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Abstract

Lexical semantic norms characterize each lexical concept in terms of a set of se-
mantic features for the words of a language. They provide essential resources for
behavioral, computational, and neuro-cognitive studies of language and human cog-
nition. Recent research advocate for the need for cognitively motivated feature sets,
arguing that semantic representations grounded in human cognition can facilitate
cross-linguistic modeling and even enable the prediction of a word’s semantic fea-
tures based on its translation in another language. In this study, we present a new
dataset of brain-based, Binder-style semantic norms for Chinese. Using the corre-
sponding English dataset and the representational power of multilingual language
models, we conduct systematic experiments on semantic norm prediction both
within and across languages. We evaluate monolingual and English-Chinese cross-
lingual norm prediction using two different methods: embedding-based regression
vs. prompting with large language models. Our results show that bidirectional
models from the BERT family and GPT-4 achieve a good level of accuracy, with
moderate-to-high correlations with human ratings. Notably, in the cross-lingual set-
ting, the best and the worst predicted features align with the higher and lower end
of levels of human agreement when comparing norms of words between translated
words. Our results support a novel computational approach for supplementing and
expanding cognitive semantic norms, highlighting the potential of language models
to bridge cross-linguistic semantic representations.
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1 Introduction

How can we systematically describe the meaning of words? Linguists have long
sought to break down word meanings into more fundamental components, with
the aim of identifying a finite set of semantic primitives that can account for the
vast and diverse lexicon of natural languages. These features are often symbolic in
nature (Jackendoff, 1992; Wierzbicka, 1996) and used in categorical representations,
in which each feature can be either present or not (e.g. girl as [tHUMAN -MAN
-ADULT...]). In addition to the difficulty of establishing objective criteria for choos-
ing a universal set of primitives, another challenge arises from the inherently gradient
nature of lexical meaning. Features within a concept may vary in their degrees of
prototypicality for that concept (Murphy, 2004), making discrete symbolic models
inadequate for fully capturing the semantics of words.

In psycholinguistics and cognitive psychology, it is common to collect semantic
feature norms (McRae et al., 2005; Vinson & Vigliocco, 2008; Devereux et al., 2014;
Buchanan et al., 2019) by asking human subjects to produce verbal descriptors for
lexical concepts (e.g., HAS_FEATHERS, CAN FLY, LAYS EGGS for the concept of bird) and
using a weight derived from the frequency of the association between a descriptors
and a concept to indicate the salience of a given feature. These norms have the advan-
tage of immediate explainability, since they directly reflect human intuitions and are
highly interpretable, but they are also highly subjective, making cross-linguistic com-
parison difficult. Even when the same concepts are studies, semantic norms collected
in English may differ substantially from those collected in other languages, e.g., Ger-
man (Kremer & Baroni, 2011), Italian (Kremer & Baroni, 2011; Montefinese et al.,
2013), Spanish (Vivas et al., 2017), Finnish (Kivisaari et al., 2023).

An alternative approach was introduced by Binder et al. (2016), who proposed a
set of 65 cognitively-motivated semantic primitives (henceforth Binder features).
These features are considered brain-based, because each of them is associated with
a specific neural motivated processing, with the evidence drawn from the neurosci-
entific literature. Since these features are grounded in human cognition, they should
theoretically be extended across languages: if lexical meanings emerge from human
experience and from fundamental neural processes, Binder features should be capa-
ble of capturing the core semantic components across different languages'. However,
Binder-style norms were available only for the English language, with Chinese datas-
ets adopting the same framework now emerging (Wang et al., 2023; Qiu et al., 2023).

Semantic features have also been used in the field of computational linguistics, but
their limitations in terms of coverage of the lexicon of natural languages led to the
adoption of a different approach to meaning representation. Distributional Semantic
Models (DSMs) and their successors, word embeddings, are data-driven representa-
tions aiming at modeling the semantic content of a word through vector derived from
statistical distributions in a large corpus of texts (Turney & Pantel, 2010; Baroni
et al., 2014). Traditional models assigned each word a single vector that summa-

"'This hypothesis is further supported by the recent finding (De Varda et al., 2025) that multilingual models
can be trained to predict brain activity (fMRI scans) in a set of languages and make efficient predictions in
unseen languages in a zero-shot setting scenario.
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rized its entire distributional history, disregarding contextual variations in meaning,
i.e., the same word may assume different meanings in specific contexts (Apidianaki,
2023). However, modern language model architectures introduced a groundbreaking
innovation, contextualized word representations (Peters et al., 2018; Devlin et al.,
2019), enabled models to generate specific word embeddings for words depending
on the sentence context they appear. The Transformer architecture (Vaswani et al.,
2017) was widely adopted by the Natural Language Processing (NLP) community as
a standard for language models, and research in multilingual training showed strong
cross-lingual transfer capacities in models simultaneously pre-trained on multiple
languages (Devlin et al., 2019; Karthikeyan et al., 2019; Pires et al., 2019; Conneau
et al., 2020).

While word embeddings are a data-driven, automatically-induced representation
and, in this sense, and their features are not the product of a subjective choice, they
are not interpretable, because it is not immediately evident which shades of mean-
ing are encoded into the vectors’ dimensions. This motivated the flourishing of the
literature on probing tasks to inspect the information contained in the models’ rep-
resentations indirectly, by analyzing their performance in simple classification tasks
targeting some specific types of linguistic knowledge [see Linzen et al. 2016; Ten-
ney et al. 2019; Hewitt & Liang 2019; Liu et al. 2019; Wu et al. 2020; Chersoni et
al. 2021; Geiger et al. 2021; Kauf et al. 2023, inter alia]. Another approach to the
interpretability of the embeddings consists instead in mapping their dimensions onto
human-readable features, such as semantic norms (Fagarasan et al., 2015; Utsumi,
2020; Chersoni et al., 2021). In this case, the dimensions of the embedding of a given
word are provided as input features for a regressor, with the goal of predicting the
norm ratings for the same word that were elicited from humans in a psycholinguistic
dataset.

To our knowledge, most work predicting semantic norms on the basis of word
embeddings operated in monolingual settings. A key research question remains
whether embeddings in one language can be used to model semantic feature norms in
another language. Binder-style norms, given their claim of cognitive grounding, are
excellent candidates for this type of experiment because features that are based on
neural processing systems should have higher cross-lingual validity than traditional
semantic primitives. Moreover, the task of predicting norms for one language by
means of training on the embeddings and human ratings for another language could
be highly significant for psycholinguistics, as this would pave the way to the auto-
matic collection of norm databases in low-resource languages.

In this paper, we make the following contributions:

e Binder-zh 2.0: We introduce an updated version of the Chinese Binder-style
norms, featuring a larger number of native speakers’ ratings per word. Addition-
ally, we provide a detailed statistical analysis of the collected data.

e Monolingual and cross-lingual norm prediction: We conduct a comparative
evaluation of several monolingual and cross-lingual language models on the task
of norm prediction. This includes monolingual prediction in English and Chinese
and a zero-shot cross-lingual setting, where we train on one language and test on
the other one. Our results reveal that: (a) in both languages, norms can be reliably

@ Springer



B. Peng et al.

predicted by both word embedding projection — particularly with bidirectional
models such as BERT — and prompting with Large Language Models, where
GPT-4 achieving the highest accuracy in this latter case. (b) In the cross-lingual
setting, correlations with human ratings are significant, though they vary widely
across features; for example, visual features tend to be predicted with higher ac-
curacy, while spatial and temporal features present greater challenging.

Codes and norm data are available at https://anonymous.4open.science/r/norms_cor
relation-F185.

2 Related work

Since neural word embeddings replaced traditional DSMs in NLP, researchers have
debated about the *black box’ nature of these representations. On one hand, dense
vector models like Word2Vec (Mikolov et al., 2013) and GloVe (Pennington et al.,
2014) showed robust performance and were easier to train and integrate in down-
stream applications. On the other hand, their dimensions were not interpretable,
because they no longer correspond to specific word co-occurrence contexts, unlike
the sparse spaces of DSMs (Baroni et al., 2014).

A line of research attempted to ground vector representations in perceptual data,
usually using regression algorithms or neural networks to map them onto interpretable
features such as semantic (Fagarasan et al., 2015; Bulat et al., 2016; Li & Summers-
Stay, 2019), modality (Chersoni et al., 2020) and concreteness norms (Thompson &
Lupyan, 2018; Flor, 2024). Notably, two studies, Utsumi (2020) and Chersoni et al.
(2021), specifically used the Binder norms as the feature set for the projection; the
latter study was the first to employ contextualized vector representations from lan-
guage models in this task (i.e., vectors extracted from ELMo and BERT), showing
that they perform comparably or better than the best static embedding models.

It should be noticed that the primary goal of this research trend has always been
assessing the interpretability of the embeddings, although the mapping process itself
has interesting applications, as it has automatically predicted norms for words unseen
in the training data as a byproduct. In light of this, when the dominant paradigm in
NLP shifted towards Large Language Models (LLMs) (Brown et al., 2020; Achiam
et al., 2023; Touvron et al., 2023) that could be queried via natural language instruc-
tions (the so-called prompts), researchers started to explore the possibility of eliciting
semantic norms with the new technology.

Xu et al. (2023) used the words of the Glasgow (Scott et al., 2019) and of the Lan-
caster norms (Lynott et al., 2020) to prompt ChatGPT 3.5 and 4 and verify to what
extent LLMs can predict the original human ratings. They found that LLM predic-
tions are well-aligned with humans in non-sensorimotor, and abstract domains, but
they struggle with sensorimotor concepts; however, GPT-4 achieved better results
than the previous model in some of the vision-related areas, probably due to its addi-
tional training with images.

On a similar topic, Trott (2024) investigated whether GPT-4 can predict human rat-
ings for a large variety of psycholinguistic datasets, including sensorimotor norms for
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words in context (Trott & Bergen, 2022) (previous studies rather focused on words in
isolation). The answers of GPT-4 were found to be positively correlated with human
judgements, and the correlation scores often exceeded their average inter-annotator
agreement. However, the author also observed that GPT-4 is better at predicting the
properties of abstract rather than concrete words: the correlations with ratings for
sensory domains were significant, but noticeably lower. This study raised the issue of
data leakage, that is, the risk that the LLM might have seen the gold standard scores
during pretraining. As a possible solution, the author suggested to evaluate LLMs on
datasets published after the cutoff date for the collection of the training data of the
LLMs.

Most recently, Martinez et al. (2024a) used ChatGPT-40 to predict ratings of con-
creteness, valence, arousal and dominance norms for a large set of words and multi-
word expressions. The results showed high correlation values with humans, although
no semantic norms were included in the testing materials. A later extension of this
study for the same variables (Martinez et al., 2024b) reported that the results general-
ize to Spanish, paving the way for the LLM-based acquisition of norms in languages
other than English.

Compared to previous studies, our work focused on predicting semantic norms in
an English-Chinese bilingual setting?. Given the availability of parallel datasets in
both languages, we adopted the cognitively-motivated features proposed by Binder
et al. (2016). Our primary goal is to investigate whether semantic norms in one lan-
guage can be used to predict norms in another language in a full zero-shot setting.

We want to stress again the fact that, if the mapping between different languages
such as English and Chinese works well, the result would be very meaningful for
the acquisition of norms in low-resource languages. Works on the ’curse of multilin-
guality’ (Conneau et al., 2020; Chang et al., 2023) showed that linguistic similarity
between languages in the training data of multilingual models is a primary factor
affecting language modeling performance, and thus the results of mapping between
more similar languages would be likely to yield even better results.

3 The dataset: binder-zh 2.0

The work of Binder et al. (2016) aimed to develop a feature-based representation
that captures experiential aspects central to concept acquisition. They proposed a
framework that organizes human experience into 65 cognitively motivated features
(e.g., Dark, Shape, Social), grouped into 14 domains (e.g., Vision, Somatic, Audi-
tion). Each domain corresponds to a set of features specialized for neural processors
which have been identified in the neuroscience literature.

The Binder-zh 2.0 norms dataset comprises 535 Chinese words translated from the
original English words, including 242 words from the Knowledge Representation in

2 There have been previous studies aiming at predicting psycholinguistic variables in a crosslingual fash-
ion, but they were limited to simpler types of norms, with a much more limited number of target variables,
e.g. concreteness (Thompson & Lupyan, 2018) and sensory norms (Chersoni et al., 2020). To our knowl-
edge, our study is the first one focusing on semantic norms.
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Neural Systems project (Glasgow et al., 2016) (141 nouns, 62 verbs, and 39 adjec-
tives) and 293 additional abstract nouns. Unlike the published English Binder norms
dataset,® which includes 65 features per word, our Binder-zh 2.0 dataset, following an
earlier version of annotation released in (Binder et al., 2016) containing 68 features
per word. This is a result from splitting the feature Temperature into Hot and Cold,
Texture into Smooth and Rough, and Weight into Light and Heavy. In addition to the
feature set, the original English survey queries were adopted and translated into sim-
plified Mandarin for human annotation. This translation process has been established
by Qiu et al. (Qiu et al., 2023), and we developed the current data set following the
same design and further expanding the dataset to ensure each entry was rated by at
least 30 native speakers. The specific adaptation details are outlined below.

3.1 Stimuli

The translation was conducted by two native Mandarin speakers, both Master’s stu-
dents in linguistics. For both features and target words, the most common and core
sense of each English term was translated. While some words had multiple colloquial
senses, more specific translations were chosen to match the frequency of their poly-
semous English counterparts. For example, football can be translated as either &£k
(soccer) or £ Bk (American football). To disambiguate, 3¢ 3 /& Bk was selected
for football, and fCEK for soccer. Additionally, since the concept of "adjective" can
be less clear in Chinese, an optional adjectival suffix -] (-de) was added to disam-
biguate cases where English past participles could function as either adjectives or
verbs. This is a necessary step also to ensure good prediction quality in our compu-
tational modeling experiments, as multilingual models have been shown to struggle
with the representation of ambiguous words (Riviére et al., 2024).

The final survey and target words were manually reviewed by one of the authors,
a native Mandarin speaker. All 535 words have their part of speech (POS) matched
with their English counter parts, with corresponding survey questions addressing
the 68 cognitively motivated features. One culturally specific adaptation was made
for the target word banjo, which was replaced with the culturally relevant Chinese
instrument —.#H (erhu), while the remaining words were consistent with their Eng-
lish counterparts.

3.2 Data collection

Following the Binder norms, we employed a continuous rating design to measure
feature relevance for each word, using the same 0-6 Likert scale as in the origi-
nal study. A score of 6 indicated high relevance of a feature to a target word, while
0 indicated irrelevance. Data were collected via the crowdsourcing platform [r] %5
S (Wenjuanxing),* widely used in China. To mitigate potential subjectivity arising
from personal experiences and backgrounds, a larger sample size was prioritized. In
total, 16,342 rating sessions were collected, with each of the 535 target words receiv-

3 https://www.neuro.mew.edu/index.php/resources/brain-based-semantic-representations/

4 https://www.wjx.cn/
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ing 30-35 sets of ratings per 68 features. Participants’ demographics and language
backgrounds were verified before they took the survey, and each participant was
compensated with RMB ¥20 upon successful completion (conditional on passing the
standard attention checks).

3.3 Inter-annotator agreement analysis

We evaluated the reliability of our collected ratings through multiple complementary
measures. The attribute-based Fleiss’ kappa yielded an average of 0.097, indicating
slight agreement when considering each feature independently, while the word-ori-
ented ICC showed an average of 0.211, suggesting fair consistency in absolute rat-
ings. Profile-based agreement revealed more substantial consensus: while correlation
averaged 0.192, cosine similarity provided a robust 0.548, indicating that annotators
showed moderate agreement on the relative importance of features even when their
absolute ratings differed.

Notably, concrete concepts with well-defined perceptual characteristics dem-
onstrated significantly higher agreement across all metrics. For instance, "#%JI\"
(cucumber) achieved a profile correlation of 0.365 and cosine similarity of 0.631,
while abstract concepts like "3 @" (theme) showed much lower agreement (cor-
relation: 0.036, cosine: 0.283). This pattern supports previous psycholinguistic find-
ings that concrete concepts elicit more consistent feature representations across
individuals than abstract concepts, which typically show greater variability McRae
et al. (2005); Katja Wiemer-Hastings and Xu (2005). The higher cosine similarities
relative to correlations across our dataset suggest that annotators generally agree on
which features are relevant, even when they differ in their judgment of absolute fea-
ture strengths.

3.4 Cross-lingual feature section and correlation reports

In this study, one of our objectives is to assess the predictive capabilities of language
models in a cross-lingual setting. Therefore, we focus only on the 59 common fea-
tures shared by both the English and Chinese datasets for our experiments, excluding
those features that lack ratings for verbs and adjectives in the English Binder norms
dataset; these features are Temperature, Hot, Cold, Texture, Smooth, Rough, Weight,
Light, Heavy, Complexity, Practice, and Caused.

The meanings of the 59 features and their corresponding domains are listed in
Table 1. Analysis of the annotated ratings in English and Chinese yield an average
Spearman correlation coefficient (p) of 0.596 and a Pearson correlation coefficient (r)
0f 0.596 across all common features, indicating a moderately high level of agreement.

The domain-level and feature-level Spearman correlation scores are shown in
Fig. 1. Notably, high cross-lingual agreement (p >0.75) was observed for visual
related features such as Shape, Color, and Pattern, and features like Social and Pleas-
ant. However, lower agreement was found for features, such as Away and Surprised,
where p values were close to 0. Overall, visual features exhibited relatively high
cross-linguistic correlations, as did features in the domains of Causal, Social, Cogni-
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Table 1 List of domains and

meaning components (features)

in Binder et al. (2016)

Olfaction

Causyy

0.0

Cognitio,,

0.2

Domain Meaning components (features)
Vision VISION, BRIGHT, DARK, COLOUR, PATTERN, LARGE,
SMALL, MOTION, BIOMOTION, FAST, SLOW, SHAPE,
CompLEXITY, FACE, BoDpY
Somatic ToucH, Hot, CoLb, SMOOTH, ROUGH, LIGHT,
HEAvy, PAIN
Audition AupiTioN, Loup, Low, HIGH, SOUND,
Music, SPEECH
Gustation TASTE
Olfaction SMELL
Motor HeaD,UpPPER LiMB, LOWER LIMB, PRACTICE
Spatial LANDMARK, PATH, SCENE, NEAR, TOWARD, AWAY,
NUMBER
Temporal TiME, DURATION, LONG, SHORT
Causal CAUSED, CONSEQUENTIAL
Social SociAL, HuMAN, COMMUNICATION, SELF
Cognition COGNITION
Emotion BENEFIT, HARM, PLEASANT, UNPLEASANT,HAPPY,
SAD, ANGRY, DISGUSTED,
FEARFUL, SURPRISED
Drive DrIvE, NEEDS
Attention ATTENTION, AROUSAL
5530 ¢
& SREFLEs
& 98 & &
o IOIRY
&
y ) ©
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AR o
oo
0.8 o
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0.4 025 Bright
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(a) Domain level

&
S
QQ/
S
$
s
§
(&

Cognition

(b) Feature level

Fig. 1 Spearman correlation coefficient (p) between English and Chinese human-annotated feature

ratings
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tion, and Emotion. In contrast, the lowest correlation values were observed for spatio-
temporal features.

4 Methodology

In the following, we present two experiments, the first uses embedding-based regres-
sion, and the second uses prompting with large language models.

Our first approach to cross-lingual norm prediction consists of using word embed-
dings for both Chinese and English words from shared pretrained language models
(PLMs). To account for contextual variability, we apply position-wise mean pooling
to a set of contextual representations for each target word, generating its embedding.
Formally, for a target word w;, the word embedding e (w;) is calculated as:

1 N
e(w;) = N;% (w;) 1)

where e; (w;) denotes the contextual representation of the word w; in sentence
S; € {51, 52, ..., Sn }. These contextual embeddings are extracted from the last hid-
den states of the PLM, indexed by the word’s position. If a target word is tokenized
into multiple subword tokens, its embedding is derived by averaging the hidden
states of those tokens.

The generated word embeddings serve as input features for predicting norms rat-
ings. We first train a regressor on either English or Chinese data, using the word
embeddings as input variables and the human-annotated ratings as target responses.
To evaluate cross-lingual performance in a zero-shot setting, we then use the embed-
dings from the other language (Chinese or English) as input to the regressor trained
on the first language.

Prior research has shown that pretraining multilingual language models enhances
performance across a variety of cross-lingual transfer tasks Conneau and Lample
(2019); Conneau et al. (2020). This experiment aims to determine whether such mod-
els also exhibit strong cross-lingual validity for predicting cognitive neural features.

In our second experiment, we explore prompting LLMs to annotate ratings for tar-
get words. We conduct prompting experiments using three LLMs: GPT-40 (Achiam
etal., 2023), Llama3.1-8B-Instruct Grattafiori et al. (2024), and Qwen2.5-7B-Instruc-
tHui et al. (2024). Since the original Llama3.1-8B model does not support Chinese,
we use Llama3.1-8B-Chinese-Chat,> a version fine-tuned specifically for Chinese.
Both Llama3.1-8B and Qwen2.5-7B are loaded in brain floating point (bfloat16) for-
mat and run locally, while GPT-4o is accessed via its online interface on August 6th,
2024. Further details on the prompt design are provided in Section 5.3.

Shttps:/huggingface.co/shenzhi-wang/Llama3.1-8B-Chinese-Chat
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5 Implementation details
5.1 Word embedding acquisition

Word embeddings are obtained by applying average pooling to a set of last hidden
state tensors encoded by pretrained language models (PLMs) using various input sen-
tences containing the target word. Concretely, we retrieve up to 1 million sentences
for each Chinese and English word from the May 2024 dumps of Wikipedia in the
respective language and then randomly select up to 500 sentences containing the
target word. During processing, we observe that sometimes the number of sentences
for a target word is lower than 500: most English words can be paired with 500 sen-
tences, with only a few exceptions (e.g. the word "Joviality" has the lowest sentence
frequency of 10); on the other hand, the frequency distribution for Chinese words is
more variable, with more than half of the words occurring in a number of sentences
between 250 to 500, and the remainder occurring in less than 250 sentences. The
minimal sentence frequency is 2, observed for the words “— ff£k-dime", “fi i 2K 4>
HJ-dusty”, “& fil-hairbrush", “4 J5 3%-matinee", and “43 % 75 -screech." However, it
is worth noting that previous research has shown that out-of-context contextualized
embeddings can be effectively constructed using a relatively small number of token
embeddings (ranging from 10 to 100), as performance improvements from sampling
a higher number of contexts are negligible Vuli¢ et al. (2020); Lenci et al. (2022). The
distribution of the number of sentences is shown in Fig. 2.

For a comprehensive assessment, we conducted experiments on contextual word
embeddings extracted from both masked language models (MLMs) and causal lan-
guage models (CLMs). We selected embedding models from the BERT Devlin et al.
(2019) and GPT-2 Radford et al. (2019) series, as these are foundational and repre-
sentative of their respective model architectures. To ensure comparability, we used
models with similar backbones and parameter sizes whenever feasible. Table 2 lists
model names, references and HuggingFace IDs® for the models used in our experi-
ments. Multilingual models were employed to extract word embeddings for both
Chinese and English, while monolingual models were used to obtain embeddings

Fig.2 The frequency distribution of 500
selected English and Chinese sentences

400

)
S
3

Frequency

N
=3
3

100

0 ——

English Chinese

®https://huggingface.co/models
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Table 2 PLMs used in the

: Type Name 1D

experiments CLM mGPT(Tan etal.,2022) THUMT/mGPT
GPT2;y (Radford etal.,  openai-community/
2019) gpt2
GPT2,y (Zhao et al., uer/gpt2-chinese-
2019) cluecorpussmall

MLM mBERT(Devlin et al., google-bert/bert-base-

2019) multilingual-cased

BERT), (Devlin et al.,
2019)
BERT ,(Devlin et al.,
2019)

google-bert/
bert-base-cased
google-bert/
bert-base-chinese

exclusively for either Chinese or English. Additionally, we included randomly initial-
ized word embeddings as reference baselines, with their dimension set to 768 (same
as BERT).

Additionally, we train fastText Bojanowski et al. (2017) embeddings using the
Skip-gram architecture on the same Wikipedia corpora. For Chinese text, we pre-
process the raw sentences by first segmenting words using Jieba.” For English text,
we use standard tokenization (splitting on whitespace and punctuation). The Skip-
gram model is trained with a dimensionality of 300, a context window size of 5,
and 5 negative sampling iterations. For Chinese, subword units are extracted using
character n-grams (range: 3—6) to handle out-of-vocabulary terms and morphological
variations, while English embeddings rely on word-level n-grams.

To enable cross-lingual analysis, we align the monolingual Chinese and English
fastText embeddings into a shared vector space using the MUSE Lample et al. (2017)
framework. We use the publicly available Chinese-English dictionary from MUSE
for this process, ensuring compatibility with standard cross-lingual benchmarks. The
resulting model henceforth will be referred to as xfastText (cross-lingual fastText).

5.2 Regression setting

The extracted embeddings served as independent variables of a Ridge regression
algorithm, which was chosen for its capability of handling high collinearity between
predictors (we expect this to be the case with word embedding dimensions) Hoerl and
Kennard (2000). Using the embeddings as our set of independent variables, we pre-
dict the 59 Binder features as dependent variables in a multivariate regression setting.

We evaluated the multilingual embedding models in a cross-lingual scenario,
where the regressor was trained solely on English or Chinese data and then tested
on the other language. Concurrently, both multilingual and monolingual embedding
models were assessed in a monolingual setting, where the regressor was trained and
tested within the same language using 5-fold cross-validation.

We recorded the average values for mean squared error (MSE) and Spearman’s
correlation coefficient (p) respectively across all the features and across all the words,
and we presented the results in Table 4.

"https://github.com/fxsjy/jieba
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5.3 Prompt design

Figure 3 illustrates the templates for English and Chinese prompts. Drawing on the
survey design from the original study (Binder et al., 2016), the prompts are structured
to assess the relevance of target words to conceptual features, as evaluated by LLMs.
The verbal relation connects the target word to the item-specific query. Table 3 pro-
vides examples of these queries and their Chinese translations for different grammati-
cal classes and features. Additionally, each prompt includes a pair of high-value and
medium-value examples, along with their corresponding explanations. A high-value
example represents a concept that would receive a high rating, while a medium one
corresponds to a concept with a moderate rating. The English examples are available
in the research materials® provided by Binder et al. (2016). The Chinese examples
and explanations were translated from the English versions.

6 Results and discussion
6.1 Norm prediction with embedding models

Overall performance. As shown in Table 4, the correlation scores for random
baseline embeddings indicate that even randomly initialized word embeddings can
exhibit weak correlations with Binder feature vectors at the word level. However,
these correlations are much lower and typically not significant when analyzed at the
feature level.

Among the embedding models, MLMs consistently outperform CLMs in norm
prediction tasks. BERT achieves the highest correlation scores and lowest MSE for
English norm prediction, while mBERT performs best for Chinese norms. Con-
versely, GPT-based models show weaker performance for both languages, likely due
to differences in attention mechanisms. Specifically, MLMs, with their bidirectional

English Chinese
(To what degree do you think of |*WORD*| 1 RN | *WORD*| | *RELATION* | |*QUERY*|E‘]\
| |*RELATION*| |*QUERY*|. For comparison, | | T2, 1A XTEL, | *HIGH EXAMPLE* | {R Rk |
| | *HIGH EXAMPLE* |would receive a high rating on | |]*HIGH EXPLANATION* |, *H tbkz T,
| this because | *HIGH EXPLANATION*|. In contrast, | | |*MEDIUM EXAMPLE* | T[4 355 P TS,
| | *MEDIUM EXAMPLE* | might receive a medium | | &5 | *MEDIUM EXPLANATION*| , mu 0.0 (%!
| rating, because |*MEDIUM EXPLANATION*|. Rate | | £FR4%) 2 6.0 (EFEHEX) HRETES. RI
| the association level on a scale of 0.0 (not at all) to | |?m1§¥¥§(1ﬁl$ﬁﬂfj]1 iR
| 6.0 (very much). Provide only the numerical rating | |
| a@s your answer. | \ |

Fig. 3 English and Chinese prompt templates. The placeholders [*WORD#*|, |[*RELATION*|, and
[*QUERY *|were replaced with the target word, verbal relation, and general query stem, respec-
tively. Note: The relation and query are selected based on the POS of target word. The placehold-
ers [*HIGH EXAMPLE*|, [*MEDIUM EXAMPLE*|, |*HIGH EXPLANATION*|, and [*MEDIUM
EXPLANATION*|correspond to the examples of high or medium relevance of features and their as-
sociated explanations

8 https://www.neuro.mew.edu/index. php/resources/brain-based-semantic-representations/
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Table 3 Examples of queries Feature =~ POS |[*RELATION*| [*QUERY*| Chinese
and their corresponding Chinese Translation
translations Color noun Having Acharac- B FMEFIE
teristic Bl S
or defining  ff?
color?
verb Being Color or 5gitauk
Associated with change EAREAH R ?
in color?
adj  Describing A quality or FHIREEL
type HERA?
of color?
Lower noun Being Actions 5 fd H R Bk
Limb Associated with  using JETR
the legor  BHIEMK?
foot?
verb Being An action/  FFJiR sk

activity AT
using the MEBES) ?

leg or foot?
adj Being Actions of 5B ak VT
Related to the VEMFE?
leg or foot?
Fearful noun Being Someone/  FEILARIEF|E

something 1
causing ANBEH?

fear?
verb Being Feeling 53 FE 4 AH
Associated with  afraid? 5:?
adj  Being Feeling 5B F A
Related to afraid? 5:?

attention, can capture both prefix and suffix contexts, producing richer contextual
embeddings. In contrast, CLMs, which rely on left-to-right attention, are limited to
prefix information, resulting in less comprehensive semantic representations. This
discrepancy aligns with prior findings that contextual embeddings from CLMs tend
to underperform in semantic tasks (Springer et al., 2024; BehnamGhader et al.,
2024). The static embedding models put together a solid performance: they are gen-
erally worse than the best contextualized models (BERT or mBERT), but they are
much better than the baseline and on par or better than the other models; it is also
interesting to notice that the cross-lingual mapping from Chinese to English even
works slightly better with the static vectors.

In supervised monolingual settings, monolingual models (BERT, GPT, and fast-
Text) outperform their multilingual (mBERT and mGPT) and cross-lingual aligned
(xfastText) counterparts for English norm prediction. However, the trend reverses for
Chinese norms, where multilingual models (mBERT and mGPT) and cross-lingual
aligned embedding achieve slightly higher correlation scores and lower MSE than
their monolingual counterparts. This result suggests that multilingual pretraining (as
in mBERT), multilingual fine-tuning (as in mGPT), and cross-lingual alignment (as
in xfastText) may compromise performance on English while offering marginal ben-
efits for Chinese.
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Table 4 Overall results for

4 Feature Word
the regression task: For each MSE P MSE P
language and metric, the
best average score has been Randomgy, 2.168+0.923 —0.006+ 2.168+ 0322+
highlighted in bold. The scores 0.042 0.776 0212
for monolingual prediction fastTextyy 1.223+0.482 0.591 =+ 1.223 + 0.662 +
of English norms are shown 0.094 0.611 0.160
in the upper section, the ones xfastTextyy 1.132+£0.532 0.573+ 1.123 + 0.646 +
for monolingual prediction of 0.108 0.587 0.127
Chinese norms are in the middle  BERT,,, 1.048£0.358 0.622  1.047 % 0.691 =
section, while the cross-lingual 0.090 0.496 0.148
prediction scores are in the mBERT,, 136740489 0551+ 1367+  0.627+
lower section 0.105  0.655 0.169
GPT2,y, 1.164 £ 0.400 0.594 + 1.164 + 0.672 +
0.100 0.641 0.156
mGPT2,,, 2975+ 1.140 0431+ 2975+  0.532+
0.092 2.209 0.224
Random,, 0.733+0.257 —0.018+ 0.733+ 0417+
0.055 0.428 0.207
fastText,,, 0.713+0.191 0406+  0.713+ 0.591
0.104 0.331 0.186
xfastText 0.697+0.179 0410+  0.697 + 0.600 +
0.114 0.309 0.176
BERT,, 0.745+£0.167 0426+  0.745+ 0.608 +
0.123 0.354 0.173
mBERT,, 0.653+0.155 0434+  0.653 % 0.628 =
0.118 0.308 0.180
GPT2,, 0.856 +0.195 0.392 + 0.856 = 0.571+
0.102 0.486 0.199
mGPT2,, 0.792+0.190 0.396+  0.792 + 0.591
0.122 0.414 0.171
fastText ey 3.773+1.971 0369+ 3773+ 0.530+
0.109 0.970 0.291
mBERT ;ppy  3.773+£1.546 0354+  3.773+ 0.399 +
0.158 1.098 0.204
mGPTppy 6.145£4.660 0.190+  6.145+ 0.335+
0.131 2.111 0.176
fastTextgy,,y;  4.931+1.937 0340+ 4931+ 0.359+
0.154 2.419 0.165
mBERTy,,y  3.642+2.060 0358+  3.642+ 0.471 +
0.118 1.063 0.171
mGPT gy 7y 18.880 = 0.323 + 18.880+  0.244 %
16.236 0.148 4.837 0.189

Additionally, multilingual models demonstrate some cross-lingual generaliza-
tion. Both mBERT and mGPT achieve higher correlations than random embeddings
in zero-shot cross-lingual settings; mBERT shows greater consistency in capturing
language-independent conceptual features. However, mGPT struggles with cross-
lingual generalization, showing lower correlations and higher MSE likely reflecting
its English-centric pretraining and subsequent adaptation to other languages Tan et

al. (2022).
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Domain-level Performance. The radar plots in Fig. 4 illustrate the average Spear-
man’s correlation coefficients between predicted and human-annotated values for
MLMs (subplots 4a and 4b) and CLMs (subplots 4c and 4d) across 14 feature domains
in both supervised and zero-shot unsupervised cross-lingual prediction settings.

In supervised settings, monolingual models generally outperform their multilin-
gual counterparts in terms of consistency and higher correlation scores for English
norm predictions. For example, BERT and GPT2 perform better than mBERT and
mGPT, reflecting the advantage of language-specific pre-training. However, when
predicting Chinese norms, multilingual models show competitive or even superior
performance in certain domains. For instance, mBERT outperforms BERT in vision-
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Fig. 4 The average Spearman correlation coefficient (p) and standard deviation for each attribute pre-
dicted by MLMs and CLMs in both mono- and cross-lingual norm prediction. The solid lines represent
values for cross-lingual prediction, while the dashed lines with light colors represent values for mono-
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related features, while mGPT surpasses GPT2 in emotion-related features. This sug-
gests that multilingual training provides additional benefits in capturing brain-based
semantic features for Chinese. Both MLMs and CLMs show relatively consistent
trends for features such as “Vision" and “Cognition", but performance varies for a lot
across other features (e.g., the Causal ones).

In the unsupervised cross-lingual setting, performance fluctuates significantly
across domains. For instance, when using Chinese embeddings to predict English
norms, correlation scores exhibit considerable fluctuations in the “Spatial" and
“Social" domains for both mBERT and mGPT, with mBERT’s standard deviation
reaching zero in the "Spatial" domain. Similarly, when using English embeddings to
predict Chinese norms, fluctuations appear in the “Spatial" domain for both models.
Emotion-related domains also exhibit large standard deviations, indicating unstable
performance on certain emotion features. Furthermore, “Olfaction" and “Motor"
domains consistently show lower correlation scores, suggesting that these features
are heavily influenced by language-specific contexts. In contrast, “Vision", “Cogni-
tion", and “Attention" domains yield higher and more consistent scores, reflecting
their more universal conceptual nature. These findings highlight the challenges of
cross-lingual alignment for complex or culturally specific features and underscore
the trade-off between multilingual generalization and language-specific optimization.

Figure 5 displays the mean number of common top-100 words with the highest p
scores between zero-shot cross-lingual predictions and supervised monolingual pre-
dictions for each domain, aggregated across the features related to that domain. A
higher number indicates greater agreement, with many common words among the top
ones for a given feature group.

When using Chinese embeddings to predict English norms (subplots 5a and 5b),
mBERT shows a greater number of common words across most domains com-
pared to mGPT, which aligns with the domain-level correlation scores in subplots
4a and 4c. Specifically, mBERT z y2g N achieves a high number of common words
in domains such as “Vision," “Somatic," “Gustation," and “Cognition" with both
BERTgNy and mBERTgy, indicating strong alignment between monolingual
supervised predictions and cross-lingual zero-shot predictions in these domains. In
contrast, nGPT zgopn and mGPT g show the highest number of common words
in the "Gustation" domain, while the number of common words remains below 40 in
most other domains.

When using English embeddings to predict Chinese norms (subplots 5S¢ and 5d),
the number of common words between mBERT gn2zg and BERT 7y, as well as
mBERT g nozy and mBERT 2 g, is generally similar, with mBERT g2z g slightly
outperforming BERT z i in domains like "Emotion" (47.0 vs. 42.0). Similarly, in sub-
plot 5d mGPTEgN2z1), GPT2zy (monolingual supervised) and mGPT z g (mul-
tilingual supervised) exhibit comparable performance, with mGPT 2y achieving
higher numbers in domains like “Emotion" (47.0 vs. 38.0). The highest numbers are
observed in “Vision" (53.0 for BERT 7y and 52.0 for GPT2zy) and “Audition”
(52.0 for both), indicating strong alignment between cross-lingual zero-shot predic-
tions and supervised predictions in these domains. This suggests that multilingual
supervised predictions align well with cross-lingual zero-shot predictions for Chi-
nese, particularly in domains like “Vision" and “Audition."

@ Springer



Multilingual prediction of semantic norms with language models: a...

60.0
BERTey - 44.8 m 37.3 42.0 42.0 40.7 30.0 38.2 39.0 36.2 40.6 30.5 335 [
mMBERTegy - 46.9 46.0 38.0 45.0 40.0 35.0 29.4 38.8 40.0 35.8 40.0 33.5 35.0
| i i ' i i i ' i i g i i i I— 10.0
N Y o o o £ e > > .2 N o o
§ \é)\o é\,;,o 6\(\0 ‘@;oo K é\o V\Q&O ny’b s o(b (})\)‘;b o)oo’b (\\'éo o«oo & ?’é\o
o © 0& & ) '@é‘ (JOQ & &
(a) mBERT z 2N
r 60.0
GPT2gy - 32.1 26.0 349 39.0 36.0 27.7 26.1 31.0 29.2 27.0 29.4 285
mGPTgy - 30.9  23.5 33.0 46.0 31.0 25.7 27.3 28.0 30.8 24.0 25.8 29.0
i [ i i i i i i 1 i i [ i i I— 10.0
& N . & NG > > 2 & & @ &
O S U R S S S SR A I I Sy
KR SR P O S I IS R® S O
o SR N R & < “ & & ‘?‘&
(b) mGPTZH2EN
r 60.0
BERTz4 - 40.1 44.0 42.7 36.7 34.4 38.8 42.0 37.0 m 45.1 37.5 325
mBERTz4 - 41.0 43.0 42.0 38.3 36.0 43.0 47.0 40.2 46.0 31.0 31.0
| | 1 | 0 ' [ ' i | i " ' ' L 10.0
, > > > >
A‘("\OQ @7"& 6\600 500“ &oo Q\&é 'o"\'b Qo@ 'a"éb o(-'\’o ‘{000 0(\00 0{ @ (\(\oo
Q
& & F & T TS &
(c) mBERTgN2zH
r 60.0
GPT2z4 - 36.5 46.5 40.6 43.0 28.3 29.4 285 38.0 34.8 46.0 37.6 255 30.0
mGPTzy - 37.9 46.0 42.0 m 27.7 31.0 335 47.0 36.2 46.0 42.6 285 385
| | | 0 i ' ' ' ' ' ' ' ' ' l— 10.0
N SIS N S R S TP M
\\\eo (o,?p 6\00 4?0 ’bé}o @5‘ Q,z;o Qoﬁ Cboe ‘900 Q\,QO 000 Q‘\\\ Q}\oo
o > 0\;, & ) &z@ coq & &

(d) mGPTEN2ZH

Fig. 5 Mean number of top-100 common words for each domain, averaged across semantic features
within the domain, comparing multilingual models’ zero-shot cross-lingual predictions with mono-/
multilingual models’ fully supervised predictions. Words are ranked by their Spearman correlation
scores between model predictions and human ratings

Overall, the results indicate that sensory domains like “Vision" and “Audition"
exhibit strong cross-lingual alignment; other domains (e.g., “Emotion") showing
variability seem to be more language-specific.

Feature-level performance. Subplots 6a and 6b present radar plots of the average
p scores between predicted and human-annotated values for MLMs across individual
features in English and Chinese, respectively. Similarly, Subplots 6¢ and 6d display
the corresponding correlation scores for CLMs.

In supervised monolingual settings, correlation scores for MLMs and CLMs
exhibit less fluctuation when predicting English norms compared to Chinese norms.
For English norms, mBERT and mGPT consistently achieve lower correlations than
their monolingual counterparts (BERT and GPT), albeit following similar trends. For
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Fig. 6 The Spearman correlation coefficient (p) for each feature predicted by mBERT and mGPT in
both mono- and cross-lingual norm prediction. The solid lines represent values for cross-lingual pre-
diction, while the dashed lines with light colors represent values for monolingual prediction

Chinese norms, however, the advantages of monolingual models are inconsistent. For
instance, mBERT surpasses BERT in vision-related features (e.g., “Body", “Face",
and “Shape"), while mGPT achieves higher scores than GPT in emotion-related fea-
tures (e.g., “Fearful", “Sad", and “Happy"). These results suggest that multilingual
training may enhance the ability to model semantic features for Chinese.

In the zero-shot cross-lingual prediction of norms using multilingual models, the
correlation scores vary significantly across features. When using Chinese embed-
dings to predict English norms, mBERT’s correlation scores range from —0.121 for
the feature “Away" to 0.598 for “Biomotion", while mGPT’s scores range from —
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0.108 for “Supervised" to 0.450 for “Human". Similarly, when using English embed-
dings to predict Chinese norms, mBERT’s correlation scores range from 0.023 for the
feature “Surprised" to 0.536 for “Shape", while mGPT’s scores range from —0.090
for “Supervised" to 0.567 for “Consequential".

Notably, for the “Away" and “Surprised" features, both mBERT and mGPT
achieve low correlation scores regardless of whether English embeddings are used
to predict Chinese norms or vice versa. This finding aligns with the correlation coef-
ficients between English and Chinese human-annotated ratings shown in Fig. 1.

Figure 7 illustrates the performance of cross-lingual norm prediction under a
zero-shot setting, focusing on the “Away" and “Surprised" features across different
parts of speech (nouns, verbs, and adjectives). Subplots 7a —7d present Spearman’s p
scores, while subplots 7¢ —7h show mean squared error (MSE).

Both mBERT and mGPT demonstrate poor predictive performance on the “Away"
and “Surprised" features, regardless of the transfer direction (predicting Chinese
norms using English embeddings or vice versa). The correlation scores for these
features are particularly low, with noticeable inconsistencies across parts of speech.
For instance, mBERT 7 yopn achieves slightly higher correlations for nouns in the
“Away" feature compared to verbs and adjectives, yet the overall scores remain weak.
Similarly, nGPTgn2zg struggles across all parts of speech, reflecting significant
challenges in transferring these specific features across languages.

The MSE results in subplots 7¢ —7h further emphasize the poor predictive perfor-
mance on these features. Both models display elevated MSE values across all parts
of speech, with particularly high values for mGPT when predicting Chinese norms
using English embeddings. This indicates substantial difficulty in modeling these fea-
tures effectively in a cross-lingual context.

Notably, these two features exhibited the lowest correlation scores when compar-
ing English and Chinese human ratings (see Fig. 1). The low agreement in human
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Fig. 7 Spearman correlation scores (subplots (a—d)) and MSE (subplots (e-h)) for the "Away" and
"Surprised" features across parts of speech in cross-lingual norm prediction under a zero-shot setting
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data for “Away" and “Surprised" suggests inherent cross-linguistic differences, likely
influenced by cultural divergence. This divergence is reflected in the contextual rep-
resentations learned by the language models, further complicating cross-lingual norm
prediction for these dimensions.

More broadly, the highest and lowest correlations achieved by multilingual mod-
els resemble those observed in human ratings across languages. Visual features such
as Color, Shape and Pattern tend to have moderate-to-high scores, while spatial and
temporal features often have coefficients close to zero. The fact that spatio-tempo-
ral semantic features may differ a lot between languages is frequently discussed in
studies on linguistic relativity (Boroditsky, 2001; Casasanto & Boroditsky, 2008;
Filipovi¢ & Jaszczolt, 2012), which stress the different types of conceptualization
of time and space existing in different cultures. For example, a study by Boroditsky
(2011) reported differences between English and Mandarin speakers in the prevail-
ing directionality of spatiotemporal metaphors (i.e., Mandarin is mainly using “time-
moving" metaphors, whereas English is mainly using “ego-moving" ones), and this
is coherent with our results, in which Away and Toward are among the features with
the lowest correlations across languages.

Figure 8 is showing the Spearman correlation scores by part of speech for the
MLMs (subplots 8a-8b) and CLMs (subplots 8c-8d) language models. In English,
we observe consistent results with previous studies (Chersoni et al., 2021): nouns
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Fig. 8 Average Spearman correlation scores split by model/training setting and by parts of speech
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;able 5 The average MSE and Feature Correlation Word Correlation
pearman’s p SCOTes across MSE MSE
features and words for LLMs S L S L
prompting Llama3.1;, 3.927+1.522 0376+ 3.927+1.367 0413+
0.143 0.151
Qwen2.5;, 2376+0916 0500+  2.376+0.889 0.553 +
0.147 0.150
GPT4EN 1.060 + 0.538  0.692 + 1.060 + 0.528 0.752 +
0.093 0.099
Llama3.1,;, 3.683+2988 0.244+ 3.684+7.855 0339+
0.135 0.206
The top and bottom sections Qwen2.5,; 1.449+0.564 0.406 + 1.449 + 0.406 0.448 +
0.145 0.155
present the results of norm
prediction for LLMs using GPT4,, 2.135+£0.667 0473+  2.135+0.577 0.588 +
0.137 0.163

English and Chinese prompts

are generally better predicted by both types of models, closely followed by verbs,
whereas adjective norms are the most challenging ones to predict; in Chinese, nouns
are still the easiest part of speech but adjectives come as a close second, being slightly
better predicted than verbs (with the exception of the worse performing mGPT in the
cross-lingual setting). It should be noticed that the edge of the nouns above the other
parts-of-speech would be larger, if it was not for a relatively large number of outliers
in the left tail of the distribution.

6.2 LLMs prompting

Prompting LLMs to predict the ratings of Binder features also showed some interest-
ing results. First of all, it can be noticed that in English GPT-4 achieves similar results
to a fine-tuned BERT Base model (see Table 4 and 5), with slightly worse MSE
scores but higher correlation coefficients. The two open models are outperformed by
the bidirectional BERT models, but are competitive or better than the GPT models. In
Chinese, we can observe that Qwen2.5 is the best model in terms of MSE, while the
correlations of GPT-4 are better both at the feature and at the word level. Compared
to embedding-based models, both trail behind a Multilingual BERT fine-tuned on
Chinese data for the MSE metrics, but they are more competitive with the correlation
ones, especially GPT-4, which actually achieves a better correlation than mBERT at
the feature level.

The solid performance of GPT-40 on Chinese is interesting, and to our knowledge
this is the first time that this model is tested on a norm prediction task for a language
other than English. Notice also that the task involves a much higher number of fea-
tures/dimensions than in Xu et al. (2023), where the model was tested on English sen-
sorimotor norms (18 semantic dimensions in total, against 59 features in our study)
(Glasgow et al., 2016; Lynott et al., 2020). We want to stress that the first version of
the Chinese dataset by Qiu and colleagues (Qiu et al., 2023) was published only in
late summer 2023, after the cutoff training point for GPT-4o, so it is very unlikely that
the results for GPT-40 have been affected by any sort of data contamination. Given
the recent results obtained by Martinez et al. (2024b) on Spanish, it is possible that
by further refining the prompts and by including a few more examples with GPT-40

@ Springer



B. Peng et al.

could lead to even higher performances. Looking at the open models, it is also notice-
able that, without any supervised training and with just a pair of examples, a smaller
architecture such as Qwen2.5-7B surpasses mGPT across all metrics for English and
achieves a higher average p score for Chinese.

In our view, it is important that research on the actual capabilities of LLMs sys-
tematically evaluates both state-of-the-art closed models and open models. Consider-
ing the lack of transparency regarding the architecture behind GPT-4o, it would be
overly optimistic to generalize findings from specific closed-source models to LLMs
as a whole. There is a crucial distinction between "what GPT-4 can do" and "what
LLMs can do", and the remarkable performance gap between GPT-40 and the other
LLMs at this stage should work as a strong reminder of this point. Moreover, there
is no guarantee that closed models will remain static — they may be retrained in the
future, with drastic performance changes (Rogers, 2023). Finally, in the specific case
of Chinese, some closed models might not be officially available.

We believe that these considerations should encourage NLP researchers to work
to enhance performance of open LLMs, which could be achieved through proper
fine-tuning and more carefully designed instructions. In this sense, the recent devel-
opment and release of GPT-4-level open models such as DeepSeck-V3 (Liu et al.,
2024) is an extremely significant development. If prompting LLMs to predict norms
can outperform the extraction of contextual representations, the collection of norm-
ing data for less resourced languages could be made much easier and cheaper for
everyone. Therefore, we think research on this topic should focus more on improving
open source LLMs and less on closed ones, due to reproducibility and lack of trans-
parency concerns.

7 Conclusions

The analysis of lexical meanings in different languages requires a set of shared fea-
tures with cross-linguistic validity that can be used to describe word semantics. In our
work, the Binder features (Binder et al., 2016) served this role, given their cognitive
motivation, therefore we have collected a new dataset of human ratings for Chinese
words based on such features, and we make it available for future research. The data-
set was collected by closely following the methodology of the original Binder col-
lection, in order to have a comparable resource. A correlation analysis revealed that
agreement between speakers for the same word in the two languages varies across
features: visual, causal, social, cognition and emotion features tend to have a rela-
tively high level of agreement, while spatial and temporal features have the lowest
one.

After completing the norm collection, we conducted experiments to automatically
predict norms using two methodologies: (1) projection of contextualized embed-
dings in both monolingual and cross-lingual settings, and (2) prompting LLMs. Each
approach has its strengths and limitations. Embeddings projection generally provides
higher prediction accuracy and is, at the moment, particularly useful for low-resource
languages for which the most recent LLMs may not be available. On the other hand,
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LLM prompting simplifies the data collection process by eliminating the need for
model training, making it a promising tool for rapid norm acquisition.

For embeddings projection, we observed that monolingual models, such as BERT,
generally outperform multilingual models in supervised settings, especially for Eng-
lish. However, multilingual models demonstrate competitive performance in zero-
shot cross-lingual settings, particularly for a few specific features (e.g. “Vision",
“Audition"). This suggests that multilingual models offer valuable generalization
capabilities across languages, providing support to the hypothesis that the same con-
cepts in different languages share some similarities in their representation (De Varda
et al., 2025). We also found interesting that the lowest correlations are observed for
spatial and temporal features, on which also between human speakers of different
languages the agreement was low. Consistently with this finding, the linguistic con-
ceptualization of space and time in different culture is often a point of discussion in
studies of linguistic relativity (Boroditsky, 2011).

In the case of LLM prompting, we found that GPT-4 achieves performance compa-
rable to a fine-tuned BERT model for English and demonstrates strong performance
on Chinese, even though it had not been previously tested on a norm prediction task
for a non-English language. Open models, such as Qwen2.5-7B, also show promising
results, surpassing some of the supervised models in both English and Chinese, and
performing better than GPT-4 itself for the error-based metrics in Chinese.

In conclusion, our work demonstrates the feasibility of using both embeddings
projection and LLM prompting for semantic norm prediction, each with its own
strengths and limitations. The availability of our new Chinese dataset, along with
the insights gained from our experiments, provides a valuable resource for future
research in cross-linguistic semantic analysis. Future work could focus on refin-
ing these methodologies, particularly in improving the cross-lingual alignment of
embeddings and enhancing the domain-specific performance of LLMs.
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