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Abstract

The impressive few-shot performance of generative decoder transformer language models at novel tasks has raised
interest in using them to estimate lexical-semantic properties of words, word pairs or multi-word expressions. We
explore the task of eliciting semantic similarity scores between word pairs through prompting, comparing these
scores to human benchmarks. We investigate different prompting approaches, different model architectures and
different languages using the Dutch, English and Mandarin Chinese SimLex-999 benchmarks. The results show
that prompting each word pair individually yields better correlations, and that models struggle with the distinction
between similarity and relatedness, just as static and contextual word embedding models did. The new, open-weight
gpt-oss-20b model yields the highest correlation with human ratings out of the models we evaluated.
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1. Introduction

Various recent studies have advocated for the
use of LLM-elicited lexical-semantic scoring or
judgements for factors such as word concreteness
(Martinez et al., 2024), word familiarity (Brysbaert
et al., 2025), age of acquisition (Alzahrani et al.,
2025), word association (Abramski et al., 2024),
dispersion (Zhong et al., 2025), lexical aspect
(Ma, 2024) lexical-semantic equivalence (Hayashi,
2025), perceptual strength (Lee et al., 2025), word
iconicity, word similarity and others (Trott, 2024).
Human ratings of lexical-semantic properties are
costly to collect, and when in-context judgements or
judgements over multi-word expressions (Martinez
et al., 2025) are required, the combinatorial explo-
sion of items to rate becomes difficult to manage
without automation.

These types of ratings are often used in psy-
cholinguistic and corpus linguistic research, but
also in natural language processing. For exam-
ple, Littlemore et al. (2018) used concreteness and
valence ratings to evaluate whether these factors
drive metaphor appreciation and understanding,
which can benefit the task of automatic metaphor
generation. So, it is worth investigating how to
best elicit such ratings from autoregressive decoder
LLMs (e.g. OpenAl, 2024a), whether such auto-
mated ratings are accurate and what types of mis-
takes the models tend to make. Trott (2024) pro-
pose that large-scale automated rating can benefi-
cially augment psycholinguistic datasets.

The factor of word similarity is a particularly inter-
esting one. Ever since the use of continuous vector
representations of words in language models be-
came widespread (Lenci, 2018), semantic similarity

has been used as a benchmark of language model
quality. The use of continuous vector representa-
tions is grounded in distributional theories of mean-
ing, according to which “difference of meaning cor-
relates with difference of distribution” (Harris, 1954,
p. 156). These language models rely exclusively
on distributional information to learn word represen-
tations. In this view, a model that has a higher cor-
relation with word similarity ratings elicited from hu-
mans, has learned more accurate semantic repre-
sentations. Benchmarks like WordSim-353 (Finkel-
stein et al., 2002) and SimLex-999 (Hill et al., 2015)
were used for this purpose, becoming particularly
popular when Word2Vec (Mikolov et al., 2013) and
other static word embedding models were the state
of the art. With more recent contextual embed-
ding models, these benchmarks continue to be
used to evaluate those models’ lexical-semantic
representations ‘distilled’ from contextual embed-
dings (Brans and Bloem, 2024) or for interpretability
purposes (Rogers et al., 2020). The use of these
benchmarks as a core intrinsic language model
evaluation metric means that word pair similarity
benchmarks are available for at least 27 languages
(Brans and Bloem, 2024), and for many of them
with parallel word pairs (Vuli¢ et al., 2020).

Prompting for similarity scores differs from earlier
benchmarking efforts as vector representations are
not used directly, and models receive more context
to solve the task. Indeed, better human correla-
tions are achieved by prompting generative models:
Trott (2024) finds that GPT-4’s judgements have
a correlation of 0.86 with SimLex-999, while static
and contextual word embedding models typically
achieve correlations of 0.4-0.6. De Deyne (2024)
shows that GPT-4 also provides good word similar-

11390

Proceedings of the Fifteenth Language Resources and Evaluation Conference (LREC 2026), pages 11390-11403
11-16 May 2026. ©ELRA Language Resources Association (ELRA), 2026


j.bloem@uva.nl

ity judgements in a triad task, similar to compara-
tive intrinsic evaluation tasks for word embedding
evaluation (Schnabel et al., 2015). However, these
studies do not investigate different prompting ap-
proaches, do not investigate error patterns, do not
compare to modern embedding-based approaches,
and they only pertain to English.

We explore this topic in more detail from a NLP
perspective, comparing different model architec-
tures, prompting techniques, and performing error
analysis to evaluate weaknesses in the model’s sim-
ilarity judgements. We compare similarity scores
elicited by prompting (from GPT-3.5) to similarity
scores from contemporary embeddings (OpenAl’s
text-embedding-3-large, Neelakantan et al., 2022)
to gain insight into the effectiveness of both ap-
proaches. We also compare the prompting of
equivalent instruction-tuned and non-instruction-
tuned models (Mistral-7b-v0.3 and Mistral-7b-v0.3-
Instruct) and include a recent large open-weight
model (gpt-0ss-20b).

To move beyond English, we include Dutch and
Mandarin Chinese in our study, comparing GPT-40,
Doubao-pro (Doubao Team, 2024) and Qwen2.5-
7b-Instruct for Chinese. We confirm strong cor-
relations with human ratings across models and
languages, but nevertheless find that the genera-
tive models make similar mistakes as older word
embedding models in mixing up the concepts of
similarity and relatedness.’

2. Related Work

2.1. Lexical-semantic representation in
language models

Static word embedding models such as Word2Vec
(Mikolov et al., 2013) represent words as dense
vectors in a continuous vector space, where simi-
lar words are positioned closely, and this reflects
their semantic similarities (Bengio et al., 2003). En-
coder transformer models such as BERT (Devlin
et al., 2019) consist of stacked encoders that are
bidirectionally trained on unlabeled data to encode
language in context. As a side effect of the pre-
training process, BERT can generate contextual
word embeddings, which can be extracted from the
model to evaluate the semantic relationships be-
tween word pairs. Neelakantan et al.’s (2022) text-
embedding-3 models have a transformer encoder
architecture with a contrastive learning objective to
differentiate between positive and negative pairs
of text. This yields contextual word embeddings
that are used for tasks like knowledge retrieval in
ChatGPT (OpenAl, 2024c).

'Code and data available at
//github.com/XanderSnelder/
semantic-similarity-prompting

https:

Autoregressive transformer models consisting of
stacked decoders, such as the GPT series of mod-
els, are pre-trained generatively and can be scaled
to larger parameter sizes. GPT-3 is scaled to 175B
parameters and 96 layers (Radford et al., 2019),
applying a few-shot, one-shot, and zero-shot learn-
ing approach to tune for specific tasks (Brown et al.,
2020). GPT-4 is fine-tuned using Reinforcement
Learning from Human Feedback (RLHF) (OpenAl,
2023), while GPT-4 Omni (o) is an end-to-end mul-
timodal model (OpenAl, 2024a). Explicit details
about the architectures of GPT-3, GPT-4, and GPT-
40 are not available (OpenAl, 2023), and the mod-
els are closed-source.

The recently released gpt-oss-20b (Agarwal
et al., 2025) is a smaller open-weight model that
has been pretrained on ‘trillions of tokens’ and post-
trained with chain-of-thought reinforcement learn-
ing. In addition to OpenAl’'s GPTs, several state-
of-the-art decoder LLM families have been devel-
oped, including the also closed-source Doubao-pro
for Chinese (Doubao Team, 2024), Mistral mod-
els such as Mistral-7B-v0.3 and Mistral-7B-v0.3-
Instruct (Jiang et al., 2023) and Qwen-2.5 models
from Alibaba Cloud (Qwen et al., 2025).

Using word embedding models and encoder
transformers, semantic similarity between word
pairs is estimated by calculating the cosine sim-
ilarity between word embeddings of the target
words. While embeddings can be extracted from
(open-weight) decoder LLMs as well, Arnold et al.’s
(2024) experiment with a T5-based sequence-to-
sequence model shows that embeddings from de-
coders do not yield strong correlations with English
SimLex-999 ratings (up to p = 0.179 in a Mixture
of Experts setup, while BERT achieves p = 0.48).
Recently, Brans and Bloem (in press) showed
that Dutch word embeddings extracted from the
decoder models Falcon-7B, BLOOM-560m and
Schaapje-2B (a Dutch model) correlate very weakly
with human ratings (all correlations p < 0.1).

However, the instruction tuning and generaliza-
tion capabilities of generative decoder models also
facilitate the task of eliciting semantic similarity
scores by prompting, even if the model has never
been tuned explicitly for this task.

2.2. Semantic Similarity

Semantic similarity and association benchmarks
are used to evaluate the capabilities of language
models related to lexical semantics, specifically, to
what extent they represent the meaning and rela-
tionships between words similarly to human judge-
ments. In 2015, the English SimLex-999 bench-
mark (Hill et al., 2015) was introduced and became
the gold standard for evaluating language mod-
els on their ability to estimate semantic similarities
between word pairs. The authors differentiate be-
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tween semantic similarity and association, empha-
sizing that these concepts are not mutually exclu-
sive or independent.2 The benchmark contains 999
word pairs rated on a scale from 0 to 10 for seman-
tic similarity by approximately 50 native speaker
annotators from the US.

Subsequently, many variations of this bench-
mark have been developed, including for verbs
(Gerz et al., 2016), cross-lingual semantic similarity
(Camacho-Collados et al., 2017; Barzegar et al.,
2018), rare words (Pilehvar et al., 2018) and spe-
cific domains (Chiu et al., 2018). It has also been re-
rated and translated for a range of languages (see
Brans and Bloem, 2024 for a recent overview), and
MultiSimLex (Vuli¢ et al., 2020) was developed for
broader multilingual coverage of lexical-semantic
ratings. While these benchmarks have been used
extensively, these studies are clustered around con-
textual embeddings from encoder models (Brans
and Bloem, 2024; Vuli¢ et al., 2020) and on static
embedding models (Leviant and Reichart, 2015;
Chiu et al., 2018).

The difference between semantic association
and similarity has shown to be a difficult distinc-
tion for language models to make in the application
of these benchmarks, and even for humans to rate
(Gladkova and Drozd, 2016). As autoregressive
decoder models still store semantic information in
dense vector spaces, this raises concerns about
similar errors: do recent generative LLMs still make
the same mistakes in providing semantic similarity
ratings, or does the additional context and instruc-
tion tuning address this problem?

2.3. Prompting for lexical-semantic
scores

Prompt engineering involves structuring clear and
effective textual prompts to make a LLM generate
the most accurate response in a downstream task.
Models often benefit from being prompted with a
few examples in a few-shot setting (Schick and
Schitze, 2022), though they are quite sensitive
to prompt specifics — alterations to prompts can
lead to inconsistent performance in fact retrieval,
question answering, and natural language infer-
ence (Leidinger et al., 2023; Ye et al., 2023; Zhou
et al., 2022; Jiang et al., 2020; Zhao et al., 2021;
Lu et al., 2022; Webson and Pavlick, 2022). Vari-
ability in performance using few-shot learning can

2Semantic similarity refers to how much two words
share common characteristics, which is sometimes more
specifically called paradigmatic semantic similarity. Se-
mantic association, also known as syntagmatic semantic
similarity or semantic relatedness, indicates a broader re-
lationship between words pairs, including how frequently
two words interact or co-occur with each other (Barzegar
et al., 2018; Vuli¢ et al., 2020).

be attributed to the prompt format, prompt training
examples, and the order of training examples.

Leidinger et al.’s (2023) evaluation of 550 seman-
tically equivalent prompts that varied in linguistic
structure shows that the models are not affected
by the frequency of synonyms, prompt length, am-
biguity, or word frequency. High perplexity prompts
often outperform simpler prompts, and the perfor-
mance of prompts does not transfer to other LLMs
or datasets (Lu et al., 2022; Gonen et al., 2023).

As for the LLM-elicited lexical-semantic scor-
ing studies mentioned in the introduction, sev-
eral prompting strategies were applied. Martinez
et al. (2025) prompt for concreteness using a short
prompt with three examples of words that should
get the lowest rating and three examples that
should get the highest rating, asking for a five-point
scale. The prompt is repeated for each word. The
authors state other strategies were explored but this
is not discussed. Brysbaert et al. (2025) perform
zero-shot prompting for familiarity, also repeating
the prompt.

As for the aforementioned GPT-based semantic
similarity studies, Trott’s (2024) study only prompts
with the human instructions. De Deyne (2024) uses
a few-shot approach with step-by-step instructions,
a 20-point rating scale, and separately presented
prompts. We investigate these assumptions in our
experiment, although our task is pairwise rather
than triadic.

We extract word similarity scores from GPT mod-
els under 9 different prompting conditions. We also
perform a cross-linguistic comparison of English
and Dutch, a lesser-resourced language with pos-
sible interference from English, using the Dutch
SimLex-999 benchmark (Brans and Bloem, 2024),
including a cross-lingual prompting condition. Fur-
thermore, we compare our prompt-based results
to text-embedding-3 (Neelakantan et al., 2022) co-
sine similarity scores, directly measuring similarity
of representations used by OpenAl models. Lastly,
we conduct a comparison of the state-of-the-art
GPT-40 with a similarly performing Chinese model
on Mandarin Chinese.

3. Method

3.1.

We use SimLex-999 (Hill et al., 2015), Dutch
SimLex-999 (Brans and Bloem, 2024) and the Man-
darin Chinese part of MultiSimLex (Vuli¢ et al.,
2020) as benchmarks of word similarity. These
datasets have semantic similarity scores rated on
a scale of 0 to 10 (SimLex) and 0 to 6 (MultiSim-
Lex) by native speakers. The same (translated)
instructions were used for all benchmarks, instruct-
ing annotators to distinguish synonymy (high simi-

Benchmarks
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ID Category

F-1 Zero-shot, default

F-2 One-shot, default

F-3 Few-shot, default

F-4 Zero-shot, small scale (0-5)
F-5 Zero-shot, categorical scale
F-6 Zero-shot, cross-linguistic
F-7 Few-shot, detailed questionnaire
F-8 Few-shot, conversational
F-9 Zero-shot, single-word pair

Table 1: List of evaluated prompt categories.

larity) from antonymy (low similarity, even though
antonyms may be strongly associated with each
other). The Dutch and English benchmarks con-
tain 999 word pairs, and we randomly sampled 472
from the Chinese benchmark. English SimLex-999
pairs have been rated by 50 annotators, Dutch pairs
by 15 and Mandarin pairs by 11 annotators.

3.2. Models

For English, we use several different types of model
from OpenAl: gpt-3.5-turbo-0125, a probabilistic
chat model based on InstructGPT and GPT-3.5
developed for conversational use (OpenAl, 2022,
2024b; Ouyang et al., 2024), gpt-0ss-20b, a recent
open-weight model tuned for instruction following
(Agarwal et al., 2025), as well as text-embedding-
3-large and text-embedding-3-small, deterministic
models trained by OpenAl that are designed to
evaluate semantic similarities and associations by
generating word embeddings (large: 3072 dimen-
sions, small: 1536 dimensions, OpenAl, 2024b,c;
Neelakantan et al., 2022). Further important de-
tails, such as information on the training data size
for these models or whether GPT-3.5 and text-
embeddings-3 were trained on the same data, are
not available, although they were developed around
the same time. We also include Mistral-7b-v0.3
and Mistral-7b-v0.3-Instruct (Jiang et al., 2023) to
quantify the effect of instruction tuning, and include
Qwen2.5-7b (Qwen et al., 2025) for cross-linguistic
comparison with Chinese in an open-weight model.

For the text-embedding models, we embed each
word and compute the cosine similarities of the em-
beddings, as is done in semantic similarity bench-
marking, without prompting or sampling.

For Chinese, we evaluate GPT-40 (OpenAl,
2024a, version of 2024-11-20), doubao-pro-128k
(Doubao Team, 2024) and Qwen2.5-7b. All gener-
ative models were used with their default tempera-
ture setting.

Rate the semantic similarity of the word pair:
[word;, word,] on a scale from 0 to 10, where
0 represents no semantic similarity, and 10 rep-
resents perfect semantic similarity. Use two deci-
mals. The response should strictly adhere to the
structure: [('word1’, ‘'word2’, <score>]. Do not
provide additional explanations or context.

Figure 1: The F-9 prompt template (zero-shot, sin-
gle word pair).

3.3. Prompting Experiments

We start with a prompt engineering experiment to
explore optimal strategies for this task, evaluat-
ing on English and Dutch benchmarks. Table 1
lists nine distinct prompt categories, inspired by
previous work on eliciting lexical-semantic ratings
and prompting in general (Section 2.3). Prompts
are based on the human instructions for the rele-
vant (Multi)SimLex-999 questionnaires (Brans and
Bloem, 2024; Hill et al., 2015; Vuli¢ et al., 2020).
Figure 1 shows the F-9 prompt template, which
yielded the best results. The complete instructions
for all English prompt templates are provided in
Appendix A.

The F-1, F-2, and F-3 prompting conditions are
relatively simple baseline prompts, lacking the ex-
planation on synonymy, antonymy and relatedness
from the human instructions, but with increasing
numbers of examples. Few-shot learning is often
considered beneficial in prompting, but in a context-
less semantic task, it may bias the model towards
specific word senses related to the few-shot exam-
ples through semantic priming (cf. Jumelet et al.,
2024). Both zero-shot (Brysbaert et al., 2025) and
few-shot (Martinez et al., 2025) prompting has been
used in lexical-semantic elicitation tasks.

The other prompts are based on F-1. The F-4
and F-5 prompts include alternative scales, which
are normalized after extraction. Prompt F-4 uses
a scale of 0 to 5 as used by Martinez et al. (2025),
rather than 0 to 10, while F-5 requests five catego-
rial values. This was inspired by work in psychology,
where it has been argued that verbal (categorial)
rating scales are more natural (Krosnick and Fab-
rigar, 1997). Verbal rating scales were shown to
have higher reliability and require fewer eye fixa-
tions to process (Menold, 2020). Instruction-tuned
language models may have acquired some of these
human preferences. We use labels from ‘very dis-
similar’ to ‘very similar’ that are mapped to [0, 2.5,
5, 7.5, and 10] for computing correlations.

In the cross-linguistic F-6 prompt, the instruc-
tions are phrased in English for Dutch SimLex-999,
and vice versa for English SimLex-999. The F-7
prompt has the highest token count, including de-
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tailed instructions similar to the human SimLex-999
questionnaires as done by De Deyne (2024), test-
ing the idea that higher-perplexity prompts might
work better (Leidinger et al., 2023). The F-8 prompt
uses a conversational approach that separates the
instructions from the word pairs in a chat thread.
Lastly, the F-9 prompt includes a single word pair,
whereas the other prompts include batches of word
pairs for efficiency. In a contextless judgement task,
avoiding distraction from other word pairs may be
beneficial as also done by Trott (2024), but this con-
trasts with the idea that examples may be beneficial,
tested in conditions F1-F3. Each prompt includes
the structured format of the desired response.

In subsequent experiment comparisons, we use
the more effective prompting strategies from this
experiment.

3.4. Evaluation

Similar to prior studies using word embedding mod-
els, Spearman’s rank correlation is calculated be-
tween the estimated semantic similarity scores and
observed human similarity scores. To account for
potential consistency issues of the generative mod-
els (Brown et al., 2020; Ouyang et al., 2024), each
prompt is executed 20 times (Experiment 1) or 15
times (Experiment 2). In the evaluation, these are
treated as samples in the same way that the differ-
ent ratings by different human annotators are.

4. Experiment 1: Prompt engineering,
Dutch-English

Results are obtained through API calls to the Ope-
nAl API. All word pairs are grouped into batches to
reduce computational and financial costs, except
for the F-9 prompt, which processes each word
pair individually. For the F-2 and F-3 prompts that
have examples, word pairs and their semantic sim-
ilarity scores are extracted from the SimLex-999
dataset and embedded in the prompt. To prevent
data leakage, these word pairs are excluded from
the datasets used for these prompts. Regular ex-
pressions are used to extract the word pairs and
their similarity scores from GPT’s output, and this
process is manually checked for inconsistencies
and corrected.

Since the F-4 and F-5 prompts generate simi-
larity scores on a different scale, normalization is
applied to align these scores with the SimLex-999
benchmarks. For text-embedding-3-large and text-
embedding-3-small, which are deterministic models
that directly compute word embeddings, the cosine
similarity is calculated between the word embed-
dings. Subsequently, the cosine similarity is scaled
to a range of 0 to 10.

Model Prompt p-NL p-EN
gpt-3.5-turbo-0125 F-1 0.60 0.53
gpt-3.5-turbo-0125 F-2 0.64 0.57
gpt-3.5-turbo-0125 F-3 0.68 0.67
gpt-3.5-turbo-0125 F-4 0.60 0.51
gpt-3.5-turbo-0125 F-5 0.68 0.65
gpt-3.5-turbo-0125 F-6 0.54 0.56
gpt-3.5-turbo-0125 F-7 056 0.57
gpt-3.5-turbo-0125 F-8 0.71 0.57
gpt-3.5-turbo-0125 F-9 0.72 0.82

text-embedding-3-large —_— 0.41 0.57
text-embedding-3-small — % w

Table 2: Correlations (p) between model-estimated
and human-observed similarity scores for Dutch
(NL) and English (EN) word pairs.

4.1. Results

Table 2 shows that the F-9 prompt (zero-shot, sin-
gle word pair per prompt) yields the highest correla-
tions with human ratings across both benchmarks
and prompt categories. These correlations are vi-
sualized in Figure 2. The F-9 prompt for English
SimLex-999 has the highest correlation of 0.82 and
the lowest mean standard deviation of 0.96, which
are 0.10 higher and 0.06 lower compared to Dutch
SimLex-999, respectively. Although the F-1 and
F-9 prompts have similar instructions, the differ-
ence in their correlations is large. This shows that
prompting in batches is detrimental, perhaps due
to irrelevant information in the context.

The differences for the Dutch experiment are
closer, with the F-9 prompt being 0.01 higher than
the F-8 prompt (conversational). The lowest corre-
lations are found in the F-6 (0.54, cross-linguistic)
and F-7 (0.56, detailed instructions) prompts for
Dutch SimLex-999, and in the F-1 (0.53, zero-
shot) and F-4 (0.51, 0-5 scale) prompts for English
SimLex-999.

When comparing the prompts between the two
languages, there is no consistent difference across
prompts. The largest difference between the lan-
guages of 0.14 is found in the F-8 (conversational)
prompt. Perhaps this is due to more limited conver-
sational instruction tuning for Dutch.

The model does not appear to suffer from se-
mantic priming by the few-shot examples — the
correlation consistently increases for both bench-
marks when more word pairs and their respective
similarity scores are added to the prompts, as illus-
trated by the F-1 (zero-shot), F-2 (one-shot), and
F-3 (few-shot) prompts.

Providing more detailed instructions to the model,
similar to the instructions that SimLex-999 annota-
tors got, did not improve performance. We did not
observe any benefit from prompting for a smaller
scale (0-5 ratings), but the use of a categorial scale
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Observed SimLex-999 (NL)

10

Estimated SimLex-999 (NL)

(a) Dutch (NL) word pairs

Observed SimLex-999 (EN)

Estimated SimLex-999 (EN)

(b) English (EN) word pairs

Figure 2: Scatter plots of model-estimated vs. human-observed similarity scores using the F-9 prompt

template.

(‘very dissimilar’, ‘dissimilar’, ‘neutral’ etc.) did lead
to better human correlations for both languages.
Verbally labeled categories are more natural to hu-
man participants in psychological studies (Menold,
2020), and this preference may have been con-
veyed through instruction tuning.

It appears that there is an overall preference for
simple, low-context prompting conditions such as F-
9 and F-8, though few-shot examples do help. This
contrasts with findings that high-perplexity prompts
are better (Leidinger et al., 2023). Interestingly, we
did not observe a clear effect of cross-linguistic
prompting. Recent studies have observed that
models often perform better on under-resourced
languages when prompted in English (Liu et al.,
2025). Perhaps Dutch and English are too closely
related to observe this effect here.

4.1.1. Embedding Models

Table 2 shows that the text-embedding-3 mod-
els have clearly lower correlations than the best
prompted scores. The numbers are comparable to
those obtained in word embedding model bench-
marking, such as for Dutch BERTje (0.42, Brans
and Bloem, 2024), English BERT (0.48, Ehrman-
ntraut et al., 2021) and English fastText (0.55, Vuli¢
et al., 2020).

5. Experiment 2: Model comparison

Next, we compare different types of English LLMs.
For the instruction-tuned models, the F-9 prompt is
used, and we prompted for JSON response formats.
For the non-instruction-tuned Mistral-7b-v0.3, we
use a simple sentence completion prompt: “On a
scale from 0 to 10, the semantic similarity of the
word pair: word1 - word2 is ” and extracted the first
generated number between 0 and 10. Besides
the listed models, we also tried Llama-3.3-70B,

Model p

Word2Vec (Leviant and Reichart, 2015) w

BERT (Ehrmanntraut et al., 2021)  0.48

fastText (Vulié etal., 2020) 0.55

GPT-4 (Trott, 2024) 0.86
gpt-3.5turbo 0.821
text-emb-3-1 0.566
Mistral-7b-v0.3 0.581
Mistral-7b-v0.3-Instruct 0.829
Oowen2.5-7b-Instruct 0.834
gpt-oss-20b 0.902

Table 3: Correlations (p) between model-estimated
and human-observed similarity scores for English
pairs.

Llama-4-Scout and Mixtral-8x7B-Instruct, but got
high rates of invalid responses and did not include
the results. Table 3 shows our results along with
some SimLex-999 correlations from previous work.

5.1. Error analysis

We perform an error analysis of the best-performing
and newest model, gpt-0ss-20b. Table 4 shows test
items with the largest human-model differences
for the English F-9 prompt. We see many in-
stances of words that are related but not synony-
mous, which the model rates too highly. There are
mostly co-hyponyms (husband-wife, dog-cat, bee-
ant, woman-man, decade-century). A few pairs are
antonyms (send-receive, sunset-sunrise) which re-
ceive and should receive low scores from humans.

However, the model is not incapable of rating
antonyms — among the best predictions at the bot-
tom of Table 4, we see the antonym pair necessary-
unnecessary (0.63), as well as the co-hyponym pair
man-child (4.13) and the similar word pair buddy-
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R | Word 1 Word 2 SimL | F-9 R | Word 1 Word2 | SimL | GPT-40
1| wife husband 23838 1| & %% 0.91 5.53
2 | dog cat 1.75 | 7.07 receive | accept
3 | bee ant 2.78 | 7.32 2 | FE e 0.64 4.71
4 | woman man 3.33 | 7.80 honor esteem
5 | sunset sunrise 2.47 | 6.82 3 | /N VEZR 0.09 4.14
6 | decade century 3.48 | 7.80 novel writer
7 | send receive 1.08 | 5.32 FRIEN Bz 0.36 4.24
e | e .- .- patient session
997 | unnecessary | necessary | 0.63 | 0.63 5| idE pil 0.36 4.22
998 | man child 413 | 413 remember think
999 | buddy companion | 8.65 | 8.65 6 | EE | ER 0.91 4.77
- . f# worm
Table 4: Highest and lowest absolute differences malware
to human gold standard for gpt-oss-20b with the 7 | EE Ty 0.45 400
F-9 prompt, on a scale of 0 to 10. bee ant
8 | & = 0.45 418
Model cow goat
fastText (VUlié etal,, 2020) 0.583 9 | Mik HhE 036 | 4.00
v-BERT (VUlié et al., 2020) 0.487 blood | marrow
Chinese BERT (VUlié et al., 2020) 0.59 10 | (E el 027 3.89
GPT-40 0.865 pretend | seem
— 5-7}2??:23523 8:%’1 Table 6: The words with the highest absolute differ-

Table 5: Correlations (p) between model-estimated
and human-observed similarity scores for Mandarin
word pairs.

companion (8.65).

Overall, more of the top scoring pairs are highly
similar words, and more of the worst scoring pairs
are antonyms and co-hyponyms. Distinguishing
between relatedness and similarity is still a struggle,
which was an issue that Word2Vec also had and
a main motivation for developing the SimLex-999
benchmark originally (Hill et al., 2015).

6. Experiment 3: Mandarin Chinese

Experiment 1 prompted us to perform a follow-up
experiment for a typologically unrelated language.
We use the more recent GPT-40 model, shown to
perform well on this task in English by Trott (2024).
In the Chinese Al community, the Doubao LLM
has rapidly gained popularity since its initial re-
lease in May 2024. Doubao-pro-1215 has achieved
comprehensive alignment with GPT-40 on several
benchmarks (Doubao Team, 2024).

Similar to the latest GPT models, Doubao LLMs
are also closed-source and their detailed structures
remain unclear. Results are obtained through API
calls to the OpenAl APl and Doubao API provided
by Volcano Engine. We experimented with the F-1
(zero-shot), F-3 (few-shot), F-5 (categorial scale),
F-6 (cross-lingual) and F-9 (unbatched) prompt,
but found near-identical performance with these

ence in human similarity score and model predicted
similarity for GPT-40 on Mandarin Chinese, on a
scale of 0 to 6.

prompts using GPT-40. Doubao performs best
with the F-9 prompt and otherwise showed differ-
ent prompt-specific results than GPT-3.5, showing
that prompt engineering findings are model-specific
also for this task. Therefore, we again focus on
results with the F-9 prompt, which are shown in
Table 5. We see that GPT-40 slightly outperforms
Doubao-pro and performs the same as in English
(Table 3). Qwen2.5-7b performs slightly worse than
on the English benchmark.

6.1.

Table 6 shows that many differences between hu-
man ratings and GPT-40 predictions involve con-
fusion between cognitive relatedness/association
and semantic similarity.  This is similar to
the English gpt-oss-20b results. Retrieved
word pairs potentially related to this include
[2€ #(honor), #{ & (esteem)] (diff=4.07), [/}
Pi(novel), {EZR (writer)] (diff=4.05), [/ A (patient),
5512 (session)] (diff=3.88), [ % (bee), 151 (ant)]
(diff=3.77), [4*(cow), LlI=F(goat)] (diff=3.73) and
[ (blood), B #&(marrow)] (diff=3.64). Words in
these pairs are highly related concepts that tend to
co-occur in texts while they don’t share essential
functional features, which is the main contributor to
semantic similarity.

Since Vuli¢ et al. (2020) addressed that distin-
guishing relatedness/association and semantic sim-

Error analysis
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ilarity is an important factor in the Multi-SimLex
dataset curation, the low mean human annotations
scores (all below 1) for these word pairs reveal the
success of these annotation instructions, while the
much higher prediction scores from GPT-40 may
reveal that the model does not clearly make this
distinction either.

Another potential reason is the contextual lim-
itations for the semantic similarity perception in
some word pairs which is clear to humans but
may not necessarily be obvious for LLMs. This is
represented by word pairs such as [{i % (receive),
B % (accept)] (diff=4.62), [ & ¥ {4 (malware),
I% B (worm)] (diff=3.86) and [3% {E(pretend), 1Ll
F(seem)] (diff=3.62). For [l El(receive),
% (accept)], their semantic similarity is easier to
perceive when it comes to the delivery of physical
entities; for [F&Z 4 (malware), 1% H (worm)], their
similarity only becomes obvious when it comes
to the domain of computers and the latter word
is interpreted as a form of computer virus; while
for [2£1E (pretend), 1L1-F(seem)], their similarity is
only revealed in scenarios of subjective deception.
Therefore, the large differences observed for these
word pairs are potentially the results of the LLMs’
over-generalisation of semantic similarities under
certain contexts to general semantic similarity judg-
ments.

We do not have space for a full error analysis of
Doubao-pro, but it’s worth mentioning that 3 top
errors from GPT-40 are also top errors of Doubao-
pro: [it%l(receive), % (accept)], [Z ¥ (bee), 15
1 (ant)] and [2£1E (pretend), {1-F(seem)], and two
of these pairs were also top errors in English for
gpt-0ss-20b. All three LLMs seem to overestimate
their semantic similarities across two typologically
distinct languages.

For the Mandarin word pairs with the highest
absolute human-model difference retrieved from
Qwen2.5-7B-Instruct using the F-9 prompt, the mix-
ture of cognitive relatedness/association and se-
mantic similarity is again obvious. Word pairs such
as [U %@ (bat), W Ml 52 (vampire)] (diff=3.78), [#if
15 (lizard), #5 i (crocodile)] (diff=3.75), [4<Tii(spire),
% (church)] (diff=3.74), [/ (bed), ¥ (blanket)]
(diff=3.31), [ k(bone), 7 % (teeth)] (diff=3.23)
and [3A A\ (man), E £ (warrior)] (diff=3.05) are quite
typical in this regard. The pairs of [#< i (clothes), #fi
Kl(fabric)] (diff=3.55), [4= H (birthday), H #(date)]
(diff=3.55) are more nuanced, with the former one
bearing a material/constitutive relation, while the
latter can be attributed to hyponymy. Interestingly,
the pairs of [{#!(receive), #3(accept)] and [3%
1E(pretend), 1L1F-(seem)] are present again as ex-
amples of the model’s over-generalisation of se-
mantic similarities under certain contexts. These
two pairs signal that this over-generalisation is
rather universal across different LLMs.

R | Word 1 Word 2 | SimL | Qwen

IRE] - 0.91 | 547
receive | accept

2 | Wi SR 0.55 | 4.33
bat vampire

3 | Wi ) 0.45 | 4.20
lizard crocodile

4 | R S 0.73 | 4.47
spire church

5 | &Kk Tk} 1.45 5
clothes fabric

6 | £H HIH 1.45 5
birthday | date

7 IR BT 0.09 3.4
bed blanket

8 | =IE I 0.27 | 353
pretend | seem

9 | Bk T 0.64 3.87
bone teeth

10 | BA VN 0.55 | 3.60

man warrior

Table 7: The words with the highest absolute differ-
ence in human similarity score and model predicted
similarity for Qwen2.5-7B-Instruct on Mandarin Chi-
nese using the F-9 prompt, on a scale of 0 to 6.

7. Discussion

The comparison between gpt-3.5-turbo and text-
embedding-3 shows that similarity scores reported
through prompting better correlate with human
judgements than cosine similarity scores of internal
embeddings for two contemporary models. The
comparison between Mistral-7b-v0.3-Instruct and
Mistral-7b-v0.3 shows that instruction tuning is an
important contributing factor to the high correlations
with human semantic similarity ratings that we ob-
serve for prompted similarity scores. The strongest
correlation with the human benchmark was seen
with the open gpt-oss-20b model for English. This
model outperformed the previous state-of-the-art
for English, GPT-40, as elicited by the experiment
of Trott (2024).

However, despite very good human correlations,
even the prompted scores exhibit issues in distin-
guishing the concepts of similarity and relatedness.
While the RLHF tuning performed on these gen-
erative decoder LLMs may have enhanced their
ability to produce semantic similarity scores com-
pared to direct embedding extraction, the model
still produces judgements that are different from
human judgements and in line with typical repre-
sentational errors of word embedding models. This
raises concerns about using model-generated se-
mantic similarity scores in place of human scores
in psycholinguistic studies. Such scores should be
checked in particular for errors that may arise from
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assumptions of the distributional hypothesis.

7.1.

While the different methods of obtaining semantic
similarity scores vary between model architectures,
we observed that prompting for scores is more ef-
fective than extraction across languages (Table 3
for English, Table 5 for Mandarin).

While not many other error analyses are found
in the literature, Brans and Bloem (2024) observe
that Dutch BERT-based models exhibit the largest
differences with human ratings on pairs that exhibit
antonym relations. They also observe more errors
for pairs with longer and lower-frequency words,
which we did not observe. They also observe is-
sues with ambiguous words, which we observed
for GPT-40 in the Mandarin error analysis. This
suggests similar underlying issue for different archi-
tectures, though large-scale error analysis would
be required for a comprehensive picture. Chronis
and Erk (2020) also performed layer-wise analysis
in their BERT-based approach, noting that the final
layer optimizes relatedness, and layer 7 (a middle
layer) optimizes similarity. If generative decoder
models have similar encoding patterns, that would
indeed yield the type of relatedness errors we ob-
served (over-rating antonymy and co-hyponymy).

Comparison with Previous Studies

8. Conclusion

Overall, we have shown that while semantic similar-
ity ratings elicited by prompting generative decoder
LLMs strongly correlate with human ratings, de-
viations from human ratings do occur and follow
the same patterns that are found in evaluations of
earlier language modelling architectures. Models
are likely to assign overly high scores to antonyms,
presumably still mixing up the concepts of similar-
ity and association despite far larger-scale training
and tuning than older models.

We also observed that such scores are best
elicited by prompting for them one-by-one in a few-
shot setting, and that it does not seem to help to
add elaborate instructions that explain synonymy
and antonymy. However, these prompting findings
are model dependent.

8.1.

In future work, it would be worth investigating typical
error patterns for other lexical-semantic rating tasks
as well, especially if model-elicited ratings are in-
tended to be used in linguistic research. Follow-up
research could also aim to investigate the source
of these errors in more detail, for example by layer-
wise embedding analysis of an open-source model,
and by correlating embedding scores and prompted
scores from the same open-source model.

Future Work

This line of research would also benefit from
more advanced text mining techniques to reliably
extract the semantic similarities from model re-
sponses. The inclusion of a strict output format
in our prompt is less than ideal as it does not re-
semble human conversations present in instruction
tuning, but it was necessary to be able to anal-
yse the result, and even then the outputs for some
models were too inconsistent to process.

The SimLex-999 and MultiSimLex series of
benchmarks provide human data for a wider range
of languages than we have investigated, suggesting
further rating elicitation possibilities for non-English
languages. However, there is also a risk of En-
glish interference with ratings in other languages
due to the fact that this language dominates the
training data. Further work could examine whether
multilingual LLMs directly compute semantic simi-
larities between word pairs in under-resourced lan-
guages, or if the similarities exhibit English inter-
ference. This could be addressed by testing word
pairs where semantic interference from English is
likely, e.g. due to lexical gaps.

9. Limitations

There are many important limitations of the general
idea of prompting LLMs for lexical-semantic ratings,
potentially substituting human ratings, that our ex-
periment did not cover but that are extensively dis-
cussed in other literature, such as Anglocentric bias
(Atari et al., 2023), test set leakage (Trott, 2024)
and uneven representation of language varieties
(Grieve et al., 2025).

There are also well-established limitations of se-
mantic similarity benchmarks more broadly. Scalar
semantic similarity ratings probably do not capture
all aspects of the semantic network in human cogni-
tion, limiting their use as a benchmark for semantic
embedding spaces in language models. Human
judgements can be affected by confounds of the
experimental setup and the instructions (Gladkova
and Drozd, 2016).

In a prompting setup, models might replicate
these confounds (or be affected by training data
contamination) rather than reflecting a learned se-
mantic space. Furthermore, high correlation on
these benchmarks does not always correlate with
high performance on downstream tasks (Gladkova
and Drozd, 2016).

9.1.

The OpenAl API charges various rates per token
depending on the model, with GPT-4 and GPT-
40 being more expensive than GPT-3.5 (OpenAl,
2024d). Due to resource constraints, the sample
sizes were limited to 20 and 15 samples per prompt.

Sample Size and Models
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Relatedly, this study evaluates a limited range of
models. Due to resource constraints, we were not
able to evaluate the gpt-oss-120b model. As this is
the larger counterpart of our best-performing model,
it is likely to be the state-of-the-art.

9.2. Explainability of LLMs

Another limitation is the closed-source design and
probabilistic nature of some of the models we in-
vestigated, including the best-performing model for
Mandarin. While gpt-oss-20b is open-weight, gpt-
3.5-turbo, GPT-40 and subsequent models used in
the ChatGPT service are closed-source. Further-
more, we cannot be sure whether gpt-3.5-turbo-
0125 makes use of the text-embedding-3-large em-
beddings or has been trained on the same data for
detailed architectural comparison, although both
are related OpenAl products.

More broadly, it remains unclear whether the
elicited similarity scores represent the internal rep-
resentations of decoder LLMs, or generate plau-
sible results that happen to correlate well with hu-
man ratings. Itis also not clear whether multilingual
LLMs compute the semantic similarities directly in
a lower-resourced language like Dutch, or first inter-
nally translate the word pairs into English. This lack
of transparency makes it challenging to understand
the mechanisms that yield these scores in modern
decoder LLMs.

This ambiguity relates to whether decoder LLMs
utilize patterns learned during training, or actually
gain an “understanding” of NLP tasks during the
inference itself (Brown et al., 2020). “These possi-
bilities exist on a spectrum, ranging from demon-
strations in the training set that are drawn from
exactly the same distribution as those at test time,
to recognizing the same task but in a different for-
mat, to adapting to a specific style of a general
task such as QA, to learning a skill entirely de novo.
Where GPT-3 is on this spectrum may also vary
from task to task.” (Brown et al., 2020, p. 34). We
also do not know whether any explicit instruction on
synonymy or semantic similarity was given during
RLHF tuning.

Lastly, previous research from OpenAl concludes
that data contamination in the training data of GPT-
3.5 and GPT-4 has minimal effects on their perfor-
mance (OpenAl, 2023). It is unclear whether the
SimLex-999 benchmark is included in the training
data of any of these large decoder models, but it is
quite likely given its popularity. A further question
is whether the different language variants are also
included, and to what extent such data leakage af-
fects the extracted similarity scores and whether it
does so across languages. Follow-up experiments
with newly rated items could address this, as well
as dataset contamination tests.

9.3. Explicit Prompt Instructions

Because decoder LLMs are optimized for uncon-
strained generation, prompting for semantic sim-
ilarities between word pairs results in responses
with inconsistent formats. To reduce these incon-
sistencies, we had to include explicit instructions
regarding the desired format of the response. Al-
though this approach simplifies data processing, it
diminishes the human-like aspects of the prompts
and their similarities to SimLex-999 questionnaires.
In future studies, the specific prompt instructions
can be omitted to better represent human-like as-
pects, requiring more advanced data processing
techniques to extract the similarity scores from LLM
responses.

Although discussed for GPT-3 (Brown et al.,
2020), the technical reports of GPT-4, GPT-40 and
Doubao-pro lack details about their computational
costs and ecological footprint. Besides the energy
consumed during model training, the general us-
age of the model also consumes energy. This is
a valid concern, particularly when assuming the
sizes of these models continue to increase.
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A. Prompt templates (English)

Category

Prompt

F-1

F-2

F-3

F-4

F-6

F-7

F-8

F-9

Zero-shot,
default

One-shot,
default

Few-shot,
default

Zero-shot,
small
scale (0-5)

Zero-shot,
categori-
cal scale

Zero-shot,
cross-
linguistic

Few-shot,
detailed
question-
naire

Few-shot,
conversa-
tional

Zero-shot,
single-
word pair

Rate the semantic similarity of each word pair on a scale from 0 to 10, where 0 represents
no semantic similarity, and 10 represents perfect semantic similarity. Use two decimals. The
response should strictly adhere to the structure: [(‘word1’, 'word2’, <score>), (‘word3’, ‘'word4’,
<score»), ...]. Do not provide additional explanations or context.

Rate the semantic similarity of each word pair on a scale from 0 to 10, where 0 represents
no semantic similarity and 10 represents perfect semantic similarity. Use two decimals. The
response should strictly adhere to the structure: [('word1’, ‘'word2’, <score>), (‘'word3’, 'word4’,
<score>), ...]. Do not provide additional explanations or context. — An example of a word pair
and its semantic similarity score is: [(‘old’, ‘new’, 1.58)].

Rate the semantic similarity of each word pair on a scale from 0 to 10, where 0 represents
no semantic similarity, and 10 represents perfect semantic similarity. Use two decimals. The
response should strictly adhere to the structure: [(‘word1’, 'word2’, <score>), (‘word3’, ‘'word4’,
<score>), ...]. Do not provide additional explanations or context. — Examples of word pairs
and their semantic similarity scores are: [(‘old’, ‘new’, 1.58), (‘smart’, ‘intelligent’, 9.20), (‘hard’,
‘difficult’, 8.77)].

Rate the semantic similarity of each word pair on a scale from 0 to 5, where 0 represents
no semantic similarity, and 5 represents perfect semantic similarity. Use two decimals. The
response should strictly adhere to the structure: [(‘word1’, 'word2’, <score>), (‘word3’, ‘'word4’,
<score»), ...]. Do not provide additional explanations or context.

Classify the semantic similarity of each word pair in the hierarchical categories: ‘very dissimilar’,
‘dissimilar’, ‘neutral’, ‘similar’, and ‘very similar’. The response should strictly adhere to the
structure: [(‘'word1’, 'word2’, <classification>), (‘'word3’, ‘word4’, <classification>), ...]. Do not
provide additional explanations or context.

Rate the semantic similarity of each English word pair on a scale from 0 to 10, where 0
represents no semantic similarity, and 10 represents perfect semantic similarity. Use two
decimals. The response should strictly adhere to the structure: [('word1’, ‘'word2’, <score>),
('word3’, 'word4’, <score>), ...]. Do not provide additional explanations or context.

Two words are synonyms if they have very similar meanings. Synonyms represent the
same type or category of thing. Here are some examples of synonym pairs: cup/mug,
glasses/spectacles, envy/jealousy. In practice, word pairs that are not exactly synonymous
may still be very similar. Here are some very similar pairs - we could say they are nearly
synonyms: alligator/crocodile, love/affection, frog/toad. In contrast, although the following
word pairs are related, they are not very similar. The words represent entirely different types
of things: car/tyre, car/motorway, car/crash. Rate the semantic similarity of each word pair on
a scale from 0 to 10, where 0 represents no semantic similarity, and 10 represents perfect
semantic similarity. Remember, things that are related are not necessarily similar. If you
are ever unsure, think back to the examples of synonymous pairs (glasses/spectacles), and
consider how close the words are (or are not) to being synonymous. There is no right answer
to these questions. It is perfectly reasonable to use your intuition or gut feeling as a native
English speaker, especially when you are asked to rate word pairs that you think are not
similar at all. The response should strictly adhere to the structure: [('word1’, 'word2’, <score>),
('word3’, 'word4’, <score>), ...]. Use two decimals. Do not provide additional explanations or
context.

» system_content = “Rate the semantic similarity of each word pair on a scale from 0 to 10,
where 0 represents no semantic similarity, and 10 represents perfect semantic similarity.”

« user_content = “[('old’, 'new’), ('smart’, ’intelligent’), ('hard’, ‘difficult)’]”

 assistant_content = “[(’old’, 'new’, 1.58), ('smart’, ’intelligent’, 9.20), (hard’, ‘difficult’,
8.77)"
Rate the semantic similarity of the word pair: [(<word1>), (<word2>)] on a scale from 0 to
10, where 0 represents no semantic similarity, and 10 represents perfect semantic similarity.
Use two decimals. The response should strictly adhere to the structure: [('word1’, 'word2’,
<score>)]. Do not provide additional explanations or context.

Table 8: Description of prompt categories for English word pairs.
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