpretation. Second, these systems
often process sentences in isolation, even though
understanding irony requires access to relevant
background knowledge that is connected to the in-
put but not explicitly stated. Together, these factors
make the modelling of irony a demanding task. Nev-
ertheless, irony is an important topic of research
in its own right and is also highly relevant to sev-
eral high-impact NLP applications, including emo-
tion detection, aspect-based sentiment analysis,
and the moderation of harmful content. Ironic ex-
pressions can obscure a speaker’s true intent, con-
veying negative or harmful opinions while main-
taining plausible deniability (Brown and Levinson,
1987), which makes them difficult to detect auto-
matically. When used to express hostility or preju-
dice, irony further complicates the detection of hate
speech (Frenda et al., 2023).

Within the NLP community, irony has mostly
been approached as a classification task, i.e., to
detect whether a text is ironic or not (Wallace et al.,
2014; Van Hee et al., 2018). The detection of
irony has therefore become a popular topic of re-
search, covering not only English, but also a broad
range of languages, including Dutch (Van Hee
etal., 2016; Maladry et al., 2024), Italian (Cignarella
et al., 2018), Chinese (Xiang et al., 2020) and
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Arabic (Farha and Magdy, 2020). In addition,
these efforts have extended to multiple modalities,
analysing irony in memes (Kumari et al., 2024) and
videos (Baroiu and Trausan-Matu, 2023). With re-
cent advances in generative Al, modelling of irony
is shifting from detection-only approaches toward
deeper analysis through the inclusion of explana-
tion generation. Here, we note that explanation
generation has the primary goal to provide an intu-
itive justification for a label that is meaningful for hu-
man interpretation. However, the produced expla-
nation may not necessarily be faithful to the model’'s
internal reasoning (Atanasova et al., 2023). There-
fore, explanation generation evaluates the qual-
ity of the produced explanations, but not whether
they align with the model’s internal “reasoning” pro-
cess. In some cases, explanations for irony are
conceptualized as paraphrases of the intended
meaning (Saakyan et al., 2025). More linguistically-
grounded approaches, however, recognize that the
ironic contrast should be made explicit and that
generating an adequate explanation often requires
some form of reasoning or world knowledge (Yi
et al., 2025). Comparing generated explanations to
human-written references, recent work has shown
that generative models can produce high-quality
explanations, and that explanations from fine-tuned
models can even be indistinguishable from their hu-
man counterparts (Maladry et al., under review).
This work also found that the produced explana-
tions contain relevant world knowledge that was not
explicitly mentioned in the text, and that a separate
set of generative models can be used to automati-
cally extract this world knowledge from the expla-
nations. While these results are promising, current
work on irony explanation generation remains lim-
ited to English. As aresult, existing evaluations only
describe the upper bound of model capabilities for
the language with the most resources, leaving open
the question of whether these capabilities transfer
to less-resourced languages.

In this paper, we explore whether (1) generative
models for irony explanation can also produce high-
quality explanations that contain relevant world
knowledge for Dutch. In addition, we evaluate (2)
whether generative models can also be used to au-
tomatically extract this world knowledge for Dutch,
and (3) whether automatic evaluation metrics align
with human evaluation of generated explanations.
Besides evaluating the quality of generated expla-
nations, this paper (4) also includes an exploratory
analysis of the world knowledge that is generated
for irony explanation, and (5) a manual error analy-
sis to identify the limitations of current models for
both English and Dutch.

2. Data, Annotation and Evaluation

To assess whether generative models can explain
irony in languages other than English, we built a
Dutch dataset on the sample principles for data col-
lection and annotation as the English study (Mal-
adry et al., under review). We sampled tweets
from a Dutch dataset for irony detection (Van Hee
et al., 2016) and annotated 395 Dutch ironic tweets
with human-authored explanations. Since gen-
uine tweets should be interpreted literally, explain-
ing them becomes extremely trivial and obsolete.
Therefore, this work targets only the ironic tweets
in the dataset.

Each of these 395 ironic tweets is annotated with
a human-written explanation that first presents the
relevant world knowledge needed to understand
the text and then describes how this world knowl-
edge contradicts the literal statement or reveals a
violation of social conventions and cultural expecta-
tions. This first annotation therefore includes both
the underlying world knowledge and the explicit
contrast. A second annotation is then conducted
to isolate the relevant world knowledge from the
discussion, as illustrated in Example 2.1.

Example 2.1 Ironic tweet: Had an insomnia cookie
and now | can’t sleep

Explanation: The tweet is ironic because an insomnia
cookie is not a cookie that causes insomnia (not being
able to sleep). Cookies do not normally cause insomnia.
The name refers to the bakery being open all night.
Background knowledge:

1. Insomnia cookies is a bakery that is open all night.

2. Cookies do not normally cause insomnia

In this setup, the first annotation is used for ex-
planation generation, while the second serves to
extract world knowledge from text-explanation pairs.
Notably, this approach does not attempt to enumer-
ate all possible world knowledge associated with
every concept in the text, as doing so would result
in an unnecessarily large collection of knowledge
items. Instead, we focus on generating contextually
relevant world knowledge that contributes directly
to understanding the irony. Details about the anno-
tation guidelines, which align with the earlier study
for English, along with a corresponding data state-
ment following the principles proposed by Bender
and Friedman (2018), are provided in a technical
report (Maladry et al., 2025).

To evaluate explanation quality, we make use
of three established criteria (Desai et al., 2022;
Saakyan et al., 2025): (1) Adequacy, (2) Human-
likeness and (3) Relative comparison. Ade-
quacy evaluates whether the explanation success-
fully explains the irony and whether the produced
world knowledge is correct and relevant to the ex-
planation. Human-likeness describes whether the
flow of the text is natural, covering aspects like
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grammaticality, fluency and whether the produced
knowledge is not too generic or extensive. Both ad-
equacy and human-likeness are annotated ona 1-5
Likert scale. The third category involves relative
comparison between the different explanations.
We present all Al-generated explanations together
with the human-written explanation, and ask our
annotators to rank them all from best to worst.
Practically, this ranking is converted into a scoring
system in which each explanation receives a score
between 0 and 4 depending on its position in the
ranking.

For the experiments, the dataset is split into
276 training samples (70%) and 119 test samples
(30%), which will be made publicly available on
Hugging Face along with fine-tuned models as the
iRONNIE collection. Model evaluation is performed
on the test set of 119 tweets and each sample is
evaluated 5 times. Since the evaluation of gener-
ated output constitutes an annotation task in itself,
we include additional guidelines in a technical re-
port (Maladry et al., 2025) and assess the consis-
tency of the evaluation with inter-annotator agree-
ment. Using linear weighting, the results show Krip-
pendorff’s « scores of 70% for adequacy, 61% for
human-likeness, and 73% for ranking, meaning
that adequacy and ranking exhibit high agreement
and that human-likeness is more subjective but still
reliable.

3. Experimental Setup

This study evaluates both Llama 3 (Dubey, 2024)
and GPT-4-Turbo to include open-source and
closed-source models and building on the method-
ology used in the English study. Open-source mod-
els are fine-tuned with QLoRA (Hu et al., 2021;
Dettmers et al., 2023) and a single in-context ex-
ample to illustrate the expected output format and
goal of the task. Fine-tuning was performed over
10 epochs, using the following parameters: 128
adapter ranks, an alpha value of 16, with an effec-
tive batch size of 4, a learning rate of 5e-5, and
AdamW as the optimiser. Proprietary models are
not fine-tuned but are provided with three in-context
examples. Both proprietary and open-source mod-
els perform explanation generation and knowledge
extraction as two separate tasks (prompts available
in Appendix A and Appendix B).

The experimental setup involves three types
of fine-tuning. The first type, monolingual fine-
tuning trains only on Dutch data. In addition, we ex-
plore cross-lingual transfer using English resources.
The second type, mixed fine-tuning, combines
English and Dutch training samples into a single,
shuffled dataset. This approach enables the model
to learn from both languages simultaneously, treat-
ing the task as inherently multilingual. The third

type, sequential fine-tuning, adopts a two-stage
process. The model is first fine-tuned on English
to learn the explanation task, and then further fine-
tuned to transfer this skill to Dutch. These strate-
gies yield the following set of explainers for evalua-
tion: (1) Llama 3 fine-tuned on monolingual Dutch
data, (2) Llama 3 fine-tuned on a mixed English-
Dutch dataset, (3) Llama 3 sequentially fine-tuned
in two separate stages, (4) GPT-4 Turbo (in-context
examples) and (5) a human standard explainer.

3.1.

To analyse the results for explanation genera-
tion, we calculate the average score for each metric
and conduct statistical testing to analyse whether
the score differences are statistically significant, as
displayed in Table 1.

The results show that GPT-4 Turbo ranks the
highest, even being preferred over the human ref-
erence. However, its explanations are readily iden-
tified as not human-like. Moreover, the scores for
adequacy indicate that human explanations are
more consistent than GPT’s explanations, although
the difference is not statistically significant. All three
Llama-based models (monolingual, mixed, and se-
quential) score significantly lower than the human
baseline across all three evaluation criteria. While
differences between the Llama variants are modest,
the sequentially fine-tuned model receives higher
adequacy ratings and the monolingual model is
rated highest in human-likeness. Notably, neither
of the cross-lingual strategies, mixed nor sequential
fine-tuning, leads to substantial improvements over
the monolingual Dutch setting, despite the inclusion
of additional English training data.

A comparison of explanation lengths further
contextualizes the evaluation criteria. Human-
produced explanations average 61 words, while
GPT-4 outputs are considerably longer, averaging
103 words. This length discrepancy partially ex-
plains why GPT’s outputs are consistently recog-
nized as machine-generated. In contrast, the three
Llama models produce explanations averaging
57 (monolingual), 55 (sequential) and 61 (mixed)
words, closely matching the human baseline. While
the human-like explanation length gives Llama mod-
els an edge over GPT in human-likeness, the Llama
explanations are still far from indistinguishable, with
human-likeness scores of 28%. This means that
GPT explanations stand out from human explana-
tions because of their excessive length, whereas
Llama explanations stand out due to their content.
The Llama models score considerably worse on
ranking score and adequacy compared to the other
explainers. The same open-source models pro-
duced high quality explanations for English that
are indistinguishable from human explanations and
attain adequacy scores over 50% (Maladry et al.,

Results
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Adequacy

Avg. A Sig.

GPT4 0.68 -0.05 -
— human 0.73 0.00 -
Llama3_sequential 0.43 -0.30 ***
Llama3_monolingual 0.39 -0.34 ***
Llama3_mixed 0.38 -0.35 ***

Human-likeness Ranking Score
Avg. A Sig. | Avg. A Sig.
0.16 -0.36 *** | 3.22 +0.60 ***
0.52 0.00 - | 2,62 0.00 -
028 -024 ** | 156 -1.06 ***
027 -025 ** | 131 -131 **
028 -024 *** | 131 -1.31 *=*

Table 1: Comparison of explanations against the human reference across three evaluation metrics:
Adequacy, Human-likeness, and Ranking Score. Each metric includes the average score, the mean
difference (A) from human, and the significance level from paired t-tests. The asterisks mark the degrees
of significance, with * indicating p<0.05, ** indicating p<0.01, and *** indicating p<0.001. A dash (-)
indicates that the score differences are not statistically significant.

under review). This performance gap between En-
glish and Dutch highlights the limitations of cur-
rent open-source models in adapting to complex
tasks such as irony explanation in lower-resourced
languages. It also underscores the importance
of stronger pre-training and more robust multilin-
gual instruction-tuning. Nevertheless, the results
demonstrate that larger proprietary models like
GPT-4 are capable of generating high-quality ex-
planations in Dutch.

For knowledge extraction, Llama 3 produces
an average of 3.04 knowledge items per explana-
tion and GPT4 produces an average of 2.14 knowl-
edge items, both exceeding the human reference of
1.28. In terms of length, humans use an average of
18 words to express these knowledge items, com-
pared to 27 words for GPT-4 and a substantially
higher 90 words for the monolingually fine-tuned
Llama 3, indicating considerable overgeneration.

For a more fine-grained assessment of knowl-
edge extraction performance in Dutch, we conduct
further manual evaluation according to two crite-
ria: soft recall, which assesses whether all essen-
tial background knowledge from the explanation
has been successfully captured, and soft preci-
sion, which checks whether any of the extracted
items introduce information not supported by the
explanation. These two metrics are considered
“soft” because they do not require an exact string
match, relying instead on semantic similarity. In
some cases, the information is more or less present
in the explanation, but does not exactly match the
desired output. Therefore, we also analyse two
common deviations from ideal precision: content
drift, as shown in Example 3.1 where the ex-
tracted item differs slightly in meaning (e.g., due
to over-generalization or added specificity), and
reasoning, as shown in Example 3.2 where the
knowledge items contains reasoning to connect
the background knowledge to the input text, as op-
posed to purely background knowledge.

Example 3.1

Tweet: Nit pick at every little thing guys. Keep doing that.
That'll show the team you’re behind them.

Explanation:

Nitpicking (pointing out a lot of minor faults) is often
perceived as providing too much negative feedback.
This does not help to support a team, i.e. showing the
team you’re behind them.

Extracted Knowledge:

(1) Supporting a team means giving them positive rein-
forcement and encouragement.

Example 3.2

Tweet: highly inflamed stomach, kinda enjoying this
Explanation:

Having a highly inflamed stomach is an irritable and un-
pleasant medical condition. It is highly improbable
that someone would genuinely enjoy such a medical
condition.

Extracted Knowledge:

(1) Having a highly inflamed stomach is an irritable and
unpleasant medical condition.

(2) People are highly unlikely to enjoy experiencing
medical conditions that cause irritation and discom-
fort.

As shown in Table 2, GPT-4 achieves perfect soft
recall (100%) and high soft precision (94.39%), indi-
cating that it successfully captures all relevant back-
ground knowledge with minimal extraneous content.
Llama 3 also performs well in recall (97.44%) but
lags behind in precision (73.55%), suggesting that
a notable proportion of its extracted items are not
grounded in the explanation.

To better understand these precision errors, we
examine the rates of content drift and reasoning.
Among Llama 3’s extracted items, 23.68% exhibit
content drift and 24.56% contain reasoning. By
contrast, only 5.94% of GPT-4’s extractions show
content drift, and 18.18% include reasoning. No-
tably, we observe that both models exhibit more
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reasoning errors than content drift, indicating an in-
creased tendency to blend background knowledge
with interpretive content. Taken together, these re-
sults point to GPT-4 as the more reliable model for
knowledge extraction in Dutch. It remains more
faithful to the source explanations, producing con-
cise and relevant knowledge items with fewer se-
mantic deviations than Llama 3.

3.2. Semantic Similarity for Automatic
Evaluation

Since manual evaluation is resource-intensive and
limits scalability, we also assess whether automatic
measures can serve as a reliable proxy for hu-
man judgments. SemScore (Aynetdinov and Akbik,
2024) is a semantic metric that is widely used for
the evaluation of generative models. This evalua-
tion metric is preferred over other metrics because
it captures the meaning of entire sentences, as op-
posed lexical similarity metrics, and because it cor-
relates more with human judgement than other se-
mantic metrics like BERTscore (Zhang et al., 2020)
an BLEURT (Sellam et al., 2020) that is reported to
correlate with human judgment. In our experiments
we use the multilingual sentence embedding model
paraphrase-multilingual-MinilM-L12-v2 to cal-
culate SemScore.

As shown in Figure 1, which presents explana-
tion similarities across two languages and four
systems, GPT-4 and the fine-tuned Llama variants
achieve nearly identical SemScores (roughly 72%)
in Dutch. This finding is surprising given that GPT-4
explanations are preferred by human annotators,
while Llama outputs are rated adequate in only 42%
of cases and human-like in just 23%. While Sem-
Score aligned well with qualitative evaluations in
English (Maladry et al., under review), it appears
less effective at differentiating explanation quality
in Dutch.

In addition to explanation similarity, we also com-
pute SemScore for knowledge extraction, exclud-
ing the reasoning component. Here, we compare
system- and human-extracted knowledge by con-
catenating all extracted items into a single string.
When ignoring the reasoning component, Sem-
Scores reflect human judgement more closely pre-
ferring GPT-4 with a score of 86% over monolin-
gually fine-tuned Llama 3 with score of 71%. Alto-
gether, these results suggest that SemScore is only
partially reliable across languages and tasks. For
Dutch, SemScore only aligns with human judge-
ment for knowledge extraction, but does not align
when evaluating the full explanations (including rea-
soning).

4. Analysis and System Limitations

The models developed for English and Dutch
irony explanations and knowledge extraction show
strong performance. As a result, they provide a
useful basis for further linguistic analyses of irony
and the world knowledge involved in understanding
it. However, these models should not be used and
released without further analysis. To shed some
light on the model capabilities and raise awareness
about potential limitations, we propose three anal-
yses. First, we explore what kind of knowledge
these models can produce in the best-case sce-
nario with the best-performing models. Secondly,
we conduct an additional qualitative error analysis
on the explanations of the best-performing model,
highlighting the remaining issues linguists should
be wary for when using this model. As the best-
performing setup for English, we use GPT-4 for
explanation generation, given its superior ranking
and adequacy scores, and Llama 3 for knowledge
extraction to reduce overgeneration. As the best-
performing setup for Dutch, we use GPT-4 for both
explanation generation and knowledge extraction,
since qualitative evaluation favours this model over
the fine-tuned Llama 3 models. Finally, we conduct
an error analysis on the explanations of Llama 3 for
Dutch. We perform this error analysis on the best-
performing setup because it is likely to be adopted
for its high-quality output and also on open-source
models because they may be preferred for sensitive
data or when API costs would be too high.

4.1. Knowledge used in Irony
Explanation

To better understand what kind of knowledge is in-
corporated into model-generated explanations at
scale, we extract knowledge items from all ironic
tweets in both the English corpus (1,732 tweets)
and the Dutch corpus (2,083 tweets). This results
in 6,644 knowledge items for English and 6,573
for Dutch. Given the size of these datasets, we
require an interpretable, high-level overview of the
content distribution. To this end, we apply topic
clustering using BERTopic (Grootendorst, 2022),
leveraging a KeyBERT-inspired topic model. To
guide the clustering process toward broadly inter-
pretable and domain-relevant categories such as
“Politics”, “Economy”, “Sports”, and “Culture”, we
initialize the model with a set of zero-shot seed lists.
These lists are generated by prompting GPT-40 to
produce representative keywords associated with
common news categories. For example, the “Econ-
omy” cluster is seeded with terms such as [“econ-
omy”, “inflation”, “GDP”, “job market”, “tax”]. While
these seed lists are not intended to be exhaustive,
they serve to loosely steer the clustering process
toward broad, interpretable categories. This helps
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Recall Precision | Content drift Reasoning | Total items
Llama3 | 97.44%  73.55% 23.68% 24.56% 155
GPT 100.00%  94.39% 5.94% 18.81% 107

Table 2: Soft recall and soft precision of extracted knowledge items based on manual validation on 90
human-written explanations. Content drift and reasoning refer to knowledge items that are considered
correct for soft precision, but exhibit deviation from the ideal desired output.
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Figure 1: SemScore calculated between human and system explanations.

support a high-level overview of the types of knowl-
edge used in model-generated explanations, while
avoiding the fragmented groupings that may result
from fully unsupervised topic discovery.

The topic model produced 120 clusters for each
language (included in Appendix C). Several clus-
ters in both languages contain explicit reasoning,
explaining contradictions between a positive sen-
timent expressed in the text and a negatively con-
noted situation. Common themes across both lan-
guages include sports, school, and physical health.
Many clusters also reflect everyday concerns and
inconveniences, such as waking up early, traffic,
family life, and the weather. In both corpora, we
also observe clusters related to political and soci-
etal issues. For English, this includes topics such
as racism and discrimination; for Dutch, clusters
include themes like war, terrorism, and extremism.
These topics reflect prominent public concerns dur-
ing the time span in which the tweets were written
(2012-2017), suggesting that the models can incor-
porate knowledge relevant to the socio-political con-
text of that period. Additionally, both languages fea-
ture knowledge about digital communication norms,
including the use of emoticons, emojis, and social
media conventions. In addition, specific knowledge
about social media conventions, like knowing that
a skull emaji is often used in the sense “dying from
laughter”, is also present for both languages.

To further analyse the specificity of the extracted
knowledge, we applied Named Entity Recognition

using spaCy (Honnibal et al., 2020). As shown in
Figure 2, the extracted knowledge frequently ref-
erences named entities such as people, locations,
and organizations.

In Dutch, the most frequently mentioned individ-
uals include Geert Wilders and Fred Teeven, both
known for their roles in Dutch politics. Organiza-
tions such as the NS (Dutch Railways), political
parties (PvdA, VVD), and news outlets (RTL, NOS)
also appear prominently. For English, the most
commonly mentioned people are Jesus Christ (of-
ten appearing in expressions of surprise or frus-
tration) and Barack Obama. This shows that the
model can generate knowledge about well-known
entities within the time span of the corpus (between
2014 and 2015). Beyond these more general refer-
ences, we also find instances of specific, historically
grounded knowledge. For English, we found men-
tions of Eric Garner, whose death became a pivotal
moment in the Black Lives Matter movement. In
the Dutch corpus, multiple explanations mention
Charlie Hebdo, a staple event of Islamic terrorism in
Europe. This shows that the model can also access
knowledge about specific events that were central
to public debate during the 2014-2015 period.

4.2. Error Analysis for Highest-Quality
Output

The scores demonstrate what the state of the art
can achieve, but limitations remain. To better un-
derstand where these limitations lie, we manually
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Figure 2: Named entity labels present in Dutch and English extracted knowledge.
NER label clarification: 0RG = Organization, GPE = Geo-political entity (e.g., country, city, state), NORP =
Nationality, religious, or political group, FAC = Facility (e.g., buildings, airports, highways).

examined the explanations generated by GPT-4,
the best-performing explainer, which was gener-
ally preferred over human explainers. Our analysis
focused on instances where the majority of eval-
uators deemed the explanation inadequate. For
English, this results in a total of 23 explanations
(out of the 80 in the test set) and for Dutch, this
results in a total of 35 explanations (out of the 119
in the test set). As shown in Table 3, the most

| EN(n=23) | NL(n=35)

Verbose 18 (78.26%) | 23 (65.71%)
Sarcasm 2 (8.70%) 12 (34.29%)
Reasoning | 3 (13.04%) 5 (4.29%)

Table 3: Issues identified in English and Dutch GPT
explanations.

frequent issue across both languages is verbosity.
Many explanations are unnecessarily long, partic-
ularly when the ironic contrast relies on relatively
simple world knowledge. To illustrate, Example 4.1
demonstrates how the model over-elaborates on a
straightforward contradiction.

While this issue occurs in both languages, over-
generation appears more frequently in English than
in Dutch. A second recurring issue involves expla-
nations that describe an expression as being “used
sarcastically”, “referring ironically”, or “strengthen-
ing the irony”. These statements result in circular
reasoning, restating that something is ironic with-
out explaining why. In addition to offering little in-
terpretive value, they also contribute to excessive
explanation length (see Example 4.2). Such explicit

mentions of irony and sarcasm are more frequent
for Dutch than for English.

Finally, the third systematic issue involves flawed
reasoning structure. In these cases, the model pro-
duces generally accurate background knowledge
and successfully highlights a contrast, but places
disproportionate emphasis a less relevant compo-
nent. As shown in Example 4.3, the explanation re-
peatedly focuses on the individual “Charlie”, which
weakens the overall coherence of the explanation.

Example 4.1 Text: Love it when your typing at work
and a spider comes out from the keyboard and hangs
out between your fingers

Explanation: Typically, encountering a spider unexpect-
edly, especially one emerging from a personal space like
a keyboard, tends to evoke feelings of surprise and often
fear or disgust in many people. The notion of enjoying
such an experience contradicts the usual reaction of dis-
comfort or alarm associated with spiders. Therefore, the
use of “Love it when” to describe an encounter that most
people would find unpleasant or startling is an example
of irony. The statement suggests affection or pleasure
when the anticipated and conventional response would
likely be the opposite.

Example 4.2 Text: cleaning up spew is a definite
highlight of my job!!

Explanation: In typical job environments, tasks like
cleaning up spew (vomit) are considered unpleasant and
undesirable. Most people do not enjoy dealing with bod-
ily fluids because it can be unsanitary and often has a
strong, disagreeable odour. Labelling such a task as a
“highlight” of one’s job employs heavy sarcasm because
it contradicts the common understanding and general at-
titude towards this type of menial and distasteful work.
Therefore, the use of "definite highlight" in this context
is meant to be ironic, expressing the speaker’s actual
dissatisfaction or frustration with this aspect of their job.
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Example 4.3 Text: Love how | came into work at 8
because Charlie said we were busy.... 3 people in 45
minutes,yeah we got this place packed Charlie.
Explanation: The tweet sarcastically remarks on the sit-
uation where the speaker was told by “Charlie” to come
in early due to being busy, which implies a heavy work-
load or many customers. However, the subsequent in-
formation about only three people being present in 45
minutes clearly contradicts Charlie’s claim, suggesting
an extremely slow day instead. The phrase “yeah we got
this place packed” is ironic because the situation is the
opposite of packed, highlighting the disparity between
expectation (set by Charlie) and reality (very few people).
The use of term “Love how” is also sarcastic, as it is
unlikely that someone would genuinely love being misled
about the need to start work early.

4.3. Open-source Error Analysis for
Dutch

To analyse the limitations of open-source models,
we focus the evaluation on the irony explanations
generated by the Llama models for Dutch, where
the performance gap was most notable. Although
the differences between sequential fine-tuning (first
on English, then on Dutch), monolingual fine-tuning
and mixed fine-tuning (on both English and Dutch
simultaneously) are minimal, we select the out-
puts of the sequentially fine-tuned model because
it achieved higher average scores for adequacy
and was ranked higher in comparative judgement.
These are further filtered to only include the expla-
nations for which at least one annotator labelled the
explanation as “not adequate”, suggesting that the
text may not fully meet the minimal requirements.
For this analysis, each explanation was labelled
along a variety of categories (see Table 4). This
was performed in a multi-label setup, as the differ-
ent types of errors are not mutually exclusive and
can co-occur. The analysis shows that almost 70%
of inadequate responses did not contain sufficient,
correct and relevant world knowledge, indicating
that generating the relevant knowledge remains
the main challenge. While the absence of relevant
world knowledge undoubtedly causes reasoning
issues further down the line, reasoning issues also
occurred in 64% of the inadequate explanations,
and in 17% even when there were no knowledge
issues. Finally, about 60% of the explanation ex-
hibited formal issues, most due to verbosity.

5. Conclusion

In this study, we assess whether generative mod-
els can explain irony using world knowledge in lan-
guages other than English. To this end, we transfer
the methodology and models that performed well
for English irony explanation (Maladry et al., under
review) to Dutch, a closely related language with

Error Type Percentage (%)
Knowledge 68.75
Too broad 6.25
Irrelevant 22.92
Wrong 27.08
Missing 57.29
Reasoning 63.54
Circular 38.54
Conclusion 50.00
Form 60.42
Verbose 51.04
Fluency 30.21

Table 4: Error analysis of explanations generated
by the sequentially fine-tuned Llama 3 model for
Dutch in a multi-label setup. Percentages (includ-
ing those in sub-categories) refer to the complete
set of inadequate explanations.

more limited resources, and publish the models
and corpus at iRONNIE on Hugging Face.

Our analysis shows that large proprietary mod-
els can perform on-par with human explainers for
Dutch, but that they do not outperform humans
like they do in English. Whereas the gap for irony
explanation between English and Dutch is rather
small for proprietary models, smaller open-sourced
models like Llama 3 exhibit a larger performance
gap, both for explanation generation and knowl-
edge extraction. Similarly, automatic metrics for
sentence similarity did align with human evalua-
tion for English (Maladry et al., under review), but
sentence embeddings for Dutch do not seem to
capture sufficient nuance to reflect human judge-
ment for irony explanation. This finding confirms
the need for further manual evaluation for genera-
tive Al and suggests it may be especially important
for languages other than English.

Analysis of the knowledge used for irony explana-
tion in both languages shows that high-performing
models express affective information to explicitly
highlight the contrast between expected and ex-
pressed sentiment, but they also include more fac-
tual information. The explanations and extracted
knowledge span a range of general world knowl-
edge topics, such as daily life, political parties, and
well-known public figures. In some cases, this
knowledge extends to time- and place-specific in-
dividuals and events that played a major role in
public discourse during the 2014-2015 period. No-
tably, this pattern also holds for Dutch, despite its
lower-resource setting. For high-performing pro-
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prietary models, we identified issues in the model
argumentation and reasoning with outputs being
too verbose, using circular reasoning and employ-
ing uninformative statements like “used sarcasti-
cally”, “referring ironically”, or “strengthening the
irony”. These limitations apply to irony explanation
in both English and Dutch. Although open-source
models also exhibit this behaviour, the explanations
are mostly found inadequate because they do not
contain sufficient correct and relevant world know!-

edge.

6. Acknowledgements

This work was supported by Ghent University under
grant BOF.24Y.2021.0019.01. The computational
resources (Stevin Supercomputer Infrastructure)
and services used in this work were provided by
the VSC (Flemish Supercomputer Center), funded
by Ghent University, FWO and the Flemish Govern-
ment — department EWI.

Limitations

For future work, we believe it would be worthwhile
to further explore data augmentation for this task. In
the current evaluation setup, we fine-tuned a model
using a mixed English and Dutch dataset and ex-
plored sequential fine-tuning (first for English, then
for Dutch). In addition, it would also be possible
to translate the English data to Dutch. However,
we did not include this into our experimental setup,
as it would have significantly increased the man-
ual workload since all generated explanations are
manually evaluated.

This study focused on Llama 3 and GPT 4 as
representative models, but other models may yield
different results. We performed a manual error
analysis for some of these models, but the results
may be different for newer versions of the models
or different architectures and models.

Future research could also analyse the gener-
ated explanations in more detail, aligning them
with argumentation theory to provide a more fine-
grained classification of explanation types.

Finally, the dataset only contains explanations
written by a single human reference. While it would
be fascinating to investigate whether humans ex-
plain irony in different ways and to analyse these
differences, this requires large-scale annotation
beyond the scope of this work. Although we per-
formed explanation evaluation with multiple annota-
tors, we did not investigate why annotators disagree
about the quality of specific explanations.
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A. Prompt Template for Explanation
Generation

GPT-4 Turbo

Your task is to explain why tweets should be con-
sidered ironic. Make sure to base your explanation
on background knowledge that is not present in
the text itself. This background knowledge can
include common assumptions, factual knowledge
and social conventions.

Here are some examples of the expected output:

Example 1 -

#i## Text: Loooovvveeeeeee when my phone gets
wiped

### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would
not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic.

Example 2 -
### Text: @user Kohli showing all the guts of
Scooby Doo. #CaptainCourageous
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#i## Explanation: When people say that someone
has "the guts to do something", it means they
are fearless, confident and brave. The cartoon
character Scooby Doo is know for his cowardice.
Saying that someone is showing the guts of Scooby
indicates that they are in fact not courageous or
fearless at all. The evaluation "#CaptainCoura-
geous" must therefore also be ironic.

Example 3 -

### Text: Just received an email that | am the heir
to the Nigerian Petroleum Corporation. | should
immediately send them all my bank info.

#i## Explanation: The stereotypical phishing email
from a supposed "nigerian prince" is a well-known
fact. As most people are expected to know about
this common phishing template, the users will most
likely not follow up by walking into the trap and
sending them all their bank info (which is exactly
what the writer of this tweet writes they will do
exactly).

New sample:
### Text: {text placeholder}
### Explanation: {system fills in explanation}

Llama 3

[Human Says][BoS]

You are an expert trained in identifying irony and
sarcasm in social media text and explaining the
underlying reasoning. Your task is to explain why
tweets should be considered ironic. Make sure to
base your explanation on background knowledge
that is not present in the text itself. This background
knowledge can include common assumptions,
factual knowledge and social conventions.
Explain why this tweet is ironic:

### Text: nit pick at every little thing guys. keep
doing that. that'll show the team you’re behind
them.[Eo0S]

[System Says:][BoS]

### Explanation: nitpicking (pointing out a lot
of minor faults) is often perceived as providing
too much negative feedback. this does not help
to support a team, i.e. showing the team you're
behind them.[E0S]

[Human Says:][BoS]
Explain why this tweet is ironic:
### Text: {text placeholder} [E0S]

[System Says][BoS]
### Explanation: {system fills in explanation}

B. Prompt Templates for Knowledge
Extraction

GPT-40

You will be provided with an ironic tweet along
with an explanations for why they are ironic.
These explanations are based on extra textual
background knowledge. Your task is to extract
which knowledge is used in the explanations but
which is not present in the text itself. Split up
this information into multiple items where this is
appropriate. Make sure that the knowledge you
provide is mentioned explicitly in the explanation.
Here are some examples of the expected output:

Example 1 -
#i## Text: Loooovvveeeeeee when my phone gets
wiped
### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would
not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic.
### Background knowledge:

1. When a phone gets wiped, all personal data
and information is lost.

2. People do not like losing access to their
personal data and pictures on their phone.

Example 2 -

### Text: @user Kohli showing all the guts of
Scooby Doo. #CaptainCourageous

#i## Explanation: When people say that someone
has "the guts to do something", it means they
are fearless, confident and brave. The cartoon
character Scooby Doo is know for his cowardice.
Saying that someone is showing the guts of Scooby
indicates that they are in fact not courageous or
fearless at all. The evaluation "#CaptainCoura-
geous" must therefore also be ironic.

### Background knowledge:

1. When people say that someone has “the guts
to do something”, it means they are fearless, confi-
dent and brave.

2. The cartoon character Scooby Doo is known
for his cowardice.

Example 3 -

### Text: Just received an email that | am the heir
to the Nigerian Petroleum Corporation. | should
immediately send them all my bank info.

### Explanation: The stereotypical phishing email
from a supposed “nigerian prince”is a well-known
fact. As most people are expected to know about
this common phishing template, the users will most
likely not follow up by walking into the trap and
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sending them all their bank info (which is exactly
what the writer of this tweet writes they will do
exactly).
### Background knowledge:

1. The email from a Nigerian prince or heir is a
well-known stereotype of phishing.

New sample:

### Text: {text placeholder}

### Explanation: {explanation placeholder}

### Background knowledge: {system fills in
knowledge items}

Open-Source Models

[Human Says][BoS]

For each of the following input texts, we have an
explanation for why they contain irony. Your task is
to identify and extract any background knowledge
used for the explanation.

Extract the background knowledge from this text
and explanation pair:

### Text: Loooovvveeeeeee when my phone gets
wiped.

### Explanation: When your phone gets wiped
(which indicates someone did not do it on purpose),
you lose all data on your device. This includes a
lot of personal information and pictures that people
might want to save as keepsakes. As people would
not like (accidentally) losing their personal data,
the positive evaluation in this tweet is ironic. [EoS]

[System Says][BoS]
### Background knowledge:

1. When a phone gets wiped, all personal data
and information is lost.

2. People do not like losing access to their
personal data and pictures on their phone. [EoS]

[Human Says][BoS]

Extract the background knowledge from this text
and explanation pair:

#i## Text: {text placeholder}

### Explanation: {explanation placeholder} [E0S]

[System Says][BoS]
Background knowledge: {system fills in knowledge
items}
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Dutch Topics English Topics
Count  Representation Count  Representation
2,168 [sarcastic, ironic, irony] 2,357 [irony, contradiction, fact, knowledge]
333 [school, pupils, students, education] 121 [nfl, teams, fans, team, football, sports]
204 [hashtags, sarcasm, sarcastic, criticism] 101 [debt, money, pay, taxes, economy]
155 [budgets, income, expenses, financial, subsidy] 93 [Facebook, twitter, social, media]
97 [tweet, twitter, facebook, social, media, instagram] 93 [evaluation, positive, contradiction, negative]
92 [parents, children, upbringing, mother, household, family] 89 [annoys, uninteresting, complaining, frustrating]
84 [news, journalism, media, world news] 85 [exam, study, test, writing, student]
82 [traffic issues, driving behaviour, traffic, drivers] 82 [tweet, twitter, retweet, text, writer]
69 [sarcasm, humorous, irony, funny] 81 [diet, fat, healthy, unhealthy, eat, exercise]
67 [irony, humor, frustration, disappointment, funny] 78 [emoiji, smile, indicates, emotion]
67 [symptoms, painful, inconvenience, stomach ache] 70 [irony, situational, sentiments, contradiction]
64 [weekend, vacation, Fridays] 70 [chores, work, lazy, job, office]
61 [food, meal, snacks, diet, lunch, eat] 62 [morning, sleep, 8am, night, tired]
57 [warm, temperature, summer, climate] 59 [police, officer, civilians, violence, crimes]
54 [impolite, rude, negative, unfair, criticism] 58 [weekend, Friday, Saturday, Monday, Sunday]
54 [music taste, pop music, music, festival] 53 [tweets, genuine, positive, evaluation]
53 [ absurd, illogical, contrast, contrary] 53 [woken, sleep, asleep, alarm]
53 [sleeplessness, sleep, lack of sleep] 52 [sentiment, evaluation, positive, contradiction]
52 [shoes, clothing, feet, outfit, stylish] 52 [irony, knowledge, reasoning, inconsistency, factual]
47 [war, violence, extremism, terrorist attacks] 41 [discrimination, racism, unfair, stereotype]

Table 5: Top Dutch and English topic clusters with columns for representations and count for number of
knowledge items that contain the cluster. Dutch topics are manually translated to English for accessibility.
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