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Abstract
We introduce Dutch Multi-SimLex, a 1,888–pair extension of the Multi-SimLex benchmark for evaluating lexical
semantic similarity in Dutch. The dataset was rated by 100 native speakers on a 0–6 scale and shows high reliability
(overall ICC(2,k)=0.82) as well as strong alignment with English (ρ=0.73). Using this resource, we evaluate eighteen
models across four architectural families: static embeddings, encoder-only transformers, encoder–decoders, and
decoder-only LLMs. We evaluate models using two complementary approaches: embedding-based cosine similarity
and prompted similarity judgments in Dutch. In embedding-based evaluation, FastText (ρ=0.485) and the monolingual
Dutch encoder BERTje (ρ=0.468) achieve the strongest alignment with human ratings, while multilingual encoders
such as mBERT (ρ=0.208) and XLM-R (ρ=0.186) perform weaker. Prompt-based evaluation yields substantially
higher correlations, with GPT-4 (ρ=0.761) performing best, followed by DeepSeek-V3 (ρ=0.753) and Gemini 1.5
Pro (ρ=0.722). Together, the results show that model performance depends strongly on how meaning is tested.
Dutch Multi-SimLex provides a reliable foundation for evaluating meaning across architectures and advancing Dutch
semantic evaluation.

Keywords: semantic similarity, Dutch, embeddings, prompting, evaluation

1. Introduction

Recent advances in large language models (LLMs),
such as instruction-tuned generative decoder mod-
els, have made natural language interaction with
computers increasingly human-like (Achiam et al.,
2023; Radford et al., 2019). While their fluency is
impressive, a key question remains: how do these
models operationalise lexical meaning, and to what
extent do their representations align with human
semantic judgements? Without grounding in real-
world experience, models risk confusing paradig-
matic semantic similarity with syntagmatic associ-
ation, e.g. rating coffee and cup as similar rather
than related (Hill et al., 2015; Vulić et al., 2020).
This distinction is crucial for reliable NLP applica-
tions such as retrieval, dialogue management, and
text simplification.

Semantic similarity tasks provide a way to in-
vestigate this issue by measuring the degree to
which models align with human judgments of lexi-
cal meaning (Miller and Charles, 1991). While early
resources such as WordSim-353 or MEN conflated
relatedness with similarity (Finkelstein et al., 2001;
Bruni et al., 2014), SimLex-999 explicitly distin-
guished the two (Hill et al., 2015). Multi-SimLex ex-
tended this approach to twelve typologically diverse
languages, using re-annotation by native speakers
to ensure cross-lingual validity (Vulić et al., 2020).

Dutch poses a relevant test case as it is widely
used in a highly digitised society, yet remains under-

represented in multilingual benchmarks and LLM
training data (Odijk, 2012; Vanroy, 2023). While a
Dutch SimLex-999 exists (Brans and Bloem, 2024),
it lacks the scale and multilingual alignment of Multi-
SimLex. This underrepresentation and the "curse
of multilingualism" create challenges for evaluat-
ing Dutch semantic representations, as multilingual
models often underperform in individual languages
(Vlantis and Bloem, 2025).

This paper introduces a Dutch extension of
Multi-SimLex and evaluates a broad spectrum of
model types, from static embeddings (Word2Vec,
FastText, GloVe) to contextual encoders (BERTje,
RobBERT, mBERT, XLM-R, EuroBERT), en-
coder–decoder models (mT5, FLAN-T5), and
decoder-only LLMs (BLOOM, Falcon-7B, Schaapje-
2B, GPT-4, Gemini, DeepSeek-V3). We report
results from both embedding-based and prompt-
based approaches to obtain complementary in-
sights, without treating the two paradigms as di-
rectly comparable.

We have four key contributions:

1. A Dutch extension of Multi-SimLex with 1,888
human-rated word pairs.

2. A cross-architectural evaluation of Dutch se-
mantic similarity covering static, encoder, en-
coder–decoder, and decoder-only models.

3. An analysis of embedding-based and prompt-
based evaluation methods, showing how each
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highlights different aspects of semantic knowl-
edge.

4. Empirical insights into how architectural de-
sign, multilingual scope, and language-specific
adaptation affect representation of Dutch lexi-
cal semantics.

Overall, this study provides both a resource for
Dutch NLP1 and an empirical investigation of how
different architectures encode meaning. It aims to
guide future work towards more robust and linguis-
tically informed evaluations in multilingual NLP.

2. Related Work

This section summarises prior research on model
architectures and intrinsic evaluation strategies rel-
evant to multilingual and Dutch NLP.

2.1. Model Architectures
Static word embeddings (Word2Vec, GloVe, Fast-
Text) operationalise the distributional hypothesis
and have long been the default for intrinsic simi-
larity evaluation (Mikolov et al., 2013; Pennington
et al., 2014; Bojanowski et al., 2017). These mod-
els learn a single vector per word, independent of
context, and capture general co-occurrence pat-
terns rather than contextual nuances.

Contextual encoders such as BERT and
RoBERTa, including Dutch adaptations BERTje
and RobBERT/RobBERT-2023, improve on these
tasks through masked language modelling and bidi-
rectional self-attention (Devlin et al., 2019; Liu et al.,
2019; de Vries et al., 2019; Delobelle et al., 2020;
Delobelle and Remy, 2024). Encoder models pro-
cess input sequences in parallel, building hierarchi-
cal representations where meaning emerges from
contextual relations between tokens across all lay-
ers.

Multilingual encoders (mBERT, XLM-R, Eu-
roBERT) extend this principle across languages,
encoding shared subword vocabularies to promote
cross-lingual transfer. However, this often comes at
the cost of language-specific fidelity due to vocab-
ulary and parameter sharing (Devlin et al., 2019;
Conneau et al., 2020; Boizard et al., 2025).

Encoder–decoder models (T5, mT5, FLAN-T5)
employ a sequence-to-sequence transformer archi-
tecture (Raffel et al., 2020; Xue et al., 2021; Chung
et al., 2024), where the encoder captures input
meaning and the decoder generates task-specific
outputs. By framing all tasks in a text-to-text format,
they can unify training objectives across classifi-
cation, generation, and translation tasks, which

1https://github.com/lizzybrans/Dutch-MultiSimLex

makes them particularly suited for prompt-based
evaluation.

Finally, decoder-only LLMs (e.g., GPT-4, LLaMA,
BLOOM, Gemini, DeepSeek) consist solely of au-
toregressive transformer blocks that predict the
next token in a sequence (Achiam et al., 2023; Tou-
vron et al., 2023; Le Scao et al., 2023; Gemini Team,
2024; Liu et al., 2024). These models excel at text
generation, simulated reasoning and instruction-
following, particularly when instruction tuned, yet
their internal embeddings are not always directly ac-
cessible or standardised across implementations.
Their semantic representations must therefore be
probed either via derived embeddings or through
prompt-based tasks, as explored in this study.

2.2. Intrinsic Evaluation Approaches
Intrinsic evaluation measures how closely model-
derived metrics align with human judgments. Mod-
els are intrinsically evaluated for grammatical capa-
bilities through benchmarks of minimal pairs such
as MultiBLIMP (Jumelet et al., 2026), in which a
model should assign a higher probability to a gram-
matical variant of a sentence than an ungrammati-
cal one. For the Dutch grammaticality benchmarks
of the ANS (Pestel et al., 2025) and BLIMP-NL (Sui-
jkerbuijk et al., 2025), results can also be compared
to human acceptability judgements for the same
sentences.

In the domain of semantic representations, in-
trinsic evaluations offer a controlled way to analyse
how models represent meaning internally (Hill et al.,
2015; Vulić et al., 2020). Unlike extrinsic evalua-
tion, which tests downstream performance, intrinsic
tasks isolate linguistic abilities and provide detailed
insight into a model’s semantic representations. In-
trinsic evaluation of semantic representations is
based on benchmarks of human word or sentence
similarity ratings to which the similarity of model
representations of those same words or sentences
is compared.

Embedding-based methods assess similarity by
computing cosine distances between word vectors
(Rogers et al., 2020). Static embeddings such as
Word2Vec, GloVe, and FastText assign one vec-
tor to each word regardless of context. Contex-
tual models like BERT or XLM-R instead generate
token-specific vectors that adapt to surrounding
words. This approach captures the geometry of a
model’s semantic space. However, it assumes that
spatial proximity fully represents meaning, which
is problematic for words with multiple senses or
strong contextual variation.

Prompt-based methods are increasingly used
for large language models (Brown et al., 2020;
Wei et al., 2022). Instead of analysing em-
beddings, prompting instruction-tuned models
makes it possible to ask models to judge
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similarity directly through natural-language in-
structions (Snelder et al., in press). In a
zero-shot setup, a model receives a prompt
such as “On a scale of 0–10, how sim-
ilar are [word1] and [word2]?”. Few-
shot prompts include a few examples to guide the
model, while Chain-of-Thought prompting encour-
ages step-by-step reasoning before producing a
score. This approach tests semantic reasoning
rather than spatial encoding, but it is sensitive to
prompt wording and less reproducible across mod-
els (Webson and Pavlick, 2022; Maia Polo et al.,
2024). Prompting has been applied directly to
semantic similarity tasks, showing that large lan-
guage models can approximate human similarity
judgments through zero-shot or few-shot instruc-
tions (Su et al., 2024; Kirk et al., 2023). However,
results remain highly sensitive to linguistic phrasing
and rating scale design, which highlights the need
for standardised prompts in intrinsic evaluation (He
et al., 2024; Zhu et al., 2024).

Researchers are also starting to explore the ca-
pabilities of instruction-tuned generative decoder
models for replicating human linguistic judgements
of specific lexical-semantic and psycholinguistically
relevant properties. Brysbaert et al. (2024) perform
zero-shot prompting for word familiarity estimates
using GPT-4, observing similar correlations as be-
tween human annotators. Trott (2024) found that
GPT-4 is quite good at generating word similar-
ity scores that correlate with human judgements,
reporting a correlation of 0.86 with the English
SimLex-999 benchmark. De Deyne (2024) per-
form a different task to elicit similar judgements.
Snelder et al. (in press) explore different prompting
strategies for similarity judgements across differ-
ent models and languages, noting that effective
prompting strategies are quite model-dependent.
They do observe that prompting for the judgements
pair by pair is more effective, avoiding interference
from other pairs in the context.

The two approaches are complementary.
Embedding-based evaluation probes what a model
encodes, while prompt-based evaluation examines
how it applies that knowledge. Our evaluation
combines both approaches to provide a more
complete picture of how architecture and training
shape Dutch semantic similarity.

3. Method

This section describes the construction of the Dutch
Multi-SimLex dataset, the models evaluated, and
the intrinsic evaluation protocols.

3.1. Dutch Multi–SimLex Construction
We extend Multi–SimLex to Dutch following the orig-
inal annotation and translation protocol (Vulić et al.,
2020). Half of the 1,888 word pairs were taken
from the existing Dutch SimLex-999 and rescaled
from a 0–10 to a 0–6 range (Brans and Bloem,
2024).2 This and other deviations from the stan-
dard Multi-SimLex protocol were approved by the
authors of Multi-SimLex (Vulić, 2024). The remain-
ing pairs were newly translated into Dutch follow-
ing the Multi–SimLex guidelines: (i) pairs must be
unique; (ii) English synonyms may not collapse into
the same Dutch form; (iii) translations must pre-
serve the original semantic relation; (iv) multi-word
expressions are permitted when no single-word
equivalent exists (Vulić et al., 2020).

Annotation protocol. To manage the annotator
workload, the dataset was divided into nine sub-
sets of 100 pairs, a deviation from the original pro-
tocol. Each subset was rated by at least ten na-
tive Dutch speakers on a continuous 0–6 similarity
scale. Word pairs were presented in random order.
Participants were aged 16 or older, gave informed
consent, and completed the survey online. The in-
structions followed the SimLex-999 guidelines (Hill
et al., 2015), emphasising similarity rather than as-
sociation (e.g., kop–mok vs. auto–snelweg). Our
Dutch version of the instructions is shown in Ap-
pendix D for reproducibility.

Post-processing and reliability. We removed out-
lier raters whose scores deviated strongly from
group patterns. Pairs with high variance were
checked for ambiguity. Final similarity scores
were computed as the mean per pair. Inter-
annotator agreement was measured with the two-
way random-effects Intraclass Correlation Coeffi-
cient (ICC), reported for individual raters (ICC(2,1))
and averaged ratings (ICC(2,k)).

In this framework, ICC(2,1) estimates the relia-
bility of a single rater, whereas ICC(2,k) estimates
the reliability of the mean rating across k raters.
Formally, ICC(2,1) is defined as:

ICC(2,1)= MSB −MSE

MSB+(k−1)MSE+ k
n
(MSR −MSE)

where MSB is the between-target mean square,
MSR the between-rater mean square, MSE the
residual mean square, k the number of raters, and
n the number of targets. ICC(2,k) is derived as:

ICC(2, k) = MSB −MSE

MSB + 1
n
(MSR −MSE)

,

2To verify that the rescaling preserved the original
semantic judgements, we compared the rescaled Dutch
SimLex-999 scores with the original ratings. Because
the transformation is linear, the rank ordering of the pairs
remains unchanged, and therefore Spearman’s ρ is pre-
served.
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reflecting the increased stability obtained by aver-
aging across raters.

Dutch Multi-SimLex is available on GitHub:
https://github.com/lizzybrans/
Dutch-MultiSimLex.

3.2. Models Evaluated
We evaluated four model families to capture both
static and contextual architectures:

• Static embeddings: Word2Vec, GloVe, and
FastText trained on Dutch OSCAR (Mikolov
et al., 2013; Pennington et al., 2014; Bo-
janowski et al., 2017).

• Encoders: Dutch BERTje and RobBERT (v1,
v2023), and multilingual models mBERT, XLM-
R, and EuroBERT (210M, 2.1B) (de Vries et al.,
2019; Delobelle et al., 2020; Delobelle and
Remy, 2024; Devlin et al., 2019; Conneau
et al., 2020; Boizard et al., 2025).

• Encoder–decoders: mT5 and FLAN-T5,
which process text in a sequence-to-sequence
format (Xue et al., 2021; Chung et al., 2024).

• Decoders: BLOOM, Falcon-7B, and
Schaapje-2B (open-weight) via embeddings;
GPT-4, Gemini 1.5 Pro, and DeepSeek-V3 via
prompting due to API-only access (Le Scao
et al., 2023; Almazrouei et al., 2023; Smits,
2024; Achiam et al., 2023; Gemini Team,
2024; Liu et al., 2024). Although BLOOM is
trained on 46 languages, its dataset does
not include Dutch, making its evaluation
effectively zero-shot for Dutch.

These model families represent the main Trans-
former configurations. Encoder models use bidirec-
tional attention to learn contextual word represen-
tations. Encoder–decoder models handle text gen-
eration and comprehension through separate en-
coding and decoding stages. Decoder-only models
predict the next token in a sequence, making them
effective generators but harder to probe through
embeddings. Detailed technical specifications for
all evaluated models, including parameter sizes,
training corpora, and tokenizers, are provided in
Appendix B.

3.3. Evaluation Protocols

3.3.1. Embedding-based evaluation

For each word w, we obtain a vector e(w). Static
models provide pre-computed lookup vectors.

For transformers, we extract hidden states from
the final layer and compute their mean across sub-
word tokens. This isolated encoding setup follows
standard intrinsic similarity evaluations in which

contextual models are probed without additional
surrounding text to assess the stability of their lexi-
cal representations (Rogers et al., 2020). Contextu-
alised representations can alternatively be reduced
to static embeddings by averaging across diverse
sentential contexts (Bommasani et al., 2020). The
present design instead compares architectures un-
der a controlled and uniform probing condition, com-
plemented by a joint-encoding variant that allows
limited contextual interaction within each word pair.

For a pair (w1, w2), cosine similarity is defined
as:

sim(w1, w2) =
e(w1) ⋅ e(w2)

∥e(w1)∥∥e(w2)∥
.

Spearman’s rank correlation (ρ) between model
and human ratings measures how well the model
captures similarity. To mirror prompting conditions,
we also apply a joint-encoding variant. In this setup,
“w1 w2” is encoded together, and cosine similarity
is computed between their pooled representations.
For sequence-to-sequence models, we only take
embeddings from the encoder part of the archi-
tecture. Unless noted otherwise, we report final-
layer results following Rogers et al. (2020). Out-of-
vocabulary (OOV) cases in static models without
subtokenization are excluded, and effective sample
sizes are reported.

3.3.2. Prompt-based evaluation

Generative models are queried in Dutch using three
templates aligned to the 0–6 scale:
(i) zero-shot (instruction only)

Op een schaal van 0 tot 6, hoe
vergelijkbaar zijn de woorden
[woord1] en [woord2]?
Antwoord alleen met het numerieke
cijfer.

(ii) few-shot (three labelled Dutch examples)

Kop en mok lijken op elkaar (6).
Alligator en krokodil lijken
enigszins op elkaar (3).
Auto en snelweg lijken niet op
elkaar (0).
Gegeven dit patroon: op een
schaal van 0 tot 6, hoe vergeli-
jkbaar zijn [woord1] en [woord2]?
Antwoord alleen met het numerieke
cijfer.

(iii) chain-of-thought (a brief reasoning step before
scoring) (Brown et al., 2020; Wei et al., 2022).

Maak eerst een lijst van se-
mantische kenmerken die worden
gedeeld door [woord1] en [wo-
ord2].
Beoordeel daarna, op een schaal
van 0 tot 6, hoe vergelijkbaar de

https://github.com/lizzybrans/Dutch-MultiSimLex
https://github.com/lizzybrans/Dutch-MultiSimLex
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woorden zijn, waarbij:
– 0.0 = geen gedeelde kenmerken
– 3.0 = enige semantische overlap
– 6.0 = identieke betekenis
Antwoord alleen met het numerieke
cijfer.

Test items are presented individually, not in batches,
as this leads to better performance (Snelder et al.,
in press). Prompts require numeric-only answers.
If a model produces additional text, the first num-
ber between 0 and 6 is extracted automatically us-
ing a regular expression. All values are then nor-
malised to a consistent 0–6 range. We compute
Spearman’s ρ between the model outputs and hu-
man similarity ratings. Templates are kept identical
across models to maintain comparability and re-
duce prompt variance (Webson and Pavlick, 2022;
Maia Polo et al., 2024).

3.3.3. Implementation

All open-weight models are run locally with de-
fault tokenisers. Multi-word expressions are space-
separated. FastText handles OOV words through
subword composition; other static models omit
OOV pairs, and we report the reduced sample
size. Encoder hidden states are obtained us-
ing output_hidden_states=True and mean-
pooled across subtoken spans. API-based evalua-
tions for GPT-4, Gemini, and DeepSeek use iden-
tical Dutch prompts and the same parsing script.
Dataset splits, annotation materials, and evaluation
code will be released publicly for replication.

4. Results

This section presents the validation of the Dutch
Multi-SimLex dataset and the evaluation results
across model architectures. All results are reported
as Spearman’s ρ correlations between model pre-
dictions and human similarity judgments on the 0–6
scale.

4.1. Dataset Validation and Multilingual
Alignment

After quality control, 100 valid Dutch annotators
completed the survey. Quality control consisted
of filtering out participants reporting language dis-
orders, and participants whose ratings deviated
substantially from the group mean. There was a
pilot study with 10 participants in which the opti-
mal number of pairs per page was determined (100
on one page rather than 50 or 25 pairs on multi-
ple pages) and where words with diverging ratings
were flagged for potential issues in the translation.

The 1,888 word pairs were divided into nine sub-
sets of approximately 100 pairs each, with an aver-
age of 11 raters per subset. Inter-rater agreement

was high, with ICC(2,k) values ranging from 0.84 to
0.95 across subsets and an overall ICC(2,k) of 0.82
[0.74–0.89] (Table 1). These results indicate excel-
lent reliability for averaged ratings, comparable to
or higher than the values reported in other Multi-
SimLex languages (Vulić et al., 2020). The lower
ICC(2,1) value (0.25) reflects the expected variabil-
ity of individual raters on a fine-grained similarity
task, whereas ICC(2,k) increases substantially be-
cause averaging across approximately 11 raters
per subset reduces random error and stabilises the
aggregate score.

Measure ICC 95% CI
ICC(2,1) 0.25 [0.17, 0.36]
ICC(2,k) 0.82 [0.74, 0.89]

Table 1: Overall inter-rater reliability across Dutch
annotators.

Cross-lingual correlations show that Dutch aligns
most strongly with English (ρ = 0.73), Welsh, and
French (both 0.70), and least with typologically dis-
tant languages such as Swahili (0.59) (Table 2).
This pattern is consistent with previously reported
cross-lingual correlations in Multi-SimLex, where
European languages tend to show stronger mu-
tual alignment than typologically distant languages
(Vulić et al., 2020). The results confirm that the
Dutch data integrate consistently into the multilin-
gual benchmark.

Some pairs revealed cultural or lexical ambiguity
(e.g., kerk–tempel, fiets–motor), but these were re-
tained to maintain semantic diversity and represent
the breadth of Dutch conceptual categories.

Language ρ
English (ENG) 0.73
Welsh (CYM) 0.70
French (FRA) 0.70
Russian (RUS) 0.69
Estonian (EST) 0.69
Spanish (SPA) 0.69
Polish (POL) 0.68
Finnish (FIN) 0.67
Hebrew (HEB) 0.67
Mandarin (CMN) 0.66
Arabic (ARA) 0.65
Cantonese (YUE) 0.63
Swahili (SWA) 0.59

Table 2: Top- and bottom-aligned languages with
Dutch. Full results are provided in the Appendix.

Across all nine annotation groups, some items
elicited substantial disagreement, indicating se-
mantic ambiguity or context effects. Table 3 lists the
five pairs with the highest standard deviation (SD)
in human scores. Notably, all are nouns suggest-
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ing that conceptual richness and polysemy drive
variance even in a similarity-focused task. These
descriptives complement the strong ICC values and
help contextualise model–human mismatches.

Word 1 Word 2 SD
winnaar aanwezigheid 2.51
winner presence
bowlen werper 2.35
bowling bowler
verjaardag datum 2.34
birthday date
klooster douche 2.31
monastery shower
zuiger aandrijving 2.22
piston engine

Table 3: Pairs with highest variance in Dutch hu-
man ratings (SD). Provided translations are the
corresponding English word pairs.

4.2. Embedding-based Model
Performance

Table 4 summarises embedding-based results for
both the isolated condition (the word is embed-
ded without context) the and joint encoding con-
dition (the word is embedded with the other word
of the pair as context). Results are reported sep-
arately for each variant in order to assess the ex-
tent to which limited contextual interaction between
paired words affects correlation with human simi-
larity judgements.

4.2.1. Static embeddings

Among static models, we see in Table 4 that
FastText achieves the highest correlation (ρ =
0.485; OOV-aware = 0.504), followed by Word2Vec
(0.431) and GloVe (0.360 at 100K sentences). The
advantage of FastText likely stems from its subword-
based architecture, which models Dutch morphol-
ogy more effectively than word-level embeddings
(Remy et al., 2023). For example, morphologically
related forms such as werk–werker (‘work–worker’)
or Dutch compounds like fiets–fietsbel (‘bicy-
cle–bicycle bell’) share character n-grams that re-
main visible to FastText’s subword representation.
This design can yield more stable similarity es-
timates for morphologically complex words com-
pared to token-based embeddings. This result
aligns with previous findings that subword com-
position mitigates sparsity in morphologically rich
languages (Bojanowski et al., 2017). Overall, these
results show that even relatively simple architec-
tures can produce strong representations when
trained on large, language-specific corpora.

Model Isolated ρ Joint ρ
FastText 0.485 N/A
Word2Vec 0.431 N/A
GloVe (100k) 0.360 N/A
BERTje (NL) 0.440 (L1) 0.468 (L2)
RobBERT (NL) 0.203 (L5) 0.355 (L4)
RobBERT-2023(NL) 0.398 (L0) 0.439 (L0)
mBERT 0.158 (L1) 0.208 (L7)
XLM-R 0.179 (L0) 0.186 (L0)
EuroBERT-210M 0.078 (L3) 0.054 (L3)
EuroBERT-2.1B 0.051 (L0) 0.056 (L1)
mT5 0.096 (L0) 0.153 (L0)
FLAN-T5 0.062 (L0) 0.069 (L12)
Schaapje-2B (NL) 0.042 (L2) 0.091 (L12)
BLOOM-560m 0.037 (L17) 0.080 (L4)
Falcon-7B 0.080 (L3) 0.055 (L2)

Table 4: Embedding-based Spearman ρ for isolated
and joint encodings on Dutch Multi–SimLex.

4.2.2. Encoder-only models

Among contextual models, Table 4 shows that
Dutch-specific encoders outperform multilingual
ones. BERTje achieves the strongest correlations
(embedding L1 = 0.440; contextualised L2 = 0.468),
while RobBERT improves when words are embed-
ded with their paired word as context (contextual-
ized condition, 0.203 → 0.355). RobBERT-2023
reaches its best performance at the embedding
level (0.398) with similar contextual trends (0.439).
These findings highlight the benefits of domain-
specific pre-training and vocabulary adaptation.

Multilingual encoders, including mBERT and
XLM-R, perform notably lower (best ρ = 0.208
and 0.186, respectively), reflecting the trade-off
between multilingual scope and language-specific
depth. EuroBERT (210M / 2.1B) performs weakest
(≤ 0.08), suggesting that extensive multilingual ca-
pacity does not compensate for limited Dutch token
coverage.

Taken together, the encoder results demonstrate
that pre-training on high-quality Dutch data re-
mains more beneficial than scaling model size or
multilingual reach. Across encoder models, peak
correlations usually appear in the first few layers,
where general lexical meaning is represented be-
fore deeper contextualisation occurs. We report
both L0 and the best-performing layer to capture
this trend without overemphasising individual layer
peaks. For further details on layer-wise behaviour,
Figure 1 in Appendix C reports correlations with
human ratings across all layers. Table 4 reports
the best-performing layer for each model, though
this should be viewed as an empirical upper bound
rather than a fixed evaluation protocol.
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4.2.3. Encoder–decoders

Models such as mT5 and FLAN-T5 show consis-
tently low correlations in Table 4 (best ρ = 0.153
and 0.069), even though their architectures are
more flexible. Full layer-wise results are shown in
Figure 2 in Appendix C.

This supports earlier observations that sequence-
to-sequence transformers, optimised for generative
objectives, tend to underperform on static similarity
tasks (Raffel et al., 2020; Xue et al., 2021). Their
dual-stage structure may diffuse lexical representa-
tions across encoder and decoder layers, reducing
precision in word-level similarity evaluation.

4.2.4. Decoder-only models

Open-weight decoder models, including BLOOM,
Falcon-7B, and Schaapje-2B, also perform weakly
(≤ 0.09, Table 4). For BLOOM, this result is ex-
pected since the model was not trained on Dutch
data and is effectively evaluated in a zero-shot set-
ting. Full layer-wise results are available in Figure 3
in Appendix C.

These architectures are primarily optimised for
text generation and long-range coherence rather
than stable lexical mapping. Their internal embed-
dings are less consistent across contexts, which
likely explains their lower intrinsic similarity scores.
This underscores the limitation of using autoregres-
sive decoders for word-level semantic probing, de-
spite their generative strengths.

4.3. Prompt-based Model Performance

Prompt-based evaluation offers a complementary
perspective. Instruction-tuned LLMs queried di-
rectly in Dutch yield substantially higher correla-
tions (Table 5). GPT-4 achieves ρ = 0.761 in the
zero-shot setting, followed by DeepSeek-V3 (0.753)
and Gemini 1.5 Pro (0.722). Few-shot and Chain-
of-Thought prompting produce similar or slightly
lower values.

These results suggest that instruction tuning and
large-scale alignment improve a model’s ability to
verbalise semantic relations, even when internal
embeddings are not explicitly structured for simi-
larity. However, qualitative inspection shows that
these models sometimes conflate syntagmatic as-
sociations (e.g., oorlog–leger) with paradigmatic
semantic similarity, indicating that semantic reason-
ing remains partly associative.

4.3.1. Error patterns

To assess rating stability, we compute the Mean
Absolute Error (MAE) as the average deviation be-
tween model predictions and Dutch Multi-SimLex

Model 0-shot Few-shot CoT
GPT-4 0.761 0.749 0.635
Gemini 1.5 Pro 0.722 0.703 0.720
DeepSeek V3 0.753 0.693 0.707

Table 5: Prompt-based Spearman ρ for instruction-
tuned decoder models.

scores. Lower values indicate more consistent sim-
ilarity judgments relative to the human gold stan-
dard. As shown in Table 6, Gemini’s zero-shot
prompt produced the most stable results (MAE =
1.25). However, the most consistent prompt type
differed across models: zero-shot yielded the low-
est errors for Gemini and DeepSeek V3, whereas
GPT-4 achieved its best stability under the CoT
prompt. These differences suggest that prompt ro-
bustness is model-dependent, supporting previous
findings on the variability of prompt-based reason-
ing (Webson and Pavlick, 2022; Snelder et al., in
press).

Model 0-shot Few-shot CoT
GPT-4 1.44 1.58 1.38
Gemini 1.5 Pro 1.25 2.05 1.70
DeepSeek V3 1.45 1.68 1.56

Table 6: Prompt-based Mean Absolute Error (MAE)
for decoder-only models on Dutch Multi–SimLex.
Lower values indicate more stable similarity ratings
relative to human judgments.

A closer inspection of model outputs reveals a
consistent tendency to conflate syntagmatic as-
sociation with paradigmatic semantic similarity, a
well-known limitation in distributional representa-
tions (Hill et al., 2015; Vulić et al., 2020). For ex-
ample, pairs such as oorlog–leger (‘war–army’)
and arts–ziekenhuis (‘doctor–hospital’) received
high similarity scores from several models despite
low human ratings. Conversely, agreement was
strongest for straightforward synonymic or hier-
archical relations (e.g., eten–voedsel, ‘food–eat’
and rivier–water, ‘river–water’). These findings in-
dicate that while prompt-based models achieve
higher overall correlations, they remain sensitive to
prompt format and continue to overrate associative
or thematically related pairs. Table 7 illustrates the
largest and smallest divergences.

4.4. Comparison
Across all settings, FastText and Dutch-specific en-
coders achieve the strongest embedding-based cor-
relations, while multilingual and encoder–decoder
models lag behind. Decoder-only models provide
weak static representations, but instruction-tuned
LLMs yield the highest alignment when prompted
directly in Dutch.
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Model Pair ∣∆∣
GPT-4 (Few) klooster-douche 4.9
Gemini (Zero) oorlog-leger 4.7
DeepSeek (Zero) arts-ziekenhuis 4.6
GPT-4 (CoT) boek-papier 0.4
Gemini (CoT) eten-voedsel 0.1
DeepSeek (CoT) rivier-water 0.1

Table 7: Examples of prompt-based model out-
puts compared to Dutch Multi–SimLex scores. Top:
largest divergences (relatedness misinterpreted as
similarity); bottom: closest alignments with human
ratings.

These results highlight the complementarity be-
tween embedding-based and prompt-based evalu-
ation: embedding-based methods probe a model’s
internal structure, whereas prompting reveals how
this knowledge is applied in reasoning. Together,
they suggest that while contextual encoders cap-
ture stable lexical geometry, large instruction-tuned
LLMs approximate human-like judgments through
learned reasoning rather than explicit semantic
grounding.

5. Discussion

5.1. Summary of findings
The Dutch extension of Multi-SimLex yields reli-
able human judgements (overall ICC(2,k) = 0.82)
and strong alignment with English (ρ = 0.73), con-
firming its suitability as an intrinsic benchmark for
Dutch lexical semantics (Vulić et al., 2020; Hill et al.,
2015). Model results reveal a clear divide between
evaluation paradigms. In embedding-based evalu-
ation, Dutch-specific encoders (BERTje, RobBERT-
2023) and static embeddings (FastText) perform
best. In contrast, prompt-based evaluation shows
much higher alignment with human ratings, with
instruction-tuned decoder models (GPT-4, Gem-
ini, DeepSeek-V3) substantially outperforming all
embedding-based approaches. Beyond rank align-
ment, we also observe model-dependent stability
differences in prompt settings (MAE). Gemini is
most stable in zero-shot, whereas GPT-4 is most
stable with CoT, indicating that the “best” prompt
varies by model and should be calibrated rather
than assumed.

5.1.1. Embedding-based evaluation

FastText achieves the highest static correlation,
benefiting from subword modelling that captures
Dutch morphology and compounding (Bojanowski
et al., 2017). Among encoders, BERTje and
RobBERT-2023 outperform multilingual models
such as mBERT, XLM-R, and EuroBERT, which

show limited Dutch coverage and weaker lexical
precision. Layer-wise inspection confirms that early
layers encode the most stable lexical information,
while deeper layers increasingly specialise for syn-
tax (Rogers et al., 2020). These findings reaf-
firm that monolingual pre-training and linguistically
aligned tokenisation remain essential for accurate
Dutch semantic modelling (de Vries et al., 2019;
Delobelle et al., 2020; Delobelle and Remy, 2024).
By contrast, multilingual encoders display the ex-
pected “curse of multilingualism,” where capacity
sharing across languages dilutes per-language fi-
delity (Conneau et al., 2020).

5.1.2. Prompt-based evaluation

Prompted decoder models achieve the highest
overall correlations. Zero-shot prompting in Dutch
yields the strongest results, supporting the view that
instruction-tuned LLMs store semantic knowledge
in a procedural form accessible through natural lan-
guage queries (Brown et al., 2020; Wei et al., 2022).
Few-shot and Chain-of-Thought variants do not con-
sistently improve performance, reflecting model-
specific sensitivities rather than a single optimal
prompt design. Despite their impressive alignment,
qualitative analysis shows that LLMs still conflate
topical relatedness with genuine similarity (e.g.,
oorlog-leger), echoing earlier challenges in intrinsic
evaluation (Hill et al., 2015). This indicates that LLM
reasoning may reproduce associative rather than
paradigmatic semantic relations. Closer inspection
shows that the largest differences between model
and human ratings occur in thematic or associative
pairs such as arts–ziekenhuis (‘doctor–hospital’),
while agreement is highest for synonymic or hierar-
chical relations like eten–voedsel. This pattern sug-
gests that even advanced instruction-tuned models
tend to reason associatively, despite producing high
overall correlations.

5.2. Implications and future work
These findings highlight several directions for fu-
ture research. First, the strong performance of
BERTje, RobBERT-2023, and FastText underlines
the importance of Dutch-specific modelling and to-
kenisation. Improving subword segmentation and
continuing pre-training on Dutch corpora may fur-
ther enhance lexical precision, especially for mor-
phologically complex forms. Because most lexical
information is encoded in the lower layers, targeted
adaptation or lightweight fine-tuning at these layers
may yield better cost–performance trade-offs than
large-scale retraining.

Second, for generative models, prompt-based
evaluation remains a promising but unstable diag-
nostic. Structured prompts, definition-based simi-
larity tasks, or automatic calibration methods could
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reduce prompt variance while maintaining inter-
pretability (Brown et al., 2020; Wei et al., 2022).
Combining prompt- and embedding-based metrics
may also offer a more complete view of how models
encode and apply meaning. Reporting both corre-
lation and error-based metrics, such as MAE, and
releasing per-model effective sample sizes and con-
fidence intervals would make intrinsic evaluations
more transparent and comparable across studies.

Finally, multilingual encoders could benefit from
adapter-based fine-tuning or concept-alignment ob-
jectives using resources like Multi-SimLex (Con-
neau et al., 2020; Vulić et al., 2020). Extending the
dataset with multi-word expressions, specialised vo-
cabulary, and regional varieties would improve eco-
logical validity and support broader evaluation of
Dutch semantics in multilingual NLP. Cross-lingual
comparisons further show that Dutch aligns most
strongly with English, Welsh, and French, partic-
ularly for nouns. Expanding coverage for verbs,
adjectives, and adverbs could therefore strengthen
diagnostic value and support cross-linguistic gen-
eralisation.

6. Conclusion

We introduced a Dutch extension of Multi-SimLex
and validated its reliability and cross-lingual align-
ment. Using this benchmark, we compared static
embeddings, encoder-only, encoder–decoder, and
decoder-only architectures across two intrinsic
paradigms. The results reveal a clear divide be-
tween representational and procedural evaluations
of meaning.

In embedding-based evaluation, Dutch-specific
encoders (BERTje, RobBERT-2023) and FastText
yield the strongest lexical similarity signals, particu-
larly in early layers where static and morphological
information is most stable. Multilingual encoders
lag behind on Dutch due to capacity sharing and
vocabulary dilution, confirming known trade-offs
in multilingual representation learning (Conneau
et al., 2020). In contrast, prompt-based evaluation
highlights the procedural nature of large decoder
models. Instruction-tuned LLMs such as GPT-4,
Gemini, and DeepSeek achieve much higher align-
ment with human ratings, but remain sensitive to
prompt phrasing and prone to confusing related-
ness with paradigmatic semantic similarity.

Together, these findings show that “semantic
competence” is not a fixed property but depends on
how a model is probed: embeddings capture repre-
sentational geometry, while prompts reveal context-
sensitive reasoning. In practice, this means that
monolingual encoders and subword-based models
are well-suited for retrieval and lexical comparison
tasks in Dutch, while instruction-tuned LLMs per-
form best for interactive or interpretive applications

that rely on explicit reasoning.
The Dutch Multi-SimLex dataset and accompa-

nying baselines provide a reproducible foundation
for evaluating meaning representations in Dutch
NLP. Future work should expand lexical coverage,
refine prompt-based probing methods, and explore
Dutch-targeted adaptation not only for multilingual
encoders (Vlantis and Bloem, 2025), but also for
decoders. These directions can strengthen the fair-
ness and linguistic fidelity of semantic evaluation,
advancing multilingual NLP toward models that are
not only fluent but also semantically grounded.

7. Limitations

The results should be interpreted with several limita-
tions in mind. The embedding-based setup favours
models with stable lexical representations, such as
static and encoder-only architectures. Generative
models, including encoder–decoders and decoder-
only LLMs, distribute meaning across parameters
rather than in a single embedding space, which
makes direct cosine comparison less representa-
tive (Raffel et al., 2020; Brown et al., 2020). Al-
though the joint-encoding variant reduces this gap,
its results are not directly comparable to prompt-
based scores that rely on instruction-following and
reasoning.

Layer selection and tokenisation also affect out-
comes. We report the best-performing layer per
model, which provides an empirical upper bound
but introduces selection bias (Rogers et al., 2020).
Differences in tokenisation schemes and Dutch
morphology further influence results, as segmenta-
tion quality may partly explain model gaps.

Prompt-based evaluations add variability due to
prompt phrasing, numeric parsing, and API con-
straints. Minor wording changes can alter model
responses, and proprietary systems such as GPT-4,
Gemini, and DeepSeek cannot be fully reproduced.
Finally, Dutch Multi-SimLex, though reliable (over-
all ICC(2,k)=0.82), includes a limited set of 1,888
pairs and underrepresents multi-word expressions
and culturally specific terms. This restricts both
semantic coverage and the attainable ceiling for
correlation with human ratings.

8. Ethics Statement

Human annotation. All participants were native
speakers of Dutch aged 16 or older. Participation
was voluntary and anonymous, and each partici-
pant gave informed consent before starting. The
task involved rating everyday Dutch word pairs on a
0–6 similarity scale. Instructions followed the origi-
nal SimLex-999 guidelines, emphasising similarity
rather than association. No identifying or sensitive
data were collected.
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Compensation. Participants were not financially
compensated. The study was designed as a short,
low-risk online task and did not involve any form of
deception or personal data collection.

Data governance. The Dutch Multi–SimLex
dataset has been released for research use un-
der an open licence, together with annotation ma-
terials and evaluation code. All data are stored
in aggregate form without any personal identifiers.
The resource follows the ethical and reproducibility
standards set by the Multi–SimLex project.

Model use and reproducibility. Open-weight
models were evaluated locally with default to-
kenisers. Proprietary systems (GPT-4, Gem-
ini, DeepSeek-V3) were queried through identical
Dutch prompts and processed with the same nu-
meric parsing script. While results are replicable
for open models, replication of closed models may
vary across API versions.

Environmental considerations. All experi-
ments were conducted with single-pass evaluations
on existing models. No re-training or parameter tun-
ing was performed to minimise computational cost.
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A. Data and Code Availability

The Dutch Multi-SimLex dataset and the Python
scripts used for model evaluation are publicly avail-
able in the following GitHub repository:

https://github.com/lizzybrans/
Dutch-MultiSimLex

B. Model Specifications

Model Arch. Params Corpus Tokenizer Scope
Static embeddings
Word2Vec Skip-gram 300d NL Wikipedia (2018) Gensim NL
FastText CBOW+subword 300d CC + Wiki (NL) char n-grams NL
GloVe Matrix fact. 300d OSCAR-NL (100k) Stanford NL
Encoder models
BERTje BERT-base 110M SoNaR + COW + Wiki WordPiece (30k) NL
RobBERT v2 RoBERTa-base 117M OSCAR-NL (6.6B) BPE (50k) NL
RobBERT-2023 RoBERTa-large 355M OSCAR-NL (2022) RoBERTa NL
mBERT BERT-base 178M Wikipedia (104L) WordPiece (110k) Multi
XLM-R RoBERTa-base 278M CC100 (100L) SentencePiece Multi
EuroBERT-210M Llama-like 210M EU Web/Books BPE (128k) EU Multi
EuroBERT-2.1B Llama-like 2.1B EU Web/Books BPE (128k) EU Multi
Encoder–decoder models
mT5 T5-base 580M mC4 (101L) SentencePiece Multi
FLAN-T5 T5-base 248M mC4 + FLAN SentencePiece Multi
Decoder-only models
BLOOM GPT-like 560M ROOTS (46L) byte BPE Multi
Falcon-7B Decoder 7B RefinedWeb BPE (65k) EN
Schaapje-2B Granite 2B NL Wiki + mC4 Granite tok. NL

Table 8: Technical specifications of models used in embedding-based evaluation.

C. Layer-wise results

Figure 1: Layer-wise Spearman correlation (ρ) for monolingual and multilingual encoder models on Dutch
Multi–SimLex.

https://github.com/lizzybrans/Dutch-MultiSimLex
https://github.com/lizzybrans/Dutch-MultiSimLex
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Figure 2: Layer-wise Spearman correlation (ρ) for encoder–decoder models on Dutch Multi–SimLex.

Figure 3: Layer-wise Spearman correlation (ρ) for decoder-only models (Falcon, BLOOM, Schaapje) on
Dutch Multi–SimLex.



4860

D. Annotation Details

The instructions provided to the human annotators
were translated to Dutch from the original SimLex-
999 study (Hill et al., 2015; Brans and Bloem, 2024).
As shown in Figure 4, the instructions emphasised
that participants should rate word pairs based on
semantic similarity rather than topical relatedness
and provided clear examples to guide them.

Figure 4: Screenshot of the instructions provided to Dutch annotators during the similarity rating task.
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