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Abstract

Magnitude sound symbolism is a well-studied, cross-linguistic human cognitive bias. It is an
association of certain sounds with certain sizes, for example, an association of the vowel /ı/
with smallness. While it is well-studied in humans, emerging from acoustic, articulatory, and
evolutionary reasons, it is recently also becoming an area of growing academic interest within
computational models and artificial intelligence. Although sound symbolism is a multimodal
phenomenon, this paper investigates whether size sound-symbolic associations can persist
within textual data, without sound. The goal of this research is to understand the extent
to which Large Language Models (LLMs) encode human-like magnitude sound symbolism.
The experiment is based on a large-scale cross-linguistic human study. It uses 40 disyllabic
nonce words as stimuli for size judgments which are evaluated across three phonetic features
(vowel height, vowel backness, and obstruent voicing). The task is performed by three LLMs
(gpt-4o-mini, DeepSeek-V3.1, and Qwen3.5-9B). The words are presented in three different
input formats (word, IPA, and spaced IPA) and judged on various scales (1-4, 1-2, and 1-8).
Token log-probabilities are extracted from models’ answers to obtain a more detailed insight
into their decisions and capture the small nuances of sound-symbolic associations. The results
are analyzed using linear (mixed effects) models. The findings show that all three LLMs display
some sound-symbolic associations, however, each model to a different degree. Gpt-4o-mini
most accurately reflects human magnitude sound-symbolic biases, almost perfectly replicating
all human phonetic mappings. DeepSeek-V3.1 also reflects human biases accurately, however,
only partially. In contrast, the only significant effects exhibited by Qwen3.5-9B involve a
reversal of the human vowel height trend. Moreover, performance is highly sensitive to scale
and input format types. Most significant findings are found on a scale of 1 to 4 in the spaced
IPA format where despite the small visible vowel disparity, model judgments become precise
with narrow 95% confidence intervals. These findings suggest that human-like magnitude
sound-symbolic associations can be successfully extracted from textual data, given controlled
and well-curated conditions. These results contribute to the debate about the capabilities and
limitations of computational models in reflecting phenomena grounded in human cognition.
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1 Introduction

1.1 Introduction to sound symbolism

The arbitrariness of languages is the leading assumption in human cognition (De Saussure et al.,
1916; Hockett and Hockett, 1960). It claims that the relationship between words and their meanings
is random and based on social agreement and convention instead of inherent logic. There is nothing
about the word ”tree” that makes it more appropriate to describe a tree than any other word. This
argument is further strengthened by the fact that the same thing is denoted by different words in
different languages, despite representing the exact same object.

However, there are multiple exceptions to the argument of the arbitrariness of languages. For
example, iconicity is a concept that refers to a non-arbitrary link between a form of a written word,
a spoken sound, or a gesture and its meaning (Dingemanse et al., 2015). A common example of
iconicity in many languages is onomatopoeia; words such as ’bang’ in English describing a loud
noise, or ’boe’ in Dutch describing a noise made by a cow, or ’apsik’ in Polish describing sneezing.
All of these words sound like the things (usually animals and objects) they are describing, helping
to convey meaning and making them easier to understand. Onomatopoeia is an example of direct
iconicity, linking a word to the exact meaning. However, there is also sound symbolism, an example
of indirect iconicity, that allows to form associations between spoken sounds and meanings (Sidhu
and Pexman, 2018).

Sound symbolism is a phenomenon in which speech sounds of words (phonemes) are associated
with certain meanings. The associations mainly refer to more general, descriptive, perceptual
features of the objects, such as size or roundness. Some of the more well-known types of sound
symbolism include shape symbolism and magnitude symbolism. Shape symbolism, known as the
bouba-kiki effect (or maluma-takete, as introduced by Köhler (1929)) is an association between
phonetic features of words and the roundness/sharpness of the object being described. People tend
to associate nonce words such as bouba or maluma with rounder and smoother shapes, whereas
words such as kiki or takete are often matched with sharper shapes (Ramachandran and Hubbard,
2001), as shown in Figure 1.

Figure 1: The first shape is often associated with words such as bouba while the second shape is
more likely to be associated with words such as kiki. Images from Köhler (1929); Köhler (1947).

On the other hand, magnitude symbolism, also called size symbolism or mil-mal effect, is the
correlation between phonetic features of words and the size associated with what these words
describe, which was originally introduced by Sapir (1929). For example, words containing front-high

1



vowels such as i are more likely to be judged as smaller, while words containing back vowels such
as a or o are usually associated with bigger sizes. Additionally, there are other examples of sound
symbolism phenomena such as associations between vowel height and frontness and perceptual
features such as color and lightness studied for example by Cuskley et al. (2019). Despite focusing
on one language, Dutch, the study found strong evidence that these associations are shared across
the majority of individuals (around 70%), supporting the claim that some relationships between
sounds and perceptual features are non-arbitrary.

Larger studies show that sound symbolism seems to be rooted in languages all across the
world. Blasi et al. (2016) analyzed 100 words in 4,298 languages and found, among other non-
arbitrary mappings, a clear relation between smallness and the vowel i. This goes to show that
sound symbolism is not language-specific, but may rather be a systematic phenomenon in human
cognition. While arbitrariness in language is an important feature because it allows for an unlimited
number of words to be created, not constrained by the need of having a direct or indirect association
to its meaning, sound symbolism, and even more generally iconicity, makes the language more
graphic and direct (Lockwood and Dingemanse, 2015). Moreover, sound symbolism has been shown
to help with learning the vocabulary of a language, both in children and adults (Imai et al., 2008).

As shown, language is not completely arbitrary, but rather both arbitrariness and iconicity play
an important role. Research into the non-arbitrary parts of language, such as sound symbolism,
reveals interesting truths about human cognition. Sound symbolism is supported by multiple
empirical studies that demonstrate consistent cross-linguistic associations between phonetic features
and stimuli across various modalities.

1.2 Magnitude sound symbolism in text-only modality: from humans
to Large Language Models

While the exact reasons why humans display sound-symbolic associations are not known, it is clear
that this phenomenon is cross-modal and phonetically grounded. Magnitude sound symbolism
makes a connection between auditory and visual modalities, which are deeply embedded in human
experience. However, this raises the question of whether these biases can be displayed without
the auditory grounding and experience. This paper aims to provide insight into how well size
sound-symbolic associations survive a transition into a text-only medium. Testing this phenomenon
on Large Language Models (LLMs) allows for exploration of the strength with which these biases
are transferred into text. Since LLMs are purely dependent on statistical patterns within text
when processing language, their ability to display size sound-symbolic mappings could be used
as an argument that auditory experience is not necessary to adopt these human-like cognitive
biases. The findings of this paper will contribute to the ongoing debate about the extent to which
computational models can exhibit sound-symbolic effects as well as provide further arguments
regarding the origin of this phenomenon.

1.3 Research Question

Thereby the research question is:
To what extent do LLMs encode human-like sound-size symbolism?
Several subquestions will be used to facilitate the process of answering the main RQ, including:
RQ1: In which of the researched LLMs does the magnitude sound-symbolism show up?
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RQ2: Do LLMs show similar phonetic associations between words and their imagined size as
humans?
RQ3: What does this suggest about the origin of the size sound-symbolism effect?

1.4 Overview of methodological approach

To answer the RQs, this paper will evaluate three different LLMs (gpt-4o-mini, DeepSeek-V3.1,
and Qwen3.5-9B) on a task in which words need to be judged based on their perceived largeness.

The methodology of the experiment will be based on a cross-linguistic study on 103 human
participants by Shinohara and Kawahara (2010). The study investigated the magnitude sound
symbolism on speakers of Chinese, English, Japanese, and Korean. The participants were given
instructions: ”Imagine an exotic language that you don’t know. The language has a rich lexical
inventory of adjectives that express a variety of “largeness” or “smallness”. Now, a speaker of this
language looks inside a box and finds a jewel. She verbally expresses how large or small it looks
using one of these adjectives. Your task is to read each of the following words and guess its meaning
— i.e., how large or small it is.” and were asked to judge the size of 40 disyllabic nonce words
on a scale of 1 to 4. The study noted that in general, participants rated i as smaller than other
vowels, while a and o were typically rated as larger. Moreover, the study found significant results
that height, backness, and voicing all affect the size judgments. Among all languages, the most
common trends showed that back vowels are rated as larger than front vowels, voiced obstruents
are rated as larger than voiceless obstruents, and, for the most part, the lower the height of the
vowel, the larger the size rating. The study tried to find articulatory and acoustic explanations of
the phenomenon and noted that both are possible and could be the reason why certain phonetic
features are so consistently associated with size judgments.

The chosen LLMs will be prompted just like humans in the study by Shinohara and Kawahara
(2010) to see if they exhibit size sound-symbolic biases. The models will be asked to judge the size
of 40 nonce words on various scales and presented in different formats to see how these changing
conditions impact the robustness of size judgments. Token log-probabilities will be extracted from
models’ answers to get a more detailed view into models’ decisions and to capture the nuance of
sound symbolism effects.

The experiment will allow comparison of LLMs judgments to those of a large group of people
across different languages. In this way, the phonetic features that affect size judgments will be
compared in detail. Based on similarities and differences found in judgments, it will be inferred
whether human-like size sound-symbolic associations can emerge without any sound and whether
they can be expressed through biased textual data alone.

2 Background and Related Work

2.1 Sound symbolism in human studies

Sound symbolism has been extensively studied in humans, with shape sound symbolism receiving a
lot of academic attention. The bouba-kiki effect has been analyzed and observed by Ćwiek et al.
(2022) in 25 different languages representing 10 writing systems, providing strong evidence that
this effect is valid cross-culturally. Moreover, a study by Maurer et al. (2006) investigated the
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bouba-kiki effect in children and compared it to adults, reporting that no significant differences
were found between the decisions of the two age groups, noting that the effect is independent of age.
Both of these findings suggest that shape symbolism is naturally embedded in human cognition.

Interestingly, multiple studies have demonstrated that sound-symbolic associations are stored
implicitly in the brain and processed automatically. Preziosi and Coane (2017) investigated how
congruent and incongruent pairings of sound and perceived size impact memory and recall. The
findings showed that congruent pairs (previously matched by human participants) were easier to
remember, suggesting implicit encoding of size symbolic associations. In addition, Parise and Spence
(2012) investigated response times in matching takete-maluma and bouba-kiki auditory stimuli
with congruent and incongruent visual stimuli. The study found that the congruent pairs elicited
faster responses, suggesting that these cross-modal associations are processed non-consciously.

2.2 Magnitude sound symbolism in human studies

Besides the large scale study by Blasi et al. (2016) that found evidence of magnitude symbolism
across multiple languages, other studies have also researched the size symbolism phenomenon. All
of them found that humans tend to associate smaller objects with words that contain vowels such
as i and larger objects with words that contain vowels such as a (Berlin, 2006; Newman, 1933;
Sapir, 1929).

Moreover, interestingly, some studies reveal not only that some words are associated with big
objects and others with small objects, but that these size judgments can even be graded on a scale.
Thompson and Estes (2011) conducted an experiment in which participants were asked to pick
a name that describes an object of varying size from a list of made-up words. The researchers
discovered a linear relationship between the size of the object and the number of large-sounding
phonemes present in the word chosen by the participants. This goes on to show that the magnitude
of sound-symbolic judgments are not only systematic but also scalable.

Shinohara and Kawahara (2010) tried to give possible acoustic and articulatory explanations
as to why these mappings occur. Within articulatory explanations they pointed to how phonetic
features associated with larger sizes are connected to enlarged parts of human speech system. For
example, the lower the vowel, the wider the aperture when the vowel is pronounced. Moreover,
when spoken, both back vowels and voiced obstruents enlarge sub-oral cavity. On the other hand,
acoustic explanations rely on the frequency code hypothesis which ties the size of a resonator to
the resulting frequency. Lower frequencies are produced by larger resonators and vice versa. This
inverse relationship between judged size and frequency (specifically second resonance frequency
F2) may be an explanation as to why certain vowels are judged as smaller than others. Moreover,
pairing vowels with voiced obstrunets decreases their fundamental frequency (F0), which again
may cause larger size judgments. While both articulatory and acoustic reasons could explain the
emergence of magnitude sound symbolism, the exact origins of this phenomenon are not fully known.

Although it is clear that sound symbolism is a legitimate phenomenon among humans, knowing
more about its origins could provide insight into how humans understand and process language.
While interest in investigating sound symbolism, its role, and the reasons for its emergence is
growing (Nielsen and Dingemanse, 2021; Fischer et al., 2026), the exact cognitive explanations
of this phenomenon are not known, making it an interesting field to research. Finding a clear
explanation of sound symbolism could further specify how much of this phenomenon is embedded
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in human cognition, dependent on lived experiences, or rooted in language structure.

2.3 Possible cognitive explanations of sound symbolism

Although there is no definitive justification for sound symbolism, the review by Sidhu and Pexman
(2018) outlines five main mechanisms that could serve as explanations for the existence of this
phenomenon in humans. All of them are conceptualized as ”arising from associations between
specific phonetic features and particular perceptual and/or semantic features.”(Sidhu and Pexman,
2018, p. 1624) This already suggests that sound symbolism is not only embedded in human cognition,
but also extended through multi-modal experiences of the world. According to the review, the five
mechanisms of sound symbolism include statistical co-occurrence, shared properties, neural factors,
species-general associations, and language patterns.

Statistical co-occurrence represents a high probability of two associated stimuli appearing
together in the environment. It is said to explain, for example, the associations of high-pitched
sounds with small sizes and low-pitched sounds with large sizes (Gallace and Spence, 2006). This
is a common occurrence in the world, as larger objects/bodies tend to produce louder, and thus
lower, sounds (Spence, 2011).

Another potential mechanism, shared properties, presumes that some associations may be
formed because sound and the other corresponding stimulus have common properties, despite being
derived from different modalities. The properties may either be perceptual, such as the experience
of size, or more conceptual, derived from connotative meanings of stimuli. This explanation could
justify the sound symbolic associations between high-front vowels and coldness, given that coldness
and smallness share a similar connotation, and smallness is associated with high-front vowels
(French, 1977).

The third mechanism, neural factors, is based specifically on the way information is processed
in the brain. For instance, one theory (Walsh, 2003) suggests that the magnitude of the stimulus,
regardless of the modality, might be encoded similarly, leading to associations between, for example,
high volume and brightness (both represent high values on a magnitude scale) (Marks, 1987; Spence,
2011).

Species-general associations, the fourth suggested mechanism explaining sound symbolism,
claims that cross-modal associations are shared across species and have become embedded into
human nature as a result of evolution. An example of such a view is frequency code theory
introduced by Ohala (1995) suggesting that high-frequency sounds are associated with small objects,
while low-frequency sounds are associated with big objects. This has its applications in nature, for
example with animals using low-frequency noises to appear threatening. While this view is very
similar to the first mechanism, statistical co-occurrence, it is argued that these associations are
evolutionarily ingrained rather than learned through experience.

The last group of mechanisms, language patterns, suggests that sound-symbolic associations
arise from phonological and semantic features that tend to coexist in language structure. For
example, if some phonemes are commonly used in words that convey similar meanings, these
phonemes may become associated with these general semantic features. However, such a theory
can only explain certain examples of sound symbolism, making additional explanations necessary
to grasp the origins of the entire phenomenon.

As described above, the first two mechanisms seem to be explaining sound symbolism as emergent
from experience and interacting with the world. In contrast, the third and fourth mechanisms
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suggest that sound symbolism is embedded in human nature and cognition. Conversely, the
last mechanism claims that this phenomenon is rooted in language. It seems like none of the
mechanisms can fully explain where sound symbolism emerges from, but rather each one of them
matches a subset of sound-symbolic association examples to some intuitive explanation. This open
interpretation raises a question about prerequisites of forming sound-symbolic associations and
whether sound is a necessary component after all.

2.4 Sound symbolism without sound

There is a chance that sound-symbolic effects may arise without sound. After all, language has
been shaped by generations, with spoken and written forms closely intertwined. Therefore, it is
possible for the associations between certain sounds and stimuli of other modalities to be adopted
purely based on written language.

This hypothesis could potentially be tested on humans simply by conducting sound-symbolic
association experiments without auditory input, only providing the stimulus in written form.
However, this approach has serious limitations. People could still read the words ’in their head’,
leading to an internally generated experience of sound (Leinenger, 2014). While this could still be
useful in determining whether the sound needs to be actually heard or if it is enough for it to just
be imagined, it does not provide insight into whether these associations can emerge when auditory
processing is completely lacking.

Investigating sound symbolism with, for example, Large Language Models (LLMs) and Vision
Language Models (VLMs) can provide useful insight into this problem. If these computational
models turn out to show sound-symbolic associations, it would potentially mean that they have
learned them from statistical structures embedded in the written language and data in the training
corpus.

2.5 Sound symbolism in computational models

Perhaps one of the most recent and extensive research on sound symbolism with computational
models is that by Jeong et al. (2026). The study used Multimodal Large Language Models
(MLLMs) and investigated sound-symbolic associations across 19 different dimensions, including
shape, size, speed, strength, weight, and many more. The choice of multimodal models allowed
for the examination of the importance of sound, providing useful analysis into the nature of the
phenomenon. The models were prompted with words in written form to provide a baseline, allowing
the impact of the auditory modality to be assessed when the models were later prompted with
sound. Importantly, the prompts included both natural and newly constructed words to test real
generalizations, beyond what the models could have learned and memorized from the training data.
The findings suggest that the presence of sound strengthens associations between phonetic features
and meanings. Sound turned out to be especially influential for dimensions such as size and speed,
while it played a smaller role in dimensions such as shape and valence. Although this study reveals
interesting truths about sound symbolism, it has a limitation of comparing MLLMs’ results to
votes of only 10 human participants. This highlights the need for experiments with computational
models that compare sound-symbolic associations, especially these that receive less attention, with
large-scale, cross-linguistic human studies.
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2.5.1 Bouba-kiki in computational models

Bouba-kiki effect is the sound symbolism example most commonly investigated in computational
models, especially multimodal Vision Language Models (VLMs). One study of the bouba-kiki
effect in VLMs found strong evidence that this phenomenon persists in models such as CLIP and
Stable Diffusion (Alper and Averbuch-Elor, 2023). However, more recent studies on this topic
revealed that no significant evidence was found and suggested that results may vary depending
on the characteristics of the models used (Verhoef et al., 2024; Kouwenhoven et al., 2025). This
indicates that while sometimes these large AI models can show signs of shape sound-symbolic
associations, this is not consistent across models and may depend, for example, on architecture.
Thus, it may suggest that only having been trained on textual and visual information in the corpus,
VLMs cannot always reliably learn shape sound-symbolic correlations.

2.5.2 Magnitude sound symbolism in computational models

While magnitude symbolism is relatively widely researched in humans, there seems to be little
research on it with AI models, especially one that is based on large-scale experiments with humans.
Loakman et al. (2024) investigated this effect, together with shape symbolism and iconicity ratings,
using state-of-the-art VLMs and LLMs. The models were prompted using both standard and
informed prompts, where in the informed prompt condition the models were notified that the task
relates to sound symbolism. The study found evidence that the investigated models can indeed
demonstrate similar sound-symbolic associations to humans, with higher performance observed
when informed prompts were used. Nonetheless, the study also noted that in some cases the models
showed clear disagreements with human judgments. This could suggest that some knowledge within
the model training data may overwrite the associations between sounds and meanings that humans
tend to make. Additionally, the study only compared the model results with the majority vote of
10 human participants (all with native English speaking proficiency), raising concerns about the
generalizability of the findings. This again emphasizes the need for further research.

2.6 Research gap

Magnitude symbolism has been extensively researched in humans, drawing evident conclusions
that people tend to associate some sounds with certain size judgments. However, most studies on
sound symbolism with computational models involve investigating the bouba-kiki effect and use
multimodal language models. Additionally, they often compare models’ results to a small group of
human participants. Therefore, the occurrence of the magnitude symbolism phenomenon based on
purely textual information is understudied. It is unclear to what degree size-symbolic associations
can be formed or adopted in the absence of auditory input. Therefore, investigating magnitude
symbolism in LLMs could help gain more insight into the origins of this phenomenon and its
embedding in human cognition. It could also clarify how LLMs encode information and whether
human phonetic biases are reflected in the textual corpus on which they are trained. Consequently,
this research examines whether LLMs encode human-like magnitude sound-symbolic associations.
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3 Methodology

The source code, experimental and analysis scripts, as well as the stimuli and resulting data are
publicly available on GitHub.1

3.1 Prompting

The methodology of the experiment was largely based on the methodology of the study by Shinohara
and Kawahara (2010). Instead of people of different nationalities, the experiment presented in this
thesis used three different models; gpt-4o-mini, DeepSeek-V3.1, and Qwen3.5-9B, which would
simulate the decisions of a group of people. This was done by prompting the models with 40 nonce
words shown in Figure 3. The prompt used was slightly modified to provide a clearer explanation
to LLMs. The prompt was: ”Imagine an exotic language that you don’t know. The language has
a rich lexical inventory of adjectives that express a variety of largeness’ or ’smallness’. Now, a
speaker of this language looks inside a box and finds a jewel. She verbally expresses how large
or small it looks using the adjective pronounced stimulus. Your task is to guess the meaning of
stimulus — i.e., how large or small it is. Make the size judgment on a scale of 1 to 4 (1=very
small, 2=relatively small, 3=relatively large, 4=very large). Reply with ONLY the digit (1, 2, 3, or
4).” The prompt was later also modified to ask for judgments on a scale of 1 to 2. The modified
part stated: ” Make the size judgment by choosing 1 or 2 (1=small, 2=large). Reply with ONLY
the digit (1 or 2).” Moreover, the experiment was also once run on a judgment scale of 1 to 8, with
the modification being: “Make the size judgment on a scale of 1 to 8 (1=extremely small, 2=very
small, 3=small, 4=quite small, 5=quite large, 6=large, 7=very large, 8=extremely large). Reply
with ONLY the digit (1, 2, 3, 4, 5, 6, 7, or 8).” While 1-4 scale was the original scale based on
the study by Shinohara and Kawahara (2010), the 1-2 scale was introduced to decrease the bias of
models towards middle values. Forcing the models to pick between 1 (small) and 2 (large) aims at
achieving a more polarized size judgment distribution, showing clearer sound-symbolic association
nuances. Lastly, the 1-8 scale was introduced to see if extending the 1-4 scale would model a clearer,
and less biased against extreme ratings, distribution within the middle values of the scale.

When prompting the models, the temperature was set to zero to gather the answers that are as
deterministic as possible. The models were prompted to respond with one token only and to return
top five token-level logarithmic probabilities (logprobs) of their answers. Since both DeepSeek-V3.1
and Qwen3.5-9B are reasoning models, meaning they return “thinking” tokens before the actual
answer, the reasoning was disabled to force them to give a numerical size judgment answer as the
first token. Based on returned logprobs, the probabilities for each size judgment were gathered and
normalized. Later, weighted average scores for each stimulus were calculated. The reason for using
logprobs was to gain a deeper insight into model’s internal certainty and to better capture subtle
nuances of sound symbolic associations.

3.2 Models

A few chosen LLMs are used in the experiment. This ensures that the existence of the effect can
be assessed across models with different architectures and properties. The chosen models include
gpt-4o-mini, DeepSeek-V3.1, and Qwen3.5-9B.

1See the repository at https://github.com/ewelinaenia/Bachelor-Thesis-2026
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Although the exact architectural details of gpt-4o-mini are not known, the model is a scaled-down
version of gpt-4o so it is natively multimodal. It was chosen for this experiment to serve as the
industry State-of-the-Art standard. Gpt-4o-mini offers strong performance while being extremely
affordable and having improved latency. It scores only slightly below gpt-4o on most evaluation
benchmarks, achieving accuracy of 82.0% on MMLU, compared to gpt-4o’s 88.7%.(OpenAI, 2024)

DeepSeek-V3.1 is a Mixture-of-Experts (MoE) model using Multi-head Latent Attention (MLA).
It has a total of 671B parameters, but only activates 37B for each token. It was chosen to see if a
MoE model can still make consistent size judgments comparable to human decisions. It is also a
text-only model, so it may reveal if multimodal training is actually necessary to exhibit magnitude
sound symbolism. It is also interesting to see how a model that manages math reasoning tasks
exceptionally well performs on language tasks that heavily rely on human subconscious biases
rather than strict logic.(Liu et al., 2024)

Lastly, Qwen3.5-9B is a much smaller model with only 9B parameters; however, due to its hybrid
architecture (combining Gated Delta Networks with sparse Mixture-of-Experts) and extremely
wide linguistic coverage, it provides insight into how a small-scale but highly-optimized model can
handle human linguistic biases. It is also natively multimodal and supports 201 languages and
dialects, making it a strong pick for a study where model’s judgments are meant to be compared to
human judgments across different languages (mostly non-western).(hug)

The chosen models represent different architectures, sizes, and specializations. They provide
insight into what is needed in a model for human size sound-symbolic biases to emerge, helping to
make inferences about the origins of this phenomenon.

3.3 Stimuli

The stimuli used were the 40 nonce words, written in three different formats: word (e.g. ibib),
International Phonetic Alphabet or IPA (e.g. \ibib\), and spaced IPA (e.g. \i b i b\), making a
total of 120 unique stimuli. In their study on sound symbolism, Jeong et al. (2026) included spaced
IPA text tokens as input type to observe how much of the associations could be made because of
trained token memorization. In this experiment, including spaced IPA word format is meant to
force the model to pay special attention to each token (since now the letters are separated), instead
of looking at the word as a whole. IPA format, on the other hand, is included as a control group
and the binding format between word and spaced IPA. By including IPA formats it will be possible
to make inferences about origins of sound symbolism in LLMs. Finding out the formats in which
sound-symbolic associations persist could confirm or deny an assumption that these associations
are learned mainly directly from the words appearing in the corpus.

The classification of vowels into voicing, height, and backness was also done based on the study
by Shinohara and Kawahara (2010). Figure 3 shows the classification of obstruents, while Figure
2 shows the classification of vowels into high, mid, low, as well as front and back.

3.4 Statistical analysis

The results were statistically assessed using linear mixed effects models, as in the original study by
Shinohara and Kawahara (2010). The analysis was run separately for every input format type across
different models (and for different scales of size judgments). Voicing, height, and backness were
treated as fixed effects, and model name was treated as random effect (Equation 1). Additionally,
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Figure 2: Categorization of vowels in terms of height and backness.

linear model analyses were run separately for every model across different format types (Equation
2) to further analyze model-specific trends and find out which models show the strongest size
sound-symbolic associations similar to humans. Lastly, linear model analyses were run for every
model for each format type separately (Equation 3) to better understand how input format types
affect model judgments. On top of all that, post-hoc analyses were run to compare three levels
of vowel height. P-values were automatically adjusted for multiple comparisons using Tukey’s
Honestly Significant Difference (HSD) procedure through the emmeans package in R.

avg rating ∼ voicing + height+ backness+ (1|model name) (1)

avg rating ∼ voicing + height+ backness+ format (2)

avg rating ∼ voicing + height+ backness (3)

Figure 3: 40 nonce words from the study by Shinohara and Kawahara (2010) used to prompt LLMs
for size judgments. The figure also shows the categorization of obstruents in terms of voicing.
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4 Results

4.1 General trends

Figure 4 shows average ratings across all input format types for the five vowels for three types of
models for (a)1-4, (b)1-2, and (c)1-8 size judgments, as well as (d)human judgments on a scale
of 1-4 for comparison. The error bars represent 95% confidence intervals (here and in all the bar
charts in this paper).

The majority of humans across the four languages in the study by Shinohara and Kawahara
(2010) had a strong preference to judge words that contain i as the smallest, while words that
contain a or o were frequently judged as the biggest. The differences between vowels were extreme
enough to be significantly visible on the graph (4d). Meanwhile, in the same experiment conducted
on LLMs on a scale of 1 to 4 the average ratings between vowels were much smaller and subtle (4a).
While gpt-4o-mini and DeepSeek-V3.1 still showed slight preferences for juging i as smaller and a
or o as larger, Qwen3.5-9B showed little to no variation between vowels, with only a, surprisingly,
being judged as slightly smaller.

(a) Model size judgments on a scale of 1 to 4. (b) Model size judgments on a scale of 1 to 2.

(c) Model size judgments on a scale of 1 to 8. (d) Human size judgments on a scale of 1 to 4. Figure
reproduced from Shinohara and Kawahara (2010).

Figure 4: Average ratings across words in all input format types containing one of the five vowels.

When prompted with a size judgment scale of 1 to 2, the average ratings became more polarized
and, in some cases, more human-like (4b). Gpt-4o-mini showed a clear preference to classify words
containing i as smaller. The rest of the vowels were classified as increasingly bigger, similarly
to the trend of average vowel ratings in English and Japanese speakers, with the highest judged
vowel being o. On the other hand, DeepSeek-V3.1 showed vowel size judgments similar to those
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of Chinese and Korean speakers, with words containing vowel i remaining as the smallest, while
words containing a were judged as the largest. On the contrary, Qwen3.5-9B judged vowel sizes
completely differently, rating words containing a as the smallest. Again, the variation between
vowels remained low for Qwen3.5-9B.

Lastly, when asked for size judgments on a scale of 1 to 8, all LLMs responded differently (4c).
Gpt-4o-mini reverted to similar size ratings as for the scale of 1 to 4. The polarization obtained
through the use of scale of 1 to 2 dissipated, presumably due to the model avoiding extremes of
the scale (Rupprecht et al., 2025), aiming more for middle values. Conversely, DeepSeek-V3.1, for
some reason, started to ignore instructions, often returning words or characters as initial tokens
of the response. This led to multiple answers being deprived of any numbers, causing the final
ratings of many words to be zero. This completely disrupted the results, making them useless in
revealing the existence of sound-symbolic associations. Lastly, Qwen3.5-9B yet again judged the
vowels extremely similarly, this time with a and o appearing to be rated as slightly smaller. Due to
the results of judgments on a scale of 1 to 8 being very similar to those of judgments on a scale
of 1 to 4 and partly compromised by the DeepSeek-V3.1 results, they were excluded from further
statistical analysis.

It is worth noting that considering gpt-4o-mini and DeepSeek-V3.1 responses, there are some
prominent agreements with human judgments. They include clearly judging i as the smallest, as
well as judging a or o as the biggest. On the other hand, one thing that stands out as incompatible
between LLM and human judgments are the ratings of vowel e. While humans tend to classify
words containing e as smaller, often closer to i, LLMs tend to place it in a higher range.

4.2 Vowel height

In the human study, the general trend revealed that the lower the vowel the higher size ratings
it obtained. The significant effects compliant with this trend were found between mid and high
vowels for Chinese and Japanese, as well as between low and mid vowels in Chinese and English.
The only significant reversal was found in Japanese speakers that judged low vowels as smaller than
mid vowels.

For the scale of 1 to 4, post hoc analyses of height on linear mixed effects models run for each
input format type revealed no significant contrasts. However, when looking at each LLM separately,
mid vowels evoked significantly larger judgments than high vowels in gpt-4o-mini (t(113) = −3.23,
adjusted p < 0.01). DeepSeek-V3.1 showed no significant differences between any two levels of
height. Contrastingly, Qwen3.5-9B showed a significant reversal compared to human judgments. It
significantly judged high vowels as larger than low vowels (t(113) = 4.58, adjusted p < 0.0001) as
well as mid vowels as larger than low vowels (t(113) = 5.01, adjusted p < 0.0001).
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(a) Model size judgments on a scale of 1 to 4. (b) Model size judgments on a scale of 1 to 2.

(c) Human size judgments on a scale of 1 to 4. Figure
reproduced from Shinohara and Kawahara (2010).

Figure 5: Average ratings across words in all input format types containing high, mid, or low
vowels.

In contrast, more significant effects were found when LLMs were asked to judge words on a scale
of 1 to 2. Analyses considering all three LLMs across different input format types found that mid
vowels were judged as larger than high vowels both for word (t(113) = −3.66, adjusted p < 0.01)
and IPA (t(113) = −2.80, adjusted p < 0.05) formats. Meanwhile, no significant effects for height
judgments were found for spaced IPA format. Model-specific analyses revealed that gpt-4o-mini
found mid vowels significantly larger than both high vowels (t(113) = −3.88, adjusted p < 0.001)
as well as low vowels (t(113) = −3.18, adjusted p < 0.01). DeepSeek-V3.1 judged low vowels
as significantly larger than high vowels (t(113) = −2.38, adjusted p < 0.05), while Qwen3.5-9B
reversed the trend and judged low vowels as smaller than both high vowels (t(113) = 2.61, adjusted
p < 0.05) and mid vowels (t(113) = 3.92, adjusted p < 0.001).

4.3 Vowel backness

Humans across all four languages judged words containing front vowels as significantly smaller than
words containing back vowels. The same significant effect was found in models of all three input
format types on a scale of 1 to 2 (word, t(113) = −3.06, p < 0.01; IPA, t(113) = −4.04, p < 0.001;
spaced IPA, t(113) = −1.98, p < 0.05), and, surprisingly, only in the model analyzing spaced IPA
words across LLMs on a scale of 1 to 4 (t(113) = −2.90, p < 0.01).

Furthermore, LLM-specific statistical analyses showed that only for gpt-4o-mini front vowels
evoked significantly smaller size judgments than back vowels, both for 1 to 4 scale (t(113) =
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(a) Model size judgments on a scale of 1 to 4. (b) Model size judgments on a scale of 1 to 2.

(c) Human size judgments on a scale of 1 to 4. Figure
reproduced from Shinohara and Kawahara (2010).

Figure 6: Average ratings across words in all input format types containing either front or back
vowels.

−4.76, p < 0.001) and 1 to 2 scale (t(113) = −5.78, p < 0.001). DeepSeek-V3.1 and Qwen3.5-9B
showed no significant differences between front and back vowel judgment on either size scales.

4.4 Obstruent voicing

In Chinese, English and Japanese, words containing voiceless obstruents evoked significantly smaller
size judgments than words containing voiced obstruents. The same trend was found in LLM size
judgments. On a scale of 1 to 4, models based on 1 judged voiceless obstruents as smaller than voiced
obstruents for word (t(113) = −2.05, p < 0.05) and IPA (t(113) = −2.12, p < 0.05) format types.
For spaced IPA no significant effect was found. Similarly, on a scale of 1 to 2 the same significant
effect was found for IPA (t(113) = −1.98, p < 0.05) and spaced IPA (t(113) = −3.65, p < 0.001)
format types. This time, no significant differences were observed for word input type.

In LLM-specific analyses the trend was sustained and found significant for gpt-4o-mini and
DeepSeek-V3.1 both for the scale of 1 to 4 (gpt-4o-mini, t(113) = −2.18, p < 0.05; DeepSeek-V3.1,
t(113) = −2.68, p < 0.01) and the scale of 1 to 2 (gpt-4o-mini, t(113) = −3.22, p < 0.01; DeepSeek-
V3.1, t(113) = −2.22, p < 0.05). On the other hand, no significant differences were found for
Qwen3.5-9B.
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(a) Model size judgments on a scale of 1 to 4. (b) Model size judgments on a scale of 1 to 2.

(c) Human size judgments on a scale of 1 to 4. Figure
reproduced from Shinohara and Kawahara (2010).

Figure 7: Average ratings across words in all input format types containing either voiceless or
voiced obstruents.

4.5 Input format type analysis

Further analysis into decisions of each LLM presented with various input format types revealed
very nuanced yet important details. Starting with judgments on a scale of 1 to 4 (Figure 8), 95%
confidence intervals of size ratings tended to be bigger in the word and IPA formats than in the
spaced IPA format. This heavily influenced where the most significant effects were found.

For DeepSeek-V3.1, large error bars in 8a and 8b caused no significant effects to be found in
judgments of the words in these two format types. However, prompting DeepSeek-V3.1 with words
in spaced IPA format stabilized its judgments, narrowed the error bars, and started shifting ratings
towards statistical significance(front vowels smaller than back vowels (t(35) = −1.82, p < 0.1); high
vowels smaller than both low vowels (t(35) = −2.9, p < 0.1) and mid vowels (t(35) = −2.35, p <
0.1)).

While gpt-4o-mini already showed some significant results in word format (front vowels smaller
than back vowels (t(35) = −2.11, p < 0.05)), the statistical significance increased quite substantially
for IPA format (front vowels smaller than back vowels (t(35) = −4.21, p < 0.001); high vowels
smaller than mid vowels (t(35) = −3.05, p < 0.05)) as well as spaced IPA format (front vowels
smaller than back vowels (t(35) = −3.18, p < 0.01); mid vowels smaller than both low vowels
(t(35) = −2.64, p < 0.05)). Interestingly, in spaced IPA format words with high vowels were
judged by gpt-4o-mini as larger than those containing low vowels (t(35) = 2.78, p < 0.05), which
is a reversed trend compared to most human judgments. This shows that despite the judgments
appearing visually more distinct in the word format, more statistically significant results for
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gpt-4o-mini were found in spaced IPA format that had considerably smaller error bars.

(a) Model size judgments in word input format. (b) Model size judgments in IPA input format.

(c) Model size judgments in spaced IPA input format.

Figure 8: Average ratings on a scale of 1 to 4 across words in different input format types containing
one of the five vowels.

On the contrary, Qwen3.5-9B judgments appeared more visually distinct in spaced IPA format
compared to word or IPA formats. Since the error bars remained relatively small and similar across
different input format types, the only statistically significant results were found for the spaced IPA
format (front vowels smaller than back vowels (t(35) = −3.21, p < 0.01); high vowels larger than
low vowels (t(35) = 6.80, p < 0.0001) and low vowels smaller than mid vowels (t(35) = −6.69, p <
0.0001)). These results show that the strong reversal in height judgments for Qwen3.5-9B compared
to human judgments was primarily driven by words in spaced IPA format.

Surprisingly, input format types had a completely different effect on LLM size judgments on a
scale of 1 to 2 (Figure 9) compared to the scale of 1 to 4. Here, spaced IPA format did not cause
such a noticeable decrease of error bars as it did on a scale of 1 to 4. Instead, in some instances,
it made the judgments even more uncertain. For example, spaced IPA format made Qwen3.5-9B
judgments more uniform and caused an increase in error bars, leading to no significant effects
being found when judging words in this format. While the word format also did not evoke any
statistically significant results for Qwen3.5-9B, in the IPA format the reversed trend of height
of the vowels affecting size showed up as highly significant ( high vowels larger than low vowels
(t(35) = 3.92, p < 0.01) and low vowels smaller than mid vowels (t(35) = −5.25, p < 0.0001)).

Spaced IPA format made gpt-4o-mini judgments, yet again, more uniform while failing to
reduce the error bars (9c), resulting in only one significant effect found (voiceless smaller than
voiced (t(35) = −3.13, p < 0.01)). Despite large error bars being found in other formats as well,
but because of massive differences between vowel size judgments, more statistically significant
results were found for the word input format type (9a) (front vowels smaller than back vowels
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(a) Model size judgments in word input format. (b) Model size judgments in IPA input format.

(c) Model size judgments in spaced IPA input format.

Figure 9: Average ratings on a scale of 1 to 2 across words in different input format types containing
one of the five vowels.

(t(35) = −3.46, p < 0.01); high vowels smaller than mid vowels (t(35) = −3.60, p < 0.01)) as well
as the IPA format (9b) (front vowels smaller than back vowels (t(35) = −5.21, p < 0.001); high
vowels smaller than mid vowels (t(35) = −3.64, p < 0.01) and mid vowels smaller than low vowels
(t(35) = −3.07, p < 0.05)).

Lastly, DeepSeek-V3.1 showed no significant effects for the word input type, while both for
IPA and spaced IPA formats words containing voiceless obstruents were judged as significantly
smaller than those containing voiced obstruents (IPA, t(35) = −2.18, p < 0.05; spaced IPA,
t(35) = −2.08, p < 0.05).

Altogether, prompting models with words in different input formats caused various reactions
depending on the scale of size judgments as well as the LLM itself. On a scale of 1 to 4, spaced
IPA format seemed to extract the differences between phonetic features much more effectively than
the two other formats. Despite visually judging various vowels less distinctly for some models
(gpt-4o-mini) and more distinctly for other (Qwen3.5-9B), the format managed to make LLM
judgments more precise, decreasing the 95% confidence interval and finding more statistically
significant effects. On the other hand, for size judgments on a scale of 1 to 2, IPA format managed
to keep model vowel size judgments distinct so despite relatively large error bars, the significant
effects could be best observed in this format.
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5 Discussion

The presented analysis shows that all three LLMs exhibit some degree of sound-symbolic associations.
Gpt-4o-mini consistently judged words containing mid vowels to be the largest compared to other
vowel heights, words containing front vowels to be smaller than those containing back vowels,
and words containing voiceless obstruents to be smaller than those containing voiced obstruents.
DeepSeek-V3.1 found words containing low vowels larger than those with high vowels and words
containing voiceless obstruents smaller than those containing voiced obstruents. Lastly, Qwen3.5-9B,
in general, across the three input format types judged the words significantly different only based
on vowel height, judging words containing low vowels as smaller than those containing mid or hight
vowels.

Overall, humans from the study by Shinohara and Kawahara (2010) judged words such that
they rated front vowels as smaller than back vowels, voiceless obstruents as smaller than voiced
obstruents and the low vowels larger than mid vowels, which were in turn larger than high vowels.
That being said, gpt-4o-mini turned out to reflect human size sound-symbolic judgments most
accurately, with the only inconsistency in mid vowels being judged as larger than low vowels.
DeepSeek-V3.1 also partly demonstrated the same size sound-symbolic associations as human
participants. In contrast, Qwen3.5-9B showed a highly significant reversal of the vowel height
judgment trend compared to humans.

Interestingly, specific LLMs also tend to follow trends of certain language speakers more
prominently than others. For example, gpt-4o-mini can be seen consistently judging i as the
smallest while o as the largest (4b), similarly to judgments of English and Japanese participants
(4d). Meanwhile, DeepSeek-V3.1 has a tendency of judging a as considerably larger than any other
vowel, similarly to Chinese participants. This is slightly surprising as both the models are known
to be trained on balanced data in a variety of different languages. Nonetheless, this observation,
although small, could suggest that even multilingual models may be susceptible to very nuanced
biases hidden within their dominant languages.

5.1 Effects of models on size sound-symbolic associations

As described above, gpt-4o-mini reproduces human size sound-symbolic associations most precisely
out of all the models, despite its scaled-down architecture. There could be a number of reasons
associated with such a precise performance. One of them could be the fact that gpt-4o-mini is
natively multimodal, so while it can function as a pure LLM, it has been trained on data in multiple
modalities, also integrated together. Since sound symbolism is a cross-modal phenomenon, these
biases could have been learned and emphasized in training, transferring the associations to textual
tasks.

However, Qwen3.5-9B which is also natively a multimodal model, does not completely reflect
human size sound-symbolic associations. A part of the explanation as to why that happens could
be in the size of the model as Qwen3.5-9B has only 9B parameters. However, more reasons could
play a role in its failure to follow human sound-symbolic biases.

Nevertheless, multimodal training may not be necessary to obtain human-like size sound
symbolism in LLMs, which is proven by DeepSeek-V3.1. Its judgments are precise, and while not
all phonetic features evoke significant differences in size judgments, DeepSeek-V3.1 demonstrates
that human size sound-symbolic biases can be extracted purely from text. In this case the size of
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the model seems to matter, DeepSeek-V3.1 has been trained on massive amounts of textual data
which likely allows it to extract the associations without ever having access to other modalities.

5.2 Effects of size judgment scales on size sound-symbolic associations

Analysis into using different scales when prompting LLMs for size judgments showed the importance
of taking into account model’s biases and testing model behavior to ensure compliance with the task.
While humans tend to display a certain level of survey response bias when asked to make scaled
judgments, LLMs also display such biases, often avoiding extreme ends of the scale (Rupprecht et al.,
2025). Taking that into account, when trying to replicate human-like magnitude sound-symbolic
associations it is crucial to ask for size judgments on a carefully chosen scale to capture the most of
these mappings and minimize the impact of central tendency of LLMs on the results. Findings
in this paper have shown that using the original scale of 1 to 4 makes LLM vowel size judgments
relatively homogeneous. In spite of the low visual distinction between the vowels, judgments on
this scale are extremely precise, which translates to highly significant results.

On the other hand, changing the scale into forced choice (1 or 2) made the models’ vowel size
judgments more divergent. However, at the same time this introduced a much higher uncertainty,
which made the differences between magnitude judgments of various phonetic features much less
significant. It seems that forcing models into making a strict choice between two polarities, small
and large, made their decisions much more unstable. This could insinuate that size sound symbolism
is a very nuanced phenomenon that becomes extremely susceptible to high variance when being
judged on a small scale. Perhaps the subtle associations of phonetic features and size can only be
made confidently when presented on a complex-enough scale.

Although this could lead to thinking that the wider scale would provide a better insight into the
nuanced sound-symbolic associations, there seem to be limitations on that end as well. For example,
the introduction of a larger scale(1 to 8), which was supposed to achieve clearer sound-symbolic
trends within the middle values of the scale, did not yield attractive results. The wider scale
seemed to confuse some of the models, specifically DeepSeek-V3.1 which started to ignore prompt
commands and return unwanted tokens. While other models may have successfully mapped size
sound-symbolic associations on that scale, and it was just one model that started misbehaving,
the results were clearly compromised and unsuitable for further analysis. This again points to the
importance of choosing a correct scale when investigating magnitude sound symbolism in LLMs.

5.3 Effects of stimulus format types on size sound-symbolic associations

A closer look at the effects of input format types on size sound-symbolic judgments in LLMs
revealed an interesting trend that could suggest where the origin of this phenomenon in these
models. On both scales, 1-2 and 1-4, the word format was not the one that yielded the most
statistically significant results. Instead, on a scale of 1 to 4, the spaced IPA format made the models’
judgments much more precise, and despite also making them more homogeneous, the reduced error
bars allowed the effects to be much more statistically significant. On the other hand, on a scale of
1 to 2, the IPA format maintained the diverse vowel size judgments made by models while also
relatively limiting uncertainty, which again caused more statistically significant results to be visible.
This brings an important point to the conversation about the emergence of magnitude sound
symbolism phenomenon within LLMs. The fact that word does not yield the highest statistically
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significant results could suggest that the phonetic associations are not directly ’remembered’ from
the training data. Instead, making models pay special attention to phonetic representations of
words through the use of both IPA formats could be causing the sound symbolism phenomenon to
emerge more. This is an important discovery showing that LLMs may be more sensitive to the
actual phonetic mappings than initially thought, instead of heavily relying on pre-learned data.

6 Limitations and future directions

While the results of this study provide valuable insight into the nature of magnitude sound
symbolism phenomenon and its emergence in LLMs, there are some limitations that need to
be considered. First, it is impossible to know to what extent the models may have memorized
and learned human-like magnitude sound-symbolic associations directly from training data. The
topic of sound symbolism is widely described and tested in both the academic and the general
literature on which the models may have been trained. While introducing IPA format types
may help in decreasing models’ reliance on pre-learned words, it does not guarantee complete
zero-shot generalization. However, the highly mixed results described in this paper suggest that
the models do not simply memorize and retrieve the information they have seen before. Quite the
opposite seems to be true: the word input format type does not yield the most significant results
in most cases. Rather, the IPA and spaced IPA formats, which force the models to pay attention
to individual phonetic structures, show stronger statistical significance and narrower confidence
intervals. Moreover, in some instances models show magnitude sound-symbolic associations but
with the reversed trend compared to humans, for example, vowel height judgments of Qwen3.5-9B.
This suggests that the associations are not blindly learned and repeated, but rather processed in
real time based on small phonetic nuances.

Moreover, the experiment was conducted on only three LLMs. This was due to limited model
availability and resources. Despite the model selection being conducted carefully to ensure a wide
and varied representation of architectures, evaluating only three models poses restrictions to the
true generalizability of the findings to all currently available LLMs. Moreover, details about the
architecture and training of gpt-4o-mini model used in this study are not available to the public.
This makes it more difficult to draw conclusions about the possible effects that model architectures
and training may have on the studied phenomenon.

Furthermore, as revealed in the analysis, prompting conditions seem to significantly impact the
way magnitude sound-symbolic associations show up in LLMs. This again raises concerns about
the generalizability as well as reliability of the results. Thus, it is important to note that while
human-like size sound-symbolic biases can emerge in LLMs, their presence and strength is highly
sensitive to the conditions of the testing environment. These limitations emphasize the need for
further research into magnitude sound symbolism within a more extensive selection of LLMs and
across various testing conditions to strengthen the robustness of the findings.

7 Conclusion

This paper explored how chosen Large Language Models respond to a task that reveals biases
of human embedded cognition. It investigated magnitude sound-symbolic associations, which
are mappings between phonetic features, such as vowel height, and imagined sizes. While this
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phenomenon is cross-modal in nature and in humans it emerges from auditory grounded experience,
this study explored whether size sound-symbolic mappings remain strong enough in text alone to
be displayed by LLMs.

The experiment was conducted on three LLMs (gpt-4o-mini, DeepSeek-V3.1, and Qwen3.5-9B)
and evaluated against a cross-linguistic human study. The findings revealed clear answers to RQ1
and RQ2. Magnitude sound-symbolic associations can indeed show up in computational models,
although their agreement with human judgments varies depending on the model. Gpt-4o-mini
showed the highest similarities with human trends. It accurately mirrored the significant effects
of vowel backness and obstruent voicing on size judgments, and displayed striking preference of
judging the vowel i as the smallest. DeepSeek-V3.1 also exhibited significant size sound-symbolic
effects, successfully reflecting part of human biases, specifically those of obstruent voicing and low
versus high vowel trends. In contrast, the smallest of the models, Qwen3.5-9B, also displayed some
highly significant sound-symbolic associations; however, they were a complete reversal of human
vowel-height trends. This showed that while all models seem to exhibit magnitude sound-symbolic
biases, not all of them are aligned to the human judgments.

Importantly, not only did the model architecture have an impact on size judgment trends,
but also other factors played an important role in shaping LLMs’ responses. While the forced
binary choice (1-2 scale) visually polarized the differences between vowels, it also introduced high
uncertainty in the decisions. Meanwhile, a wider scale of 1 to 4 managed to capture significantly
different, very precise, yet low in variance vowel size judgments. This revealed that a more complex
scale was better at precisely extracting the nuanced nature of magnitude sound symbolism.

Finally, addressing RQ3, the effects of input formats used when prompting the models provide
some valuable insights into the emergence of size sound symbolism. The experiment revealed that
the word format did not yield the most and highest statistically significant results. Instead, it was
the IPA and spaced IPA formats that drove most of the effects. This suggests that memorized
tokens from the training data are not the primary driving forces that make the LLMs form these
associations. Rather, models are more sensitive to phonetic features emphasized in IPA formats.
Moreover, the findings suggest that no access to auditory information is necessary for the magnitude
sound-symbolic biases to emerge. As presented, even the purely text-only model DeepSeek-V3.1 was
able to extract the phonetic mappings accurately. This implies that size sound-symbolic associations
can be deeply rooted into statistical distributional patterns of human language, from which LLMs
extract information. While it is certain that sound plays an important role in shaping magnitude
sound symbolism in humans, this research showed that it is possible to reconstruct these human
biases through the textual data alone.
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