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Abstract
While existing concreteness norms pri-
marily target words in isolation, little
attention has been paid to concreteness in
context. To address this, we systematically
collect multilingual concreteness ratings
using Best-Worst Scaling (BWS) for 5,814
verb-direct object noun expressions in
three languages with different degrees of
resource availability: English, German, and
Slovene. We identify consistent patterns
where the concreteness of verb-noun com-
binations is more strongly influenced by
the nominal object than the verb. Through
comparative analyses on an English subset,
we demonstrate that BWS guarantees
more reliable concreteness judgments
than traditional rating scales. Expanding
beyond our human-generated data, we
use traditional and LLM-based automatic
extrapolation methods to generate a large-
scale multilingual resource of over 430,000
expressions. Additionally, we conduct a
study examining the interaction between
concreteness and literal vs. figurative
judgments for a subset of 1,800 expressions
in all three languages, along with example
usage sentences. Our findings show that
lower concreteness ratings correlate with
figurative language, thus reinforcing the
link between abstractness and figurative-
ness. All resources are available from
https://github.com/urbikn/
multilingual-concreteness-vo.

1 Introduction

Concreteness refers to the degree to which a
concept’s meaning can be directly experienced

through our five senses (e.g., a cat is more con-
crete than wisdom). Concreteness norms have
been widely used across various NLP tasks and
languages, thus representing a fundamental re-
source for many state-of-the-art computational
methods, such as metaphor processing (Turney
et al., 2011; Tsvetkov et al., 2014; Köper and
Schulte im Walde, 2016; Alnafesah et al., 2020;
Maudslay et al., 2020; Piccirilli and Schulte im
Walde, 2022a,b; Hülsing and Schulte im Walde,
2024; Khaliq et al., 2024) and embodied agents
and robots (Cangelosi and Stramandinoli, 2018;
Rasheed et al., 2018; Ichter et al., 2023).

Traditionally, concreteness ratings are collected
in isolation, i.e., out of context. For quantifying
the degree of concreteness of more complex con-
structions (up to sentence level), these individual
word-level ratings are typically averaged. This
approach however completely ignores the interac-
tions between word classes and lexical character-
istics in context, where we argue that concreteness
is not a simple additive property (see Figure 1).
For example, carry implication represents a verb-
object expression that is perceived as rather ab-
stract, while most humans judge the verb to carry
in isolation as rather concrete. This limitation is
particularly evident in metaphor research, where
the interplay between concrete and abstract con-
cepts plays a fundamental role for understanding
figurative language (Lakoff and Johnson, 1980).
Nevertheless, up to date only few studies across
languages have explored concreteness ratings in
multiword settings or broader contexts (Frassinelli
and Schulte im Walde, 2019; Gregori et al., 2020;
Montefinese et al., 2023; Muraki et al., 2023).

https://github.com/urbikn/multilingual-concreteness-vo
https://github.com/urbikn/multilingual-concreteness-vo
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throw (4.0)? ball(5.0)carry (4.0)? implication(1.6)

embrace(3.4)? mindset(1.6)

German
Karte(4.2)? schreiben(4.6)

Szene(1.8)? dominieren(2.7) Wohnung(4.8)? vermitteln(2.4)

Slovene
nositi(4.1)? knjigo(4.9)

nositi(4.1)? informacijo(2.3) posneti(3.7)? album(4.5)

zavirati(3.5)? proces(1.7)

f igurative literal

read(3.6)? reminder(3.1)

English

Qualität(2.6)? stärken(3.3)

Figure 1: Examples of verb-object expressions
for English, German, and Slovene with word-level
(subscript) and expression-level (scale at top) con-
creteness ratings ranging from 1 (abstract) to 5
(concrete); dashed and solid box lines indicate a
binary distinction between figurative and literal
language (scale at bottom). An expression’s con-
creteness often diverges from the words’ average.1

As to our knowledge, no previous study has sys-
tematically worked bottom-up by paying attention
to word functions and combinations of individual
word-level concreteness.

Furthermore, conducting meaningful experi-
ments using concreteness norms requires a very
large vocabulary of normed words, but even ex-
tensive collections provide only partial cover-
age, thus limiting their applicability in large-
scale NLP tasks. Given that a manual collec-
tion of human-annotated concreteness ratings is
both time-consuming and expensive, various stud-
ies have developed methods to automatically gen-
erate concreteness scores on a large scale, aiming
to expand the available resources while maintain-
ing reliability and accuracy (Turney et al., 2011;
Keuleers and Balota, 2015; Mandera et al., 2015;
Köper and Schulte im Walde, 2016; Conde et al.,
2026), but as to our knowledge, no research has
implemented extrapolation for multiword targets.

One final aspect we examine is how concrete-
ness is quantified. Rating scales (RSs) are the
predominant method for collecting concreteness
norms, where annotators judge a word’s con-

1Translations for German and Slovene expressions: Qua-
lität stärken (“strengthen quality”), Karte schreiben (“write
card”), Szene dominieren (“dominate scene”), Wohnung
vermitteln (“arrange apartment”), zavirati proces (“brake
process”), nositi knjigo (“carry book”), nositi informacijo
(“carry information”), posneti album (“record album”).

creteness on an abstract-to-concrete scale. RSs
however come with notable limitations in the
form of higher annotator disagreement for mid-
scale words (Pollock, 2018; Knupleš et al., 2023;
Paisios et al., 2023). In contrast, we apply
Best-Worst Scaling (BWS; Louviere and Wood-
worth (1991)), which offers a promising alterna-
tive where annotators select the most and least
concrete items from a set.

Overall, this work addresses the lack of multi-
lingual concreteness norms in broader linguistic
contexts. We collect human judgments for verb-
direct object expressions in English, German, and
Slovene using BWS, thus ensuring a more reli-
able assessment of concreteness beyond single-
word ratings. Given the interdisciplinary demand
for large-scale concreteness norms and the high
cost of human annotation, we generate a large-
scale dataset of automatically extrapolated con-
creteness scores. We systematically compare a
range of computational methods, from traditional
machine learning methods to state-of-the-art large
language models (LLMs), providing a robust solu-
tion for expanding concreteness norms across lan-
guages and linguistic contexts. Finally, to support
further research on the connection between con-
creteness and figurative language, we annotate a
subset of expressions as figurative or literal. To
sum up, this work makes three key contributions:

1. We systematically investigate the role of
concreteness in context by introducing
novel concreteness norms for 5,814 verb-
object noun expressions in English, German,
Slovene.

2. We release a large-scale set of 431,262 silver-
standard multilingual concreteness scores,
automatically generated by traditional and
LLM-based computational approaches.

3. We create a valuable resource for figurative
language research by providing figurative
judgments and example sentences for 1,800
verb-object expressions in English, German,
and Slovene.

2 Related Work

Concreteness Ratings Over the past few
decades, a substantial body of work has been
dedicated to the collection of word-level con-
creteness norms across languages, e.g., German



(Lahl et al., 2009; Kanske and Kotz, 2010), Italian
(Montefinese et al., 2014), Chinese (Yao et al.,
2017), French (Bonin et al., 2018), and Croatian
(Peti-Stantić et al., 2021), all containing between
1,000 and 6,000 words. Larger collections are
available for Estonian (Proos and Aigro, 2023)
and Dutch (Brysbaert et al., 2014a), including
36,000 and 30,000 words, respectively. The most
famous and widely used collection of norms
is by Brysbaert et al. (2014b), and contains
concreteness ratings for approximately 40,000
English words.

The creation of these resources is both resource-
intensive and time-consuming, resulting in many
languages lacking even a basic collection of
word-level concreteness norms. Researchers have
thus employed extrapolation methods to predict
concreteness ratings via monolingual machine-
learning approaches (Mandera et al., 2015; Turney
et al., 2011; Köper and Schulte im Walde, 2016)
or cross-lingual transfer methods (Tsvetkov et al.,
2013; Ljubešić et al., 2018).

Going beyond individual word ratings, re-
searchers have placed more emphasis on the per-
ception of concreteness in context. The CON-
CRETEXT shared task (Gregori et al., 2020) in-
troduced novel concreteness norms of words in
context ratings for 550 Italian and 534 English
sentences. More recently, Muraki et al. (2023)
collected concreteness ratings for 62,000 English
multiword expressions, ranging across different
linguistic constructions (e.g., particle verbs, noun
compounds, fixed expressions).

Nonetheless, there remains a significant gap in
multilingual resources that explore concreteness in
context in a more systematic and bottom-up way.
The current study addresses this gap through the
collection of concreteness ratings for the small-
est meaningful units of context, specifically verb-
direct object noun expressions.

Rating Scales & Best-Worst Scaling Concrete-
ness norms have predominantly relied on rating
scale approaches (i.e., Likert scale) for collect-
ing human judgments, which however come with
problematic aspects. While humans tend to agree
on extremely concrete or abstract targets, the mid-
scale range shows higher variance among annota-
tors (Pollock, 2018; Knupleš et al., 2023; Paisios
et al., 2023). These inconsistencies raise ques-
tions about the reliability of concreteness norms
collected via rating scale approaches.

Best-Worst Scaling (BWS) (Louviere and
Woodworth, 1991; Louviere et al., 2015) provides
a viable alternative approach for collecting more
reliable judgments across semantic variables. Un-
like traditional rating scales, BWS annotators are
presented with four items and asked to make com-
parative judgments in selecting the most and least
representative item for the property of interest. In
the context of collecting emotion intensity ratings
for words and phrases, Kiritchenko and Moham-
mad (2017) reported significantly higher reliabil-
ity values with BWS compared to rating scales,
in particular for linguistically complex items, such
as phrases. For these reasons, we consider BWS a
promising method for collecting multilingual con-
creteness judgments for verb-object expressions.

3 Construction of Verb-Object Targets

We outline the steps to extract and select verb-
object (v,o) target expressions for English, Ger-
man, and Slovene. Objects are restricted to direct-
object nouns; selection of verbs and nouns is bal-
anced across frequency and concreteness ranges.

3.1 Extracting Verb-Object Pairs

We begin by extracting sentences from three web
corpora. For English, we use the ENCOW-16
corpus (Schäfer, 2015), containing ≈ 10 billion
words; for German, we use the SdeWaC corpus
(Faaß and Eckart, 2013), containing ≈ 880 mil-
lion words; for Slovene we use the CLASSLA.sl
corpus (Ljubešić and Kuzman, 2024), containing
≈ 3 billion words. From the latter, we discard
low-quality text and incorporate missing syntac-
tic dependency information using the CLASSLA-
Stanza pipeline (Terčon and Ljubešić, 2023).2

We identify verb-direct object noun expressions
using syntactic dependency criteria; for German,
we rely on the SubCat-Extractor tool (Scheible
et al., 2013) to obtain verb subcategorization. We
disregard low-frequency and ambiguous combina-
tions by only including words that (a) have one
predominant POS (> 95%), (b) occur more than
10,000 times, and (c) are not proper names or pro-
nouns. We then only retain (v,o) that (d) have both
components included in the post-filtered words
subset, and (e) occur more than 20 times for En-
glish and Slovene, and more than 5 for German.3

2https://pypi.org/project/classla/
3The thresholds were chosen based on manual inspection.

https://pypi.org/project/classla/


Lang averb cverb anoun mnoun cnoun

EN 1.4–2.0 3.3–4.8 1.1–2.0 3.0–4.0 4.9–5.0
DE 1.8–3.1 3.1–4.9 1.3–2.8 2.8–3.7 4.1–5.0
SL 1.5–2.9 2.9–4.8 1.1–2.4 2.5–3.4 3.4–4.9

(a) Concreteness ranges for verb and noun categories.

Lang Low Mid High

EN 20–33 34–71 72–20,406
DE 5–7 8–15 16–2,039
SL 20–34 35–81 82–3,414

(b) Frequency ranges across (v,o) categories.

Table 1: Concreteness and frequency ranges
across individual word categories and (v,o) targets.

We obtain 290,514 English, 58,224 German, and
88,096 Slovene (v,o) expressions.

3.2 Selection of Target Pairs
To build a representative set of (v,o) targets, we
balance the sampling of verbs and nouns across
concreteness scores and frequency ranges. From
our binned (v,o) candidates we randomly sample
111 pairs for English and Slovene, and 101 pairs
for German, with the following characteristics.4

1. Concreteness: We categorize nouns as
highly abstract (a), mid-range (m), or highly
concrete (c) based on their concreteness rat-
ings. Verbs we only categorize as abstract
(a) or concrete (c) due to their low coverage.
The individual ranges are shown in Table 1a.
Note that the smaller availability of targets in
the non-English norms in some cases leads to
overlapping limits in concreteness ranges.
The ratings we use in this study are extracted
from various collections of norms. For En-
glish, we use the data from Knupleš et al.’s
(2023), a balanced subset of 500 nouns and
200 verbs per bin sampled from Brysbaert
et al. (2014b). For German, we use a bal-
anced subset of 600 nouns and 140 verbs per
bin sampled from Charbonnier and Wartena
(2020). For Slovene, we collect new human
judgments for 600 nouns and 198 verbs (see
Section 4), due to the lack of existing word-
level concreteness norms.

2. Frequency: We divide the (v,o) targets into
three equally sized sets based on their joint

4The sample sizes represent the minimum number of
available items extracted from the joint bins in each language.

frequencies:5 low frequency (lf ), mid fre-
quency (mf ), and high frequency (hf ), using
their normalized frequencies as measured on
the original web corpora (see Section 3.1).
The frequency ranges are shown in Table 1b.

To prevent possible over-representation of com-
mon high-frequency verbs (e.g., want appears
in 4% of English (v,o) candidates), we apply
weighted sampling using log-transformed inverse
frequencies. In total, we obtain 1,998 English,
1,818 German and 1,998 Slovene (v,o) targets.

4 Collecting Concreteness Norms with
Best-Worst Scaling

To collect concreteness ratings for our target ex-
pressions, we follow Kiritchenko and Mohammad
(2017): we present participants with four expres-
sions (a 4-tuple) at a time and ask them to se-
lect the most concrete and the most abstract tar-
gets. We randomly generate 2N distinct 4-tuples
(where N is the number of targets), such that no
two targets within a tuple are identical, no two 4-
tuples share more than two targets and each target
appears in exactly eight different 4-tuples.6 The
final BWS responses are converted to real-valued
concreteness scores using a simple counting pro-
cedure (Orme, 2009), for which the score s(i) of
each item i is calculated as the normalized differ-
ence between the count of most concrete and most
abstract selections, cf. Equation (1). We then lin-
early transform the scores from the original range
[−1, 1] to a scale of 1 (abstract) to 5 (concrete).

s(i) = 2(
#best(i)−#worst(i)

#overall(i)
) + 3 (1)

Crowd-sourcing Details We recruit participants
using the platform Prolific7 and Google Forms8 as
the survey tool. Participants have to reside in the
United States or United Kingdom for English, in
Germany for German, and in Slovenia for Slovene,
have matching citizenship, speak the respective
language as their first and native language, and
have an approval rating of 90–100%.

5In order to keep the number of parameters tractable, we
do not additionally take the individual verb and object fre-
quencies into account.

6We generate the 2N 4-tuples using scripts provided by
Kiritchenko and Mohammad (2017).

7https://www.prolific.com
8https://docs.google.com/forms/

https://www.prolific.com
https://docs.google.com/forms/


Lang Type # targets # participants # judgments SHR (ρ)

EN (v,o) 1,998 200 20,080 0.89

DE (v,o) 1,818 114 18,180 0.91

SL
(v,o) 1,998 67 20,084 0.92

n 600 51 5,300 0.94
v 198 20 1,980 0.89

Table 2: BWS annotations: numbers of targets, participants, concreteness judgments and average split-
half reliability (SHR) Spearman ρ correlations.
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Figure 2: Verb-object BWS-based concreteness scores across concreteness groups and languages.

We create 117 surveys containing ≈ 100 of the
4-tuples drawn from the full set of 2N 4-tuples.
Each survey is assigned to five annotators. With
each target expression appearing in eight differ-
ent 4-tuples across the survey, we collect 40 judg-
ments per (v,o) expression. Following Brysbaert
et al. (2014b), participants do not have any train-
ing to familiarize with the annotation task. For
English and German, participants could only fill
out one survey. For Slovene, participants were
allowed to complete multiple surveys, due to the
smaller participant pool for Slovene.

Each survey incorporates attention-check ques-
tions to ensure compliance and to measure the par-
ticipants’ focus. We place eight manually selected
checks evenly in each survey, with the first at the
start. With three or more failed checks, we discard
the survey responses of the corresponding partic-
ipant. Participants are explicitly made aware of
these attention checks and rejection criteria.

Participants were compensated 5.35C for each
completed survey. The median completion time
was around 30 minutes. We recruited a total of
381 participants, who were on average 38.3 years
old (18 minimum, 80 maximum). 199 participants
identified as female, 181 as male, 1 participant
preferred not to say.

Results We collect 58,344 judgments across En-
glish, German and Slovene for 5,814 (v,o) expres-
sions, with ≈ 40 judgments per (v,o) expression
(see Table 2 for an overview of our collection).

Figure 2 presents the BWS-based concreteness
scores as score distributions across the six con-
creteness bins and our three target languages.
When we inspect the median and inter-quartile
ranges (IQR) in the distributions, we observe clear
trends across languages. Zooming into the con-
creteness effects of nouns and verbs, we see that
the concreteness of the noun strongly influences
the (v,o) joint concreteness rating: irrespective of
the concreteness of the verb, combinations with
abstract nouns result in lower (v,o) concreteness
ratings (med(a, a) = 2.2; med(c, a) = 2.5),
while those with concrete nouns result in higher
ratings (med(a, c) = 3.2; med(c, c) = 4.2). I.e.,
verbs play only a minor role, presumably because
of their semantically more vague nature.

To assess the reproducibility of concreteness
scores across multiple annotators, we compute
split-half reliability (SHR) by randomly splitting
annotations for each tuple into two groups, calcu-
lating separate scores for each group, and measur-
ing Spearman’s rank-order correlation coefficient
ρ (Siegel and Castellan, 1988). We compute SHR
over 100 trials and report the average in Table 2.



We observe similarly high correlations across lan-
guages and target types, which indicates the relia-
bility of our novel norms.

Word-level Ratings in Slovene Preceding the
(v,o) collection, to even identify (v,o) expressions
satisfying our sampling criteria (see Section 3.2),
we collect word-level concreteness ratings for 600
nouns and 198 verbs following the same procedure
described above,9 with separate verb and noun sur-
veys. In total we collect 7,280 word-level judg-
ments produced by 61 participants (average age
29, range [21,63])10 with 36 identifying as female
and 25 as male, and a median completion time of
25 minutes. Once more, the SHR shows very high
correlation scores both for nouns and verbs (see
Table 2). We further compare our ratings against
automatically generated scores by Ljubešić et al.
(2018), obtaining a moderate Spearman correla-
tion of ρ = 0.74 (p < 0.001) for 720 words. This
aligns with prior work comparing human and au-
tomatic ratings for German (r = 0.83) (Köper and
Schulte im Walde, 2016) and Estonian (r = 0.71)
(Proos and Aigro, 2023).

5 English Norms: Comparing Best-
Worst Scaling and Ratings on a Scale

To establish the reliability of our approach of us-
ing BWS for collecting concreteness ratings and
gain additional insights into differences in collec-
tion approaches, we conduct a comparative analy-
sis with rating scales (RS). We compare BWS with
a 5-point Likert scale by collecting concreteness
ratings for a subset of 1,823 English (v,o) targets.

Crowd-sourcing Details Participants are re-
cruited through Amazon Mechanical Turk11. Each
Human Intelligence Task (HIT), i.e., a single unit
of work assigned to a worker on the crowdsourc-
ing platform, includes 100 target items, plus 32
control items to ensure data reliability. To filter out
low-quality work, we apply three criteria: (1) an-
notators have to rate at least 4 out of 8 duplicate
instances consistently within a distance of 1, (2) a
minimum standard deviation is required for con-
trol item ratings to avoid uniform responses, and
(3) annotators are checked for providing expected
ratings on control items.

9From our collected word targets, we randomly sample 66
verbs and 200 nouns per lf, mf, and hf frequency bins.

10In Table 2 we report number of participants separately.
11https://www.mturk.com/
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Figure 3: Comparison of concreteness scores for
English (v,o) targets between BWS and RS collec-
tion approaches.

We redesign the previous BWS survey by in-
structing annotators to rate concreteness of indi-
vidual (v,o) expressions on a scale from 1 (ab-
stract) to 5 (concrete). We recruit 363 annotators
residing in the United States or United Kingdom.

Results We collect a total of 16,817 ratings on a
scale, obtaining ≈ 9 ratings for each (v,o) expres-
sion. We then computed an average rating for each
expression. In our comparative analysis, we corre-
late the ratings derived from BWS and RS and ob-
tain a moderate Spearman correlation of ρ = 0.64
(p < 0.05). In Figure 3 we compare the dis-
tributions of ratings from both approaches across
each of the six concreteness bins. We can clearly
see that RS ratings cluster closer to the mid-scale
range than BWS-derived ratings. While both ap-
proaches show similar overall patterns (i.e., (a, a)
(v,o) pairs were perceived rather abstract; (c, c)
(v,o) pairs were perceived rather concrete; and all
other categories show ratings in between), ratings
derived from RS exhibit larger variability in re-
sponses across bins: the average standard devi-
ation across concreteness bins is lower for BWS
ratings (σ = 0.48) than for RS ratings (σ = 0.58).
These observations complement prior work show-
ing that BWS tends to minimize respondent vari-
ability (Louviere et al., 2015).

We further compare both approaches by mea-
suring the extent to which the BWS and RS ratings
agree or disagree on whether specific (v,o) targets
are more or less concrete, by applying a simple
pairwise measure: A pair (xi, xj) is agreed upon

https://www.mturk.com/
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Figure 4: Agreement between BWS and RS.

if the concreteness ratings xi >BWS xj ⇔ xi >RS

xj where i ̸= j. We then calculate the proportion
of agreeing pairs within concreteness bins as our
measure of agreement. As shown in Figure 4, we
see pairwise agreement in > 50% cases across all
bins. We also see that the choice between BWS
and RS approaches leads to higher disagreement
on judgments for abstract targets than for concrete
targets, i.e., we find maximum disagreements in
(a,m) = 44% and (a, a) = 43%, in contrast to
the least disagreement in (c, c) = 34%.

To evaluate the reliability of our RS ratings, we
again calculate the average SHR over 100 trials. A
Spearman correlation of ρ = 0.49 shows lower re-
liability in comparison to judgments obtained with
BWS (ρ = 0.89). These results emphasize the
complexity of our annotation task and its relation-
ship to the specific annotation method. Similarly
to insights from annotation work on sentiment in-
tensity (Kiritchenko and Mohammad, 2017), the
greater complexity and subjectivity in collecting
concreteness ratings for (v,o) expressions results
in an increased difference between RS and BWS
annotation results.

6 Automatic Extrapolation of
Multilingual Concreteness Norms

Given the complexity and cost of collecting large-
scale concreteness norms, we explore prediction
methods to expand our human-generated multi-
lingual concreteness norms from 5,814 to over
430,000 (v,o) expressions. We then use the best-
performing method to create an automatically gen-
erated multilingual corpus of concreteness ratings.

6.1 Experimental Setting

Baseline We implement the paradigm-based al-
gorithm proposed by Turney and Littman (2003).
The method compares a target expression to sets of
concrete and abstract paradigm expressions, repre-
sented using embeddings. The concreteness score
of a (v,o) combination is derived from the cosine
similarity between a target expression and con-
crete paradigm items, minus the similarity with
abstract paradigm items. Scores are then rescaled
from [−1, 1] to [1, 5].

While Turney and Littman (2003) experimented
with Pointwise Mutual Information (PMI) and
Latent Semantic Analysis (LSA) representations,
i.e., static embeddings that do not capture context-
specific representations, we employ contextual-
ized embeddings to accurately capture the lexical-
semantic effect the verb and noun exert on each
other. Each (v,o) representation is the average of
the two word embeddings (i.e., the verb and the
noun) given an input (v,o) expression, excluding
special tokens. The word embeddings themselves
are extracted from the following monolingual en-
coder models: RoBERTa (Liu et al., 2019) for En-
glish, GBERT (Chan et al., 2020) for German, and
SloBERTa (Ulčar and Robnik-Šikonja, 2021) for
Slovene.

Following prior work (Turney et al., 2011;
Köper and Schulte im Walde, 2016), we use a
greedy supervised algorithm to select 20 concrete
and 20 abstract paradigm expressions. The algo-
rithm incrementally adds one expression at a time
to each set, alternating between concrete and ab-
stract, to maximize Spearman correlation with the
ratings in the training data.

Fine-tuning Models As our second approach,
we fine-tune the same monolingual models used
in our baseline on a regression task with a mean
squared error loss function, focusing on the CLS
token. All models are fine-tuned for 10 epochs, on
a batch size of 16, and a learning rate of 3× 10−5

using the Adam optimizer.

LLM Prompting Due to recent interest in gen-
erating concreteness norms using Large Language
Models (LLMs) (Martínez et al., 2025), we evalu-
ate models on predicting concreteness ratings in
both RS and BWS settings. Drawing from in-
sights that LLMs performed better in BWS than
RS settings for emotion intensity ratings (Bagdon
et al., 2024), we assess this setup for concreteness



by presenting models with 4-tuples and prompting
them to identify the most concrete and abstract ex-
pressions, converting these choices to ratings (as
in Section 4). We assess model performance in
zero-shot and few-shot scenarios: for RS, six ex-
pressions from distinct concreteness bins are pro-
vided; for BWS, we use three of our eight atten-
tion checks. We provide examples of our prompt
formulations in Appendix B.2.

The selection of models is based on the fol-
lowing criteria: (1) being predominantly trained
on the target language, i.e., employing mono-
lingual models to limit exposure to cross-lingual
influences,12 and (2) having comparable model
sizes within each approach. Accordingly, we use
the following models: Falcon3-7B-Instruct (TII
Team, 2024) for English, LeoLM-7B13 for Ger-
man, and GaMS-9B-Instruct (Vreš et al., 2024)
for Slovene. Due to low performances of the
monolingual models, we subsequently include the
same evaluation of EuroLLM-9B-Instruct (Mar-
tins et al., 2025), a comparable multilingual LLM
covering all three languages. For a full model
overview, see Table 9 in Appendix B.1.

All methods are evaluated using Spearman cor-
relation (ρ) and Root Mean Square Error (RMSE)
on a 10% held-out test set. For baseline and fine-
tuning, we use 10-fold cross validation; for LLM
prompting, we perform five runs with random
seeds on the dataset. We report average RMSE
and correlations using Fisher’s z-transformation.

6.2 Results and Extrapolation
The results for predicting (v,o) concreteness rat-
ings are shown in Table 3. Fine-tuning monolin-
gual models performed best across all languages,
with the highest ρ (strong trend capture) and low-
est RMSE (accurate score estimation). In con-
trast, LLMs reached lower RMSE but struggle to
capture meaningful patterns (low ρ). RS predic-
tions yield higher ρ across languages compared to
BWS, but still often below the baseline. Few-shot
learning provided significant gains for RS, while
not for BWS, thus highlighting the advantage of
BWS in cases of no existing gold standard. Multi-
lingual LLM exhibited lower ρ than monolingual
models. On average, 4% of LLM responses failed
to provide a valid output and were excluded.

12We acknowledge that most models, particularly LLMs
developed for low-resource languages, include a smaller sub-
set of English pre-training data.

13https://laion.ai/blog/leo-lm/

EN DE SL

ρ RMSE ρ RMSE ρ RMSE

Baseline 0.75 3.05 0.77 3.04 0.49 3.07

Fine-tuning 0.88 0.38 0.87 0.45 0.82 0.54

LLM Prompt

M
on

o. → RS; 0-shot 0.56 0.88 −0.02 1.56 0.30 1.00
→ RS; F-shot 0.71 0.70 0.10 1.39 0.54 0.85
→ BWS; 0-shot 0.75 0.57 0.02 0.96 0.51 0.76
→ BWS; F-shot 0.65 0.62 0.03 0.96 0.52 0.75

M
ul

ti. → RS; 0-shot 0.08 1.44 0.05 1.43 0.13 1.25
→ RS; F-shot 0.27 1.14 0.25 1.19 0.24 1.16
→ BWS; 0-shot 0.17 0.86 0.17 0.89 0.09 0.95
→ BWS; F-shot 0.01 0.93 -0.01 0.97 0.02 0.99

Table 3: Prediction results with RMSE and cor-
relations (p < 0.05), with ↑ ρ and ↓ RSME im-
plying better prediction results. LLM predictions
are using a rating scale (RS) or Best-Worst Scaling
(BWS) in zero-shot (0-shot) or few-shot (F-shot)
example settings. Bold text designates best per-
formance and italic statistical insignificance.

To investigate the underperforming LLM re-
sults, we analyze the mismatches between our
concreteness norms and LLM-generated ratings.
Starting with a quantitative view, we visualize rat-
ing distributions from both sources in Figure 5
across the three languages, showing ratings from
the highest-performing models in each experimen-
tal setting. Comparing both prompting approaches
in the LLM results section, we generally observe
skewed distributions in rating values when using
RS (top section) in contrast to distributions from
BWS that resemble the shape of normal distribu-
tions (bottom section). When prompted with RS,
the models indicate strong preferences to specific
scores (e.g., the Slovene model with zero-shot in
90% cases using ratings 2, 3, or 4) or generate
skewed distributions (e.g., the German model’s
high occurrence of rating 1). These tendencies
correspond to previously observed lower evalua-
tion results in Table 3, i.e., leading to cases of
negative or statistically insignificant correlations.
Providing few-shot examples to the multilingual
model produces a distribution more similar to the
human norms.

In contrast, predicting with BWS shows closer
alignment with our norms, especially when eval-
uating monolingual models. However, for cases
of lower correlations in Table 3, the distribu-
tions show a lower spread and stronger concen-
tration in the center, likely due to conflicting

https://laion.ai/blog/leo-lm/
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Figure 5: Distributional comparison of human and
LLM-prompted concreteness ratings across exper-
imental settings. The presented scores were pro-
duced in the highest performing model run.

BWS judgments that regress ratings towards mid-
dle values after applying the counting procedure,
cf. Equation (1). Multilingual LLMs exhibit
lower variance with sparse extremely abstract (1)
or extremely concrete (5) ratings, thus explain-
ing the monolingual LLM’s ↑ ρ and ↓ RMSE
scores. Overall, these insights complement prior
work on LLM-prompted BWS outperforming RS
when evaluated with BWS-collected norms (Bag-
don et al., 2024).

Continuing with a qualitative view in Table 4,
we present the five strongest mismatches in terms
of their ∆ between human (H) and LLM (L) rat-
ings in BWS and RS settings, by selecting from
the highest-performing monolingual 0-shot and
monolingual F-shot models, respectively. Across
languages, we observe that the ∆ values are con-
sistently higher when using RS in comparison to
predicting with BWS; some RS-based differences
even reach ∆ > 3. Across approaches and lan-
guages, we find both abstract and concrete ex-
pressions among the strongest human–LLM mis-
matches. These disagreements reflect the LLMs’

misunderstandings of concepts across the con-
creteness spectrum that may be reflective of varia-
tions in connotative meaning.

Based on these results, we select the top-
performing fine-tuned models to automatically
generate concreteness ratings for all the 288,516
English, 56,406 German, and 86,340 Slovene (v,o)
combinations14 described in Section 3.1.

7 Figurative Meanings of Expressions

The availability of reliable, large-scale concrete-
ness ratings across multiple languages and beyond
words in isolation could be a game-changer for
various NLP tasks involving figurative language
detection, which has heavily made use of exist-
ing concreteness norms in the past (Turney et al.,
2011; Tsvetkov et al., 2014; Köper and Schulte
im Walde, 2016; Alnafesah et al., 2020; Maud-
slay et al., 2020; Piccirilli and Schulte im Walde,
2022a,b; Hülsing and Schulte im Walde, 2024,
i.a.): according to Conceptual Metaphor Theory
(CMT), metaphors involve a shift from concrete to
abstract meanings (Lakoff and Johnson, 1980), so
precise concreteness ratings support models to dif-
ferentiate between literal and figurative language.
Moreover, concreteness plays an important role
in annotation frameworks, as a key criterion for
distinguishing figurative in contrast to basic word
meanings (Pragglejaz Group, 2007; Shutova and
Teufel, 2010; Schulte im Walde et al., 2018).

In this last crowd-sourcing annotation study, we
take a subset of the (v,o) targets and ask partici-
pants (1) to judge whether the (v,o) expression is
literal or figurative (based on whether the expres-
sion meaning is clearly based on the meanings of
its individual words) and (2) to provide an exam-
ple sentence including the (v,o) expression. With
this setup, we not only collect figurative judgments
for our expressions but also collect use sentences
containing them, therby creating a valuable multi-
lingual resource for the research community.

Target Selection For each language we ran-
domly sample 100 (v,o) targets per concreteness
bin from their respective interquartile range (see
Figure 2). This results in 600 targets per language,
or a total of 1,800 (v,o) expressions.

Crowd-sourcing Details Following the annota-
tion setup and selection criteria described in Sec-
tion 4, each participant is given a survey with 50

14Excluding combinations with human-generated ratings.



Language (v,o) expression H L ∆

EN

hold liberty 2.1 4.3 2.1

write ability 3.8 1.8 2.0

qualify car 2.7 4.5 1.9

preach faith 3.1 1.3 1.9

write fantasy 3.8 2.0 1.8

DE

Mund verschließen
‘close mouth’

4.8 1.8 3.0

Dokument schreiben
‘write document’

4.7 1.8 3.0

Widerstand unterschätzen
‘underestimate resistance’

1.8 4.5 2.8

Entwicklung verfolgen
‘track development’

2.0 4.8 2.8

Holz schneiden
‘cut wood’

5.0 2.3 2.8

SL

pisati zgodbo
‘write story’

4.7 2.0 2.7

zaživeti življenje
‘live life’

1.7 4.3 2.6

imeti priključek
‘have connection’

4.0 1.5 2.5

pripraviti jajca
‘prepare eggs’

4.7 2.3 2.4

piti živce
‘drink nerves’

1.5 3.8 2.3

(a) Best-Worst Scaling

Language (v,o) expression H L ∆

EN

develop acne 4.1 1.0 3.1

prohibit student 3.4 1.0 2.4

behold miracle 2.2 4.2 2.1

eat word 3.0 5.0 2.1

rebuild civilization 3.1 1.0 2.1

DE

Schraube lösen
‘loosen screw’

4.9 1.0 3.9

Ring tragen
‘wear ring’

4.9 1.0 3.9

Mann schlagen
‘hit man’

4.9 1.0 3.9

Blut transportieren
‘transport blood’

4.8 1.0 3.8

Elefant töten
‘kill elephant’

4.8 1.0 3.8

SL

piti živce
‘drink nerves’

1.5 4.5 3.0

odpreti dušo
‘open soul’

1.3 4.2 2.9

ponujati spekter
‘offer spectrum’

1.6 4.5 2.9

spremeniti predstavo
‘change performance’

1.9 4.8 2.9

spomniti izkušnja
‘remind experience’

1.7 4.5 2.8

(b) Rating Scale

Table 4: Top 5 expressions with the largest differences between human ratings (H) and LLM scores (L).

targets, plus an additional even distribution of five
attention check questions. We present one target
per page, including a task reminder, and assign
five annotators per survey. See details of survey
guidelines and examples in Appendix A.2.

Results Across our three languages we obtain a
total of 9,000 judgments and 9,000 example sen-
tences that include the 1,800 (v,o) expressions.
The average length from the obtained example
sentences is ≈ 8 words. To investigate the inter-
play between concreteness and figurative usage of
our targets, Figure 6 visualizes the number of (v,o)
expressions judged by the majority of the partic-
ipants as “figurative” (in blue), “literal” (in red)
or “unclear” (in yellow), where 3 vs. 2 we con-
sider a not clear majority. The graphic highlights
a clear relationship between the concreteness of
the (v,o) pairs and their classification as figura-
tive vs. literal language. Across our set of lan-
guages, more abstract expressions are judged more
figuratively, while more concrete expressions are
judged more literally, i.e., for concreteness we ob-
serve an increase for (a, a) < (a,m) < (a, c)

and for (c, a) < (c,m) < (c, c), which goes in
parallel with an increase in figurativeness (degree
of figurative language use). To provide an even
clearer picture, Figure 7 shows the distributions of
concreteness ratings and majority-assigned figura-
tive labels across concreteness groups for English,
German, and Slovene. Additionally in Table 5, we
provide examples of (v,o) targets, their majority-
assigned label, and one example sentence.

8 Conclusion

In this work, we investigated the perception
of concreteness in context by zooming in on
one smallest meaningful unit beyond word level,
through a systematic collection of concreteness
ratings for 5,814 verb-direct object noun expres-
sions. To compare patterns across languages, we
targeted the collection of ratings for three lan-
guages with varying degrees of resource availabil-
ity, namely English, German, and Slovene. Due
to significant costs associated with large-scale col-
lections, we further automatically extended our
multilingual concreteness ratings to over 430,000
expressions using advanced prediction methods.
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A noteworthy byproduct was the creation of con-
creteness norms for 798 Slovene words (verbs and
nouns), addressing a resource gap in existing con-
creteness ratings.

Adopting a Best-Worst Scaling (BWS) ap-
proach, we reported similar trends in concreteness
distributions across our three languages. Focus-
ing on the functions of words in verb-object com-
binations, we found that the concreteness of the
overall (v,o) expression was heavily affected by
the concreteness of its nominal object. In a com-
parative analysis on a subset of English norms be-
tween BWS and ratings on a scale (RS), we found
lower variability and higher reliability using BWS
ratings, thus further establishing the reliability of
our annotations.

Lastly, we examined the relationship between
concreteness and figurative language by collect-
ing literal vs. figurative judgments for 1,800 ex-
pressions across our three languages, along with
9,000 example sentences demonstrating their liter-

al/figurative usage. Our findings revealed that ab-
stract verb-object combinations were significantly
more likely to be perceived as figurative language,
while combinations judged as concrete are pre-
dominantly interpreted as literal language. Our
resources and insights support future research on
concreteness and figurative language, with po-
tential downstream applications in figurative lan-
guage processing as well as further natural lan-
guage understanding tasks.



Lang (v,o) expression Maj. decision Example sentence

EN

undermine religion (a, a) figurative Dogma only serves to undermine religion rather than uplift it.

maximize energy (a,m) unclear With a fitness program he was able to maximize his energy.

convince student (a, c) literal The teacher tried to convince the student to study harder.

carry uncertainty (c, a) figurative She carried uncertainty when faced with a difficult problem.

transmit pain (c,m) unclear The nerves in the body transmit pain.

buy oil (c, c) literal I went to the supermarket to buy some oil.

DE

Wirklichkeit abbilden
“mirror reality”

(a, a) figurative
Der Bericht konnte die Wirklichkeit nicht abbilden.
"The report could not mirror reality."

Bewegung bewirken
“cause movement”

(a,m) unclear
Die Stabilisation half ihm nun größere Bewegungen im Arm zu bewirken.
"The stabilization now helped him to achieve larger movements in his arm."

Karte akzeptieren
“accept card”

(a, c) literal
In diesem Geschäft wird jede Karte akzeptiert.
"Every card is accepted in this store."

Regelung tragen
“carry regulation”

(c, a) figurative
Die Führungsebene sollte zuerst die Regelung tragen.
"The management level should first implement the regulation."

Kilometer schaffen
“accomplish kilometers”

(c,m) unclear
Ich möchte heute mindestens 5 Kilometer schaffen.
"I want to manage at least 5 kilometers today."

Pflanzen sammeln
“collect plants”

(c, c) literal
Wir sammeln Pflanzen für Tees und getrocknete Gewürze.
"We collect plants for teas and dried spices."

SL

obogatiti dejavnost
“enrich activity”

(a, a) figurative
Za privabljanje večjega števila turistov so se odločili obogatiti svojo dejavnost.
"To attract a greater number of tourists, they decided to enrich their activity."

odkriti primer
“discover case”

(a,m) unclear
Policisti so odkrili primer kraje v bližnjem mestu in začeli preiskavo.
"Police officers discovered a case of theft in a nearby town and launched
an investigation."

nasloviti pismo
“address letter”

(a, c) literal
Pismo je naslovila na svojo prijateljico.
"She addressed the letter to her friend."

zavirati proces
“slow down (brake) process”

(c, a) figurative
Kreme lahko zavirajo proces staranja, ne morejo ga pa ustaviti.
"Creams can slow down the aging process, but they cannot stop it."

odpreti polčas
“open half (time)”

(c,m) unclear
Sodniki so odprli polčas za drugi del tekme.
"The referees opened the half for the second part of the match."

pisati skladbo
“write composition”

(c, c) literal
Zaprl se je v sobo s klavirjem in papirjem in začel pisati novo skladbo.
"He locked himself in a room with a piano and paper and began to write
a new composition."

Table 5: Examples of (v,o) expressions with majority-assigned labels and sampled example sentences.



9 Limitations

In this paper, we acknowledge several limitations
that may impact the interpretation of our findings.
In our collections of concreteness ratings, due to
a relatively smaller participant pool for Slovenes,
we allowed participants to participate in multiple
studies. This participant overlap could potentially
skew the data, as individual biases may be ampli-
fied when respondents evaluate multiple items.

Moreover, our sampling strategy involved uti-
lizing three distinct large web corpora sourced
from differing scopes. While all these corpora
sample sentences from web sources, differences
in the projects may introduce latent biases in our
collection. Furthermore, web-sourced corpora
may include unconventional or nonstandard verb-

object combinations that deviate from typical na-
tive usage, introducing variability into our collec-
tion. However across all languages, this study em-
ploys (among) the biggest general-language cor-
pora, sampling pairs across a frequency spectrum
representative of general language use.

During our evaluation of various prediction
methods for automatically generating an extended
multilingual corpus of concreteness ratings, we
evaluate the performance of large language mod-
els of varying sizes. These disparities in model
size influence the effectiveness and performance
of concreteness prediction, potentially confound-
ing our results. Nonetheless, we aimed to select
the nearest appropriate models in terms of size
and language coverage. Lastly, due to prompt
brittleness in large language models, the variabil-
ity in model responses to slight changes in input
prompts may lead to inconsistencies, which could
affect reliability and reproducibility of predictions.

10 Ethical Considerations

In the context of our annotation task, we collected
concreteness and figurative language judgments
using crowd-sourcing platforms. All crowd-
workers were fairly compensated under the rec-
ommended guidelines of these platforms, and their
participation was entirely voluntary. We did not
collect any information that can link the data back
to the participants. Before completing a survey,
crowd-workers were informed that their responses
would be used in a scientific publication. While
we did reject annotations from workers who failed
to meet the required attention checks, we did ex-
plicitly warn them about not getting paid if they
fail the checks. We engaged in direct conversa-
tions with participants who reached out to clarify
issues. We took the time to respond to all requests
and made our decision-making transparent.
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Anita Peti-Stantić, Maja And̄el, Vedrana Gn-
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A Details on Annotations

A.1 Annotations using Best-Worst Scaling

Survey Figure 8 presents an example survey
question. It asks participants to choose the most
concrete and most abstract expression from sets of
four verb-object noun expressions. We also pro-
vide a brief reminder of the distinction between
abstract and concrete expressions above the ques-
tion, and include an optional comment box below.

Figure 8: Example of English survey for collecting
concreteness judgments using Best-Worst Scaling.

Quality Checks for Verb-Object Expressions
Each survey incorporates attention-check ques-
tions to ensure compliance and measure partici-
pants’ focus. We place 8 attention checks evenly
in each survey, with the first at the start after
instructions. All attention check items listed in
Table 6 were manually selected by the authors.
With three or more failed checks15, we discard
the survey responses of the corresponding partici-
pant. Participants are made aware of the attention
checks and the rejection criteria.

Quality Checks for Slovene Words We apply
the same approach described above for Slovene
words. Attention check items are listed in Table 7.
The same three-failure threshold applies.

15We changed our threshold from two to three after see-
ing that participants failing exactly two checks usually gave
quality work, with failures mostly at the end.

Item 1 Item 2 Item 3 Item 4

throw ball hold office write thing undermine principle
buy car evaluate paper assume office justify existence

serve beer want cookie decide election defy logic
read magazine affect neck develop telescope unlock creativity

kill bird evaluate paper hold office convey meaning
carry bag tolerate salt develop blood ignite curiosity
mow lawn vary text know lake generalize concept

sell hamburger write thing evaluate paper develop strategy

(a) English

Item 1 Item 2 Item 3 Item 4

Ball werfen Ansicht ablehnen Karte akzeptieren Grundsatz verstehen
Auto kaufen Papier kritisieren Amt einnehmen Existenz nachweisen
Bier trinken Kontakt herstellen Wahl organisieren Logik akzeptieren
Arzt rufen Herz überprüfen Zeit starten Regelung zusammenfassen
Fisch töten Papier studieren Amt ablehnen Bedeutung vermitteln
Bild tragen Blut untersuchen Trennung vorschlagen Wirkung verursachen

Buch schreiben Augenblick wählen Spiel dominieren Begriff definieren
Computer verkaufen Wald schützen Arme stärken Strategie entwickeln

(b) German

Item 1 Item 2 Item 3 Item 4

metati žogo opravljati funkcijo napisati stvar spremeniti idejo
kupiti avto oceniti članek prevzeti službo ugotavljati obstoj

postreči pivo izboljševati sistem odločiti volitve nasprotovati logiki
pogledati revijo razvijati teleskop objaviti prevzem sprostiti ustvarjalnost

ubiti ptiča imeti račun pripraviti koncert preučiti pomen
nositi torbo izogibati soli razviti kri vzbuditi radovednost

kositi travnik spreminjati besedilo poznati jezero sprejemati pravico
prodati hamburger najti vrsto zastopati šolo razviti strategijo

(c) Slovene

Table 6: Attention checks for verb-object expres-
sion using Best-Worst Scaling, with highlighted
most concrete and most abstract targets.

Item 1 Item 2 Item 3 Item 4

kobilica človeštvo kraja hvaležnost
limonada plača jesen neskončnost

srajca obiskovalec vljudnost teorija
džip gimnastika oblast ugled
mrož predstavitev bolezen blaženost
oče termin ion simbolika

sladkor industrialka rezervacija dvoumnost
drevo omega ocenitev slava

(a) Nouns

Item 1 Item 2 Item 3 Item 4

jesti aktivirati komentirati razveljavljati
pisati kisati oznanjati sanjati
peti združevati privlačiti racionalizirati

ubijati dekodirati kopičiti upravičevati
šivati zagnati izžarevati zaupati
trgati prižigati premagati razsvetljevati
kričati tožiti polarizirati poosebljati
točiti sprejemati razjeziti revolucionirati

(b) Verbs

Table 7: Attention checks for Slovene words using
Best-Worst Scaling, with highlighted most con-
crete and most abstract targets.



A.2 Details on Figurative Judgments

Survey The survey asks participants to rate
whether verb-object noun expressions16 are literal
or figurative, and provide example sentences. As
shown in Figure 9, task reminders and examples
are shown above each question. We assign five
annotators per survey and paid 5.70C for a median
time of ≈32 minutes.

Figure 9: Example of English survey question for
collecting literal and figurative judgments.

Quality Checks For our figurative survey, we
place five attention checks evenly distributed. Par-
ticipants see the message “This is an attention
check, please select literal for paint wall” in the
respective language. Table 8 lists all attention
check questions for each survey, with blue de-
noting figurative and orange denoting literal tar-
gets. Across languages, the literal targets remain
aligned translations, while the figurative targets
vary due to challenges in translations and preser-
vation of equivalent syntactic constructions.

B Details on Automatic Extrapolation of
Concreteness Ratings

B.1 Models

For all experiments in the paper, we use the mod-
els described in Table 9.

16To make the task more accessible for non-expert annota-
tors, expressions are simplified into “two-word events.”

EN DE SL

steal show Wirtschaft ankurbeln nabirati izkušnje
paint wall Wand bemalen pobarvati steno

break heart Leben einhauchen prejeti milost
drive car Auto fahren voziti avto
catch fire Frage anpacken mešati zrak

Table 8: Attention checks regarding figurative and
literal targets.

B.2 Prompt Instructions
Prompting with RS As shown in Box B.2, the
prompt provides instructions for rating the con-
creteness of expressions on a scale from 1.0 to
5.0, with examples of concrete and abstract ex-
pressions. The prompt translation is the same in
German and Slovene.

Prompting with BWS As shown in Box B.2,
the prompt provides instructions for selecting the
most concrete and most abstract expression from a
list of four expressions, with examples of concrete
and abstract expressions. The prompt translation
is the same in German and Slovene.



Model Type Number of Parameters Language Support URL
https://huggingface.co

RoBERTa Encoder 125M English /FacebookAI/roberta-base
GBERT Encoder 111M German /deepset/gbert-base
SloBERTa Encoder 110M Slovene /EMBEDDIA/sloberta
Falcon3-7B-Instruct Decoder 7B English /tiiuae/falcon3-7b-instruct
LeoLM-7B Decoder 7B German /LeoLM/leo-hessianai-7b
GaMS-9B-Instruct Decoder 9B Slovene /cjvt/GaMS-9B-Instruct

EuroLLM-9B-Instruct Decoder 9B
Multilingual

(incl. English, German
and Slovene)

/utter-project/EuroLLM-9B-Instruct

Table 9: List of models used in our concreteness score prediction and generation tasks.

English Prompt Template (RS)

Background: A concrete expression refers
to an event with which you can have an
immediate experience through your senses
(smelling, tasting, touching, hearing,
seeing) and by performing or witnessing
the event. An example of a concrete
expression is “drive car”.
An abstract expression refers to an event
or process you cannot experience directly
through your senses or by performing
the event. An example of an abstract
expression is “deliver justice”.

Task: Rate the concreteness of the follow-
ing expression on a scale from 1.0 to 5.0
(using one decimal place), where:
1.0 = very abstract
5.0 = very concrete

Focus on only responding with floating-
point number rating, and do not add any
explanations. The values have to be within
the 1.0 and 5.0 range.

Now for the following expression, provide
a concreteness rating:
Expression: “carry implication”
Rating: [predicted score]

English Prompt Template (BWS)

Background: A concrete expression refers
to an event with which you can have an
immediate experience through your senses
(smelling, tasting, touching, hearing,
seeing) and by performing or witnessing
the event. An example of a concrete
expression is “drive car”.
An abstract expression refers to an event
or process you cannot experience directly
through your senses or by performing
the event. An example of an abstract
expression is “deliver justice”.

Task: Which of the four expressions is
likely the MOST concrete and which of
the four expressions is likely the MOST
abstract.

Only provide the expression number. Do
not repeat the text content.
Expression 1: buy car
Expression 2: evaluate paper
Expression 3: assume office
Expression 4: undermine principle

Answer only with two numbers separated
by a comma:
<most concrete expression number>,
<most abstract expression number>
[number, number]

https://huggingface.co
/FacebookAI/roberta-base
/deepset/gbert-base
/EMBEDDIA/sloberta
/tiiuae/falcon3-7b-instruct
/LeoLM/leo-hessianai-7b
/cjvt/GaMS-9B-Instruct
/utter-project/EuroLLM-9B-Instruct

