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1 Introduction

Concrete words (e.g., apple as opposed to appetite)
are often described as more specific (Paivio, 1963)
and perceptible (Lambert, 1955), with a more di-
rect reference to objects, material, or sources of
sensation (Gorman, 1961; Paivio, 1966). Concrete-
ness is an important concept in the field of psy-
cholinguistics. Previous research has found that
concrete words are generally more easily learned
(Paivio, 1963), more easily retrieved for lexical de-
cision tasks (Schwanenflugel and Akin, 1994), and
they tend to elicit more associated words (Lam-
bert, 1955) with shorter response time (Richard-
son, 1975; Paivio, 1966). Different theories have
been proposed to explain this concreteness effect.
The Dual Coding Theory proposes that concrete
words have nonverbal (perceptual) representations
in addition to verbal ones, facilitating processing
(Paivio, 1986). The Context Availability Theory, on
the other hand, proposes that concrete words have
more relevant contexts in people’s prior knowledge
that aid processing (Schwanenflugel et al., 1988).

In bilingual populations, concrete words have
been shown to elicit faster lexical decision re-
sponse times in both languages (van Hell and
de Groot, 1998a) and elicit more similar lexical
associations across languages than abstract words
(Taylor, 1976; van Hell and de Groot, 1998b). Ad-
ditionally, they have been found to facilitate code-
switching (Myslín and Levy, 2015). One expla-
nation is that concrete words share more seman-
tic features across languages, resulting in more
similar cross-linguistic associations and easier co-
activation of translation equivalents (van Hell and
de Groot, 1998b; Kroll et al., 2006). Abstract
words, by contrast, are more dependent on the lin-
guistic context in which they appear rather than on
perceptual properties (Breedin et al., 1994), making
them more likely to have language-specific mean-
ings and trigger different associations across lan-

guages (van Hell and de Groot, 1998b).
Are concrete words more similar across lan-

guages than abstract words? Multilingual aligned
word vectors offer a useful way to test this question,
as they locate words from different languages in a
shared embedding space by learning the contexts
in which they typically occur (Mikolov et al., 2013;
Smith et al., 2017; Conneau et al., 2017). In this
shared space, distance between any two vectors
can indicate their semantic relatedness. If con-
crete words do share more semantic features across
languages, they should be located closer to their
nearest neighbor in another language than abstract
words. This is the hypothesis we aim to test.

2 Method

Concreteness ratings We found previously-
collected concreteness ratings of words in six lan-
guages: Dutch (Brysbaert et al., 2014a), English
(Brysbaert et al., 2014b), French (Bonin et al.,
2018), Cypriot Greek (Traikapi et al., 2024), Man-
darin (Xu and Li, 2020) and Portuguese (Soares
et al., 2017) (Table 1). These languages were cho-
sen because they are among the 44 languages that
have pre-trained aligned word vectors (Joulin et al.,
2018; Bojanowski et al., 2017). For all six datasets,
concreteness was rated by self-identified adult na-
tive speakers recruited from universities or through
crowd-sourcing platforms. “Concrete word” were
generally described as words that can be experi-
enced, perceived or learned through the senses.
Each word was typically shown in isolation with-
out linguistic context1 and received around 30 rat-

1This could introduce the problem of “concreteness ambi-
guity” for lexical items with more than one meaning that have
different degrees of concreteness (Löhr, 2021). For example,
table referring to a piece of furniture is relatively concrete,
whereas table referring to a set of values in a document may
be less so. However, pretrained word embeddings also bear
such ambiguity, as the embedding of a word form reflects the
aggregate of all contexts it appears in. We therefore do not
expect such ambiguity to systematically bias the relationship
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Language Total word count Words with vector Word information

Dutch 30,070 28,095 lemmas from all syntactic categories
English 39,954 35,318 lemmas from all syntactic categories
French 1,659 1,576 67% nouns, plus verbs, adjectives, adverbs and function words
Cypriot Greek 2,948 327 mostly nouns, with a few adjectives and verbs
Mandarin 9,877 8,421 two-character simplified Chinese words, excluding prepositions
Portuguese 3,800 3,770 content words including nouns, adjectives and others

Table 1: Concreteness rating information for the six languages used in the study.

ings, with counts ranging from 15 to 62 across
languages.

Vector distance For each word with a rating,
we located it in the 44-language embedding space
with pre-trained multilingual aligned word vectors
(Joulin et al., 2018; Bojanowski et al., 2017) and
measured both the Euclidean distance and cosine
similarity to its nearest neighbor among words in
the other 43 languages.2 We focused on nearest
neighbors rather than translation equivalents be-
cause the latter is often unavailable or unstable
for abstract words (van Hell and de Groot, 1998b).
Even given a concrete word, there might be multi-
ple translation equivalents. Therefore, identifying
and determining translation equivalents for each
word across 44 languages would require substan-
tial language-specific judgment and introduce addi-
tional subjectivity into the analysis. Using the near-
est neighbor instead could provide a consistent and
fully data-driven approximation of cross-linguistic
semantic similarity. As Euclidean distance and co-
sine similarity between two vectors were strongly
correlated, analyses based on either metric yielded
similar results. In the remainder of the paper, we
report results based on Euclidean distance.

Word frequency Word frequency may influence
both concreteness ratings and vector distances. For
example, function words tend to be both highly fre-
quent and relatively abstract; more frequent words
generally have more stable embedding represen-
tations. We therefore included word frequency
in our analyses. The English concreteness rat-
ing dataset included frequency information from
SUBTLEX-US (Brysbaert and New, 2009). To

between concreteness and cross-linguistic semantic distance.
2Because aligned word vectors are trained on large mul-

tilingual corpora, the vocabulary of a given language may
contain words from other languages. To minimize such cross-
language contamination, we restricted searches to words writ-
ten in the dominant script of the target language. For example,
when Bulgarian was the neighboring language, the nearest
neighbor must be written in Cyrillic script.

maintain consistency across languages, we added
frequency information for Dutch and Mandarin
using SUBTLEX-NL (Keuleers et al., 2010) and
SUBTLEX-CH (Cai and Brysbaert, 2010), respec-
tively. For the remaining three languages for which
SUBTLEX-based frequency norms were not avail-
able, log frequency estimates were obtained using
the wordfreq Python library (Speer, 2022).

Analysis For each language with concreteness
ratings, we fit the following linear regression model
43 times, each time using a different language as
the source of nearest-neighbor distances:
concreteness∼ distance + word frequency

3 Results

Fig 1 illustrates the relationship between word con-
creteness ratings and the distance to the nearest
neighbor across 44 languages. The six panels rep-
resent the six languages for which concreteness
ratings are available, and each line within a panel
corresponds to one of the 43 neighboring languages.
Solid lines indicate that distance was a signifi-
cant predictor in the regression model described
above (p < .05), whereas dashed lines indicate
non-significant effects. The relatively lower pro-
portion of significant effects observed for Cypriot
Greek (91%) and French (44%) may partly reflect
smaller effective sample sizes, as these datasets are
relatively limited to begin with and the analyses
additionally require the availability of pretrained
aligned embeddings for each word.

The relationship between concreteness rating
and distance varies considerably across languages.
For English and Mandarin, the correlations are uni-
formly negative and significant across all neigh-
boring languages. For French, the correlation is
significant for 19 of the 43 neighboring languages,
and all significant effects are negative. In contrast,
Dutch, Cypriot Greek, and Portuguese generally
exhibit positive correlations, with a few exceptions
(Chinese and Vietnamese for Portuguese; and addi-
tionally Arabic for Dutch).
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Figure 1: Relationship between normalized concreteness ratings (y axis) and distance to nearest cross-linguistic
neighbor (x axis) across six rating languages (panels). Lines show simple linear regressions (concreteness ∼
distance), with color indicating the direction and significance of the distance effect in the multiple regression
controlling for word frequency.

4 Discussion

Our results suggest a lack of a uniform relation-
ship between cross-linguistic semantic relatedness
and concreteness ratings across languages. English,
Mandarin, and part of the French data are consis-
tent with the hypothesis that concrete words are
more similar cross-linguistically. However, Dutch,
Portuguese, and Cypriot Greek showed the oppo-
site pattern, suggesting that concrete words may be
more language-specific than less concrete words.

One possible interpretation is that speakers of
different languages associate concreteness with
different semantic properties, despite the similar
instructions used to elicit the ratings across lan-
guages. To examine this possibility more closely,
we could identify overlapping concepts from dif-
ferent ratings datasets and check if their ratings are
positively correlated. Another possible source of
variation is the lexical composition of the ratings
datasets, as some cover a broader range of syntac-

tic categories, including highly abstract function
words, whereas some do not, resulting in discrep-
ancies among the effective endpoints of the rating
scale. However, this explanation cannot fully ac-
count for the contrasting patterns of English and
Dutch, whose datasets are comparatively similar in
size and lexical coverage. Further investigation is
therefore needed to determine which properties of
the datasets or languages give rise to these differ-
ences. More broadly, the present findings highlight
the importance of examining what “concreteness”
captures for speakers of different languages.

While prior work has demonstrated that distribu-
tional semantic representations can be used to pre-
dict concreteness ratings (Thompson and Lupyan,
2018; Charbonnier and Wartena, 2020), the present
study takes a more explanatory approach. Rather
than treating embeddings as a predictive tool based
on existing concreteness norms, we use them to
probe what concreteness captures across languages
and to what extent it reflects shared semantic or-
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ganization. Through this attempt, we demonstrate
how word embeddings can be used to operational-
ize psycholinguistic constructs involving cross-
linguistic semantic relatedness, providing a quanti-
tative complement to traditional ratings-based mea-
sures.
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