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ON HUMANS’ (EXPLICIT) INTUITIONS ABOUT THE MEANING OF NOVEL WORDS

Abstract

Pseudowords offer a unique opportunity to investigate how humans deal with new (verbal)
information. Within this framework, previous studies have shown that, at the implicit level, humans
exploit systematic associations in the form-meaning interface to process new information by relying
on (sub-lexical) contents already mapped in semantic memory. However, whether speakers exploit
such processes in explicit decisions about the meanings elicited by unfamiliar terms remains an open,
important question. Here, we tested this by leveraging computational models that are able to induce
semantic representations for out-of-vocabulary stimuli. Across two experiments, we demonstrate that
participants’ guesses about pseudoword meanings in a 2AFC task consistently align with the model’s
predictions. This indicates that humans’ ability to extract meaningful knowledge from complex

statistical patterns can affect explicit decisions.

Keywords

semantic memory, pseudowords, statistical learning, distributional semantic models
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ON HUMANS’ (EXPLICIT) INTUITIONS ABOUT THE MEANING OF NOVEL WORDS

Introduction

Knoddled quocky ba boppi ziaowed tolque divords lurb: floal ribnier bureer. If the Introduction
would start with this sentence nobody would (probably) understand the beginning of this article. The
reason is simple: when looking for a meaning for these strings, an English speaker cannot find any
direct connection with information stored in their semantic memory. Knoddled or quocky do
(apparently) lack meaning, as they cannot be found in the vocabulary. However, while the vocabulary
“knows” all the words, humans do not, and what might seem a meaningless string can be a word with
a meaning that it is not (yet) known. This is indeed for example the case of low frequency words, like
lackadaisical, that might not be known to a given speaker, but they might be able to activate
intuitively a certain meaning. This makes lexical stimuli like knoddled or quocky intriguing from a
scientific point of view: to all intents and purposes they are akin to unfamiliar existing words,
allowing us to investigate if and how humans assign meaning to with novel (verbal and possibly

meaningful) stimuli.

Verbal stimuli like knoddled or quocky are indeed generally labeled as “pseudowords”, describing
stimuli that are consistent with the phono- and orthotactical rules of a given language but are not
attested in the lexicon of that language, and thus are not familiar to a given speaker. Contrary to the
naive perspective described above, in recent years, several studies have shown that semantic effects
can be observed during the processing of these out-of-vocabulary stimuli (e.g., Bonandrini et al, 2023;
Hendrix & Sun, 2021; Pugacheva & Giinther, 2024; Sulpizio et al., 2021), that the same mechanisms
governing word meaning can also subserve pseudowords processing (Gatti et al., 2023), and that
humans are able to reliably assign affective content to these stimuli (e.g., Aryani et al., 2020; Gatti et
al., 2024). These findings can be interpreted in terms of non-arbitrary components of language
processing, like systematic form-to-meaning mapping (Dingemanse et al., 2015; for evidence on
pseudowords processing see: Cassani et al., 2020; Chuang et al., 2021), that is humans’ tendency to
detect systematic and statistical regularities in the (language) environment (Romberg & Saffran,
2010; Vidal et al., 2021). In line with this view, previous studies have also shown that humans are
able to exploit these mechanisms across a broad range of linguistic processes, in the grammatical,
orthographical, phonological, and even semantic domains (for a review: Bogaerts et al., 2021;

Christiansen, 2019).

The way humans attribute potential meaning to pseudowords has been recently investigated thanks
to the methodological advancements in distributional semantic models (DSMs). Briefly, DSMs
represent word meanings as high-dimensional numerical vectors induced from large corpora of

natural language, under the assumption that the contexts in which words occur are informative of

3



86
87
88
&9
90
91
92
93
94
95

96

97

98
99
100

101

102
103
104
105
106
107
108
109
110
111
112
113

ON HUMANS’ (EXPLICIT) INTUITIONS ABOUT THE MEANING OF NOVEL WORDS

their meanings (Harris, 1954; Wittgenstein, 1953). Thus, words that are used in similar contexts in
language will be located to nearby points in a semantic space, and the cosine of the angle between
their vectors can be taken as a measure of how (semantically) related these words are (Glinther et al.,
2019; Mandera et al., 2017). Interestingly, it has been shown that it is even possible to induce
representations for verbal stimuli that are not included in the training set (i.e., when they are out-of-
vocabulary words) by modeling them as a sum of vectors representing the sequences of # contiguous
letters (labeled as n-grams) composing it, that is by quantifying the distributional patterns of their
sub-word information (Bojanowski et al., 2017). This approach has been used to estimate the
“meaning” of pseudowords, that is the semantic pattern that an unfamiliar letter string can elicit in a

speaker of the language (for a graphical representation see: Figure la, b, c, d).

a) train the model to predict b) words representation d) compute cosines
oo . memory of the angles

A])T‘Zl 18 the cruellest month, [)7’66(]1“(} <INemo memor emory mory> memory ’

. : . . 1, ! I ! 1 _ quocke
lilacs out of the dead land, mixzing R e I ol P o ’ : .

 ml St’L"I'T‘iTL(] l l N memory
memo ¢) pseudowords representation
quoc quock uocke ocke> quocke knodle
+ .+ L+ =] i:
L
ic X (2111(1 1ts X X ) <knod knodl nodle odle COS(IUCIHOTY-, (llIO(ikC) — .80
in the middle of a moving window based on 1 1 1 1 _
. X + : + X + .= knodle —_— — -
mtext words (and vice versa) _ cos(memory, knodle) = .50

Figure 1. Schematical representation of how the DSM used in the present study is trained
(a), represent the meaning of words (b) and pseudowords (c) and how to compare the
similarity between the semantic pattern elicited by each string of letters (d).

By using this type of DSMs, it has been demonstrated that the semantic neighborhood density of
pseudowords (i.e., how similar a pseudowords is to the five closest words in the semantic space)
predicts humans’ responses in lexical decision, with slower rejection latencies for pseudowords with
denser semantic neighborhood (Hendrix & Sun, 2021; see also: Bonandrini et al., 2023) and that, in
priming tasks, the more similar the meaning of a prime-word to the semantics elicited by a target-
pseudoword, the slower participants’ rejection latencies (Gatti et al., 2023). Overall, these studies
showed that pseudowords can be indicative of meaning since — at least at the implicit level — humans’
behavior is affected by the semantic pattern elicited by them. However, while it might seem intuitively
reasonable that a speaker would exploit systematic sublexical patterns while processing new (verbal)
information, to what extent these might affect explicit intuitions remains an open question. That is,
explicit tasks focus on conscious, deliberate comparisons, potentially missing the subtle, automatic

associations that influence decision-making at a chronometric level, as the ones employed by previous
4
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works. Observing such a reliance on systematic sublexical patterns while processing new (verbal)
information also on a more explicit level would indicate that humans could be able to exploit
linguistic statistical regularities in a “productive” way. That is, for example, this ability could emerge
when there is the need to generate a novel label for a new concept, with possibly this process being
optimizable for more applied reasons. Furthermore, in previous works modelling estimates were post-
hoc obtained to describe previously collected behavioral data. That is, it was tested whether the model
was able to account for existing phenomena; however, such approach missed a central contribution
of computational psychology, namely prediction (e.g., Sun, 2008): a priori independently generating
a certain output (the quantification of a given property, a set of automatically produced stimuli) that

is then empirically tested in experiments involving human participants.

In the present study, we aimed to probe this possibility by conducting two-alternative-forced-choice
(2AFC) experiments adopting a predictive approach. In both experiments, DSMs were applied to
automatically produce stimulus sets in which a target was paired with two alternatives, the former
maximally semantically related, the latter randomly associated. Participants were presented with the
target, a string of letters corresponding to a word in Experiment 1 and a pseudoword in Experiment
2. They were then asked to indicate which of two alternatives (pseudowords in Experiment 1 and
words in Experiment 2) was semantically more similar to the target stimulus. Notably, by showing
(pseudo)words in isolation (i.e., without context) we aimed to directly test how sub-word components
affect human behavior by removing possible contextual effects. We expected that, if humans are
capable of assigning meaning to pseudowords at an explicit level, we would observe behavioral

estimates aligned with the independently obtained model predictions.

Experiment 1

Methods
Participants

Sample size was determined a priori by means of a simulation procedure. We chose to include as
coefficient for the effect size an extremely conservative value, b = .21 (i.e., probability = 55%). The
choice to use this value was driven by the fact that we expected the possible semantic effect elicited
by pseudowords to be small. The simulation showed that, using 50 experimental stimuli, the design
employed here would have reached a power of 95% when including at least 55 participants (with an

o =.05).
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Sixty students participated in the study (7 males, M age = 21.75 years, SD = 2.55, age range = 19 —
34). All participants were native Italian speakers, had normal or corrected to normal vision and were
naive to the purpose of the study. Informed consent was obtained from all participants before the
experiment. The protocol was approved by the psychological ethical committee of the University of

Pavia and participants were treated in accordance with the Declaration of Helsinki.

Distributional semantic model

The DSM used here was fastText (Joulin et al., 2016), and in particular the Italian pre-trained vectors
(Grave et al., 2018). We employed fastText because of its ability to compute semantic representations
for both words and pseudowords. Indeed, fastText is based on the idea (originally proposed by
Schiitze, 1992; and realized computationally by Bojanowski et al., 2017) to take into account sub-
word information and induce representations as the sum of the vectors of the letter n-grams associated
with a given string. That is, fastText computes the semantic representation of a word as the sum of

the vector of the full string plus all the vectors of the 5-grams that compose it.

A similar approach can be applied to unattested strings in order to try to capture the semantic
information associated with pseudowords like futmaw. Of course, in this latter case, the induced
representation will not consider the <futmaw> vector (since it does not exist by itself), but only the
sum of its embedded n-grams. It should also be noted that, since fastText hashes n-grams into bins,
including the ones that were not observed in the training data, out-of-vocabulary n-grams will be
associated to a random vector (or to the vector corresponding to another n-gram in case of a collision).
Note that this is not an issue when working with word-like pseudowords (as the ones employed here),
as the overall number of out-of-vocabulary n-grams will be very low, thus limiting representational

CITors.

The model was trained on Common Crawl and Italian Wikipedia (around 11 billion words) using the
Continuous Bag of Words (CBoW) method, an approach originally proposed by Mikolov and
colleagues (2013), with 300 dimensions and a co-occurrence window of 5 words. When using CBoW,
the obtained vector dimensions capture the extent to which a target element is reliably predicted by
the linguistic contexts in which it appears, where “context” is represented as the words contained in
a fixed size window around the target word. Specifically, the CBoW model will induce a

representation for a given target wo based on context words wW-y, ..., W-1, W1, ..., Wn.

Using fastText, we therefore obtained semantic representations for the words and pseudowords

included in the present Experiment. For each pair, we computed a semantic-relatedness index based

6



177
178
179

180

181

182
183
184
185
186
187
188
189
190

191
192
193
194
195
196

197
198
199
200
201
202
203

204
205
206
207
208

ON HUMANS’ (EXPLICIT) INTUITIONS ABOUT THE MEANING OF NOVEL WORDS

on the cosine of the angle formed by vectors representing the meanings of the corresponding strings.
The higher the cosine of the angle, the more semantically related the letter strings are expected to be,

as estimated by the model.

Stimuli

Fifty triplets including one word and two pseudowords were automatically produced as stimuli.
Firstly, using fastText (Joulin et al., 2016) on the Italian pre-trained vectors (Grave et al., 2018) we
retrieved vector representations (see above the section Distributional semantic model for more
information on fastText) for the 15,000 most frequent nouns and adjectives from the Italian
SUBTLEX (http://crr.ugent.be/subtlex-it/) and for all the pseudowords included in Vergallito and
colleagues (2020). Vergallito and colleagues (2020) report response latencies for 1,121 words and
1,121 pseudowords in a typical lexical decision task. Pseudowords were created using Wuggy
(Keuleers & Brysbaert, 2010), a pseudoword generator that is able to create orthographic strings that

respect the orthotactic rules of a given language (Italian, in the case of Vergallito et al., 2020).

Because fastText is based on very large natural language corpora and might have ended up including
some non-existent string by mistake, we systematically checked whether a “whole-pseudoword”
vector was available in the corpus for the pseudowords included. In such cases, indeed, fastText could
learn distributional patterns about these pseudowords as if they were meaningful elements, even if
their occurrence was based on errors and typos. A full vector representation was available for none

of the considered pseudowords.

Then, after obtaining such semantic representations, we computed the cosine of the angle formed by
each possible word-pseudoword pair vectors. The higher the cosine value, the more semantically
related the letter strings are expected to be, as estimated by the model. Additionally, using the
stringdist R package (Van der Loo, 2014) we computed the Levenshtein distance for each possible
word-pseudoword pair. The Levenshtein distance measures the orthographic distance between two
strings of characters by quantifying the minimum number of single-character edits (e.g., insertions,

deletions, or substitutions) required to change one element into the other.

Finally, we defined the 50 triplets included as stimuli. Each triplet included one word and two
pseudowords (e.g., as word: zuffa; as pseudowords: umalo and tallarni). Specifically, for each word,
we retrieved two pseudowords: one was randomly selected among the ones with the closest vectors,
while the other was equally random but semantically less similar. That is, among the pseudowords in

each triplet, one was selected as related to the target word (i.e., it had a relatively high similarity

7
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index, with cosine similarity comprised between .20 and .44) and the other was selected as unrelated
(i.e., it had a relatively low similarity index, with a cosine similarity comprised between .05 and
.00007). The minimum cosine difference between the related and the unrelated pseudoword in a given
triplet was .18. Among all the possible triplets, the 50 triplets eventually included were selected based
on other linguistic indexes: length and Levenshtein distance. That is, in order to avoid that one of the
two pseudowords was orthographically more similar to the target word or systematically
longer/shorter than the other pseudoword, we selected the triplets that were more balanced across
these indexes. This was tested by inspecting the histograms of the distributions and performing two
two-samples Kolmogorov-Smirnov Test considering pseudowords lengths and Levenshtein
distances, all Ds < .12, all ps > .91. Additionally, none of the pseudowords included was a
pseudocompound (i.e., a concatenation of two existing words) or a novel derived form (i.e., a
combination of existing stems and affixes), more specifically none of the pseudowords rhymed with
the target word or shared with it the first letter, nor included recognizable suffixes, and no
combination of evident prefix-like onsets (with length > 3) and existing words was included in our

set of stimuli!-2.

Procedure

Participants were tested using Psychopy (Pierce, 2007, 2009; Pierce & MacAskill, 2018; Pierce et al.,
2019) through the online platform Pavlovia (https://pavlovia.org/).

Participants were told that they would have been presented with a word and two pseudowords (i.e.,
pronounceable out-of-vocabulary strings of letters). They were instructed that, although the
pseudowords shown were unfamiliar, they could intuitively evoke a certain meaning, and that their
task was to think about that potential meaning in order to judge which of the two pseudowords was
more similar to the target word. They were also instructed to take all the time they needed for each

trial.

Each trial started with a fixation cross (presented for 500 ms), then in the same screen a word was

shown in uppercase letters in the upper part of the screen and two pseudowords in lowercase letters

' We discarded potential pseudowords based on suffixes only. The decision to consider only suffixes and not also
prefixes was driven by the fact that it would have been extremely complex to exclude pseudowords based also on all the
Italian prefixes (see: https://it.wikipedia.org/wiki/Prefissi_e prefissoidi della lingua italiana) as some of them, like the
a- (indicative of negation) would have automatically excluded all the pseudowords beginning with a- (and a large
number of Italian words start with a- but are not indicative of negation). However, note that no pseudoword having
evident prefix-like onsets (with length > 3, e.g., anti-, contro-, extra-).

2Fora complete list of Italian suffixes see: https://www.treccani.it/enciclopedia/suffissi (La-grammatica-italiana)/
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in left and right positions (until the participant’s response). Participants indicated the chosen
pseudoword with left and right keypresses (A and L). Participants’ responses ended the trial and a
blank screen (presented for 1000 ms) followed, then the next trial began (see Figure 2). Order of trials
was counterbalanced across participants. The position on the screen (left vs. right) of related and
unrelated words was counterbalanced (i.e., half of related words appeared on the left part of the screen

and the other half on the right).

a) experimental task b) model predictions

500 ms

\
knodle

knodle quocke science shepherd > :

1000 ms

which of the two alternatives \ Exp. 1
is (semantically) more related cos(memory, quocke) > cos(memory, knodle)

Exp. 1 Exp. 2
until response quocke

memory

tolque

science

MEMORY TOLQUE

to the uppercased stimulus?

Exp. 2
R cos(tolque, science) > cos(tolque, shepherd)

Figure 2. Schematical representation of the task used across Experiment 1 and Experiment
2; participants were shown one uppercased string of letters (a word in Experiment 1 and a

pseudoword in Experiment 2) and were asked to indicate which one of the two lowercased
strings of letters (pseudowords in Experiment 1 and words in Experiment 2) presented in
the left and right of the screen was (semantically) more similar to the target word (note that
for exposition the stimuli are in English, while the stimuli actually used were in Italian).
They were also instructed that, although the pseudowords shown were out-of-vocabulary
they could have been able to intuitively evoke a certain meaning, and that their task would
have been to think at that potential meaning while solving the task (a). In each trial, one of
the two alternatives (represented with the red vector) was predicted to be more related to
the target stimulus (represented with the yellow vector) as compared with the other
alternative according to the DMS used (b).

Data analysis and results

All the analyses were performed using R-Studio (RStudio Team, 2015). Data was analyzed through
a mixed-effects approach, which incorporates both fixed-effects and random-effects (associated to
participants and items) and allows for managing non-independency of the observations at both
participants and item level (Baayen et al., 2008). Generalized linear mixed models (GLMMs) were

run using the /me4 R package (Bates, et al., 2015) and were estimated on a binomial distribution.
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The dependent variable was participants’ binomial response (i.e., trials in which they selected the
pseudoword that was produced by the model were coded as s, and trials in which they chose the
other were scored as 0s). Hence, we tested whether participants selected as “related” the pseudoword
produced by the DSM more frequently than the unrelated one. We first estimated a GLMM having
participants’ binomial responses as dependent variable and participants and items as random
intercepts. That is, this model included only the intercept and random effects, allowing to test if
participants’ binomial responses differ from chance level. The estimates in GLMMs fitted on a
binomial distribution are provided in log-odds (i.e., logit), thus if probability = .5, then the odds = 1
and the log-odds = 0. Thus, an estimate significantly higher than O indicates that participants’
responses aligned towards the ones produced by the DSM. Indeed, this was the case: results indicated
that participants reliably selected as “related” the pseudoword produced as such by the DSM, z =
6.50, p <.001, b = .68, prob. = 66%, Pseudo-R? (total) = .12 (Figure 3a).

Then, we tested whether participants’ judgements could be predicted by the variables considered in
the definition of the item set, namely: cosine similarity, orthographic length and Levenshtein distance.
To do this, for each stimulus and for each variable, we computed the difference between the score for
the related pseudoword vis-a-vis the unrelated one. For example, delta cosine similarity was
computed by subtracting the cosine between the unrelated pseudoword and the target word from the
cosine between the related pseudoword and the target word. Thus, we expect that participants’
tendency to select the related pseudoword would increase at increased delta cosine similarity (i.e., as
it should be easier to detect the “related” one). Broadly, these measures index how much the related
pseudoword is more semantically or orthographically related to the target word, or longer as
compared with the unrelated pseudoword. We thus estimated a GLMM having participants’ binomial
responses as dependent variable and participants and items as random intercepts. Delta cosine
similarity, delta length, and delta Levenshtein distance were additively included as continuous
predictors. Results are reported in Table 1 (Pseudo-R? (total) = .12, Pseudo-R? (marginal) = .01) and
showed that delta cosine similarity predicted participants’ performance, thus indicating that the higher
the cosine similarity between the model-produced related pseudoword and the target word (as
compared to the cosine similarity between the unrelated pseudoword and the target word), the higher
the proportions of judgements aligned with the prediction of the model (Figure 3b). The other

linguistic predictors were not significant.

Table 1. Results of the GLMM on participants’ judgements including linguistic variables
as predictors estimated in Experiment 1.
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FIXED EFFECT b z-value  p-value

A cosine similarity 4.11 2.05 .04
A length .09 1.90 .057

A Levenshtein distance -.17 -1.92 .054

100

1.0 - 1.0
Exp. 1 Exp. 2

80 0.8 - - 0.8

061 / / o

0.4 1 - 0.4

60

40

20 0.2 1 - 0.2

Prop. of responses aligned with the DSM

NS 2Y3) s [)OIIﬁ![I‘! sosuodsox Jjo 'd().Id

T T ()() T T T T T T T T T T
0.0 2.5 5.0 0.20 0.25 0.30 0.35 0.40 0.15 020 0.25 030 0.35

0.0

Prob. of responses aligned with the DSM (%)

log-odds (logit) Delta cosine similarity Delta cosine similarity

Figure 3. Plots illustrating the results of the GLMMs estimated in Experiment 1 (blue lines)
and Experiment 2 (red lines) on participants’ judgements showing that participants’
classified as “related” the pseudoword considered as related by our DSM more frequently
than the unrelated one (a); plots illustrating the results of the GLMM s including delta cosine
similarity as predictor in Experiment 1 (b) and Experiment 2 (c). Across both experiments,
the higher the delta, the higher participants’ tendency to select as “related” the item
predicted by the model.

Experiment 2

Methods

Participants

Power analysis was identical to Experiment 1. Sixty students participated in the study (22 males, M
age = 25.2 years, SD = 3.45, age range = 19 — 35); none of them participated in Experiment 1. All
participants were native Italian speakers, had normal or corrected to normal vision and were naive to
the purpose of the study. Informed consent was obtained from all participants before the experiment.
The protocol was approved by the psychological ethical committee of the University of Pavia and

participants were treated in accordance with the Declaration of Helsinki.
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Distributional semantic model

The DSM used here was identical to Experiment 1.

Stimuli

The definition of the item set was similar to Experiment 1 and moved from the same pool of words
and pseudowords but, in this case, the 50 triplets included one target pseudoword and two words as
alternative. Among the words in each triplet, one was produced by the DSM as related to the target
pseudoword (i.e., it had a high similarity index, with cosine similarity comprised between .20 and
44) and the other was estimated as unrelated (i.e., it had a low similarity index, with a cosine
similarity comprised between .13 and .00003). The minimum cosine similarity difference between
related and unrelated words was .14. The stimuli were balanced by inspecting the histograms of the
distributions and performing a two-sample Kolmogorov-Smirnov Test considering word lengths,
Levenshtein distance, frequencies of words and lemmas as retrieved from the Italian SUBTLEX

(http://crr.ugent.be/subtlex-it/), all Ds < .18, all ps >.39. Additionally, the two words included in each

triplet were matched for gender (i.e., generally in Italian male and female words end with different
letters), part of speech (i.e., noun or adjective) and number (i.e., singular or plural), and none of the
words rhymed with the pseudoword nor shared with it the first letter. As for Experiment 1, none of

the pseudowords included recognizable suffixes.

Procedure

The procedure was identical to Experiment 1; the only difference was that participants were instructed

to judge which of the two words was more similar to the target pseudoword.

Data analysis and results

The first part of the data analysis was identical to Experiment 1. Results indicated that participants
reliably selected as “related” the word produced as such by the DSM, z =2.45, p = .01, b = .33, prob.
= 58%, Pseudo-R? (total) = .20 (Figure 3a).

In the second part of the analyses, over and above delta cosine, delta length and delta Levenshtein
distance, we also included the differences between the form and lemma frequency of the alternatives.
These two new measures index how much the related word is more frequent as compared with the

unrelated word. Results are reported in Table 2 (Pseudo-R? (total) = .20, Pseudo-R? (marginal) = .04)
12
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and showed that delta cosine similarity predicted participants’ decision, thus indicating that the higher
the cosine similarity between the model-produced related word and the target pseudoword (as
compared to the cosine similarity between the unrelated word and the target pseudoword), the higher
the proportions of judgements aligned with the prediction of the model (Figure 3c). The other

linguistic predictors were not significant.

Table 2. Results of the GLMM on participants’ judgements including linguistic variables
as predictors estimated in Experiment 2.

FIXED EFFECT b z-value  p-value
A cosine similarity 4.74 2.17 .03
A length .10 1.49 14
A form frequency 23 47 .64
A lemma frequency -.35 =75 45
A Levenshtein distance -.15 -1.45 15

Control analyses

In this section we present several control analyses performed to evaluate the specificity of the
observed effects within the (systematic component of the) Italian language and to rule out possible
trivial orthographic effects. On the one hand one might argue that the observed effect could be
ascribed to language-independent effects related to similarity between linguistics sounds and their
referents (e.g. phonosymbolic or iconic patterns, e.g., Lockwood et al., 2016; Sidhu et al., 2022), on
the other hand one might argue that the observed effect could be traced back to simply the impact of
orthographic neighbors (as in the turple effect; Forster & Hector, 2002) or of embedded strings (e.g.,
Bowers et al., 2005). This latter point is particularly relevant as excluding such impact would indicate
that that the findings of the present study should be mainly traced back to the distributional history

of the n-grams composing the (pseudo)words.

To exclude that the observed effect could ascribed to language-independent aspects, across both
Experiment 1 and Experiment 2, we recoded participants’ responses according to the estimates
extracted from fastText DSMs pre-trained on Finnish and Basque (i.e., two languages that are
typologically far from Italian). In fact, if the observed effect were due to general meaning impressions

related to word forms (via iconicity or phonosymbolism, for example) we would find it even when

13
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using models trained on different languages than the one that is actually tested. Conversely, if the
Italian-trained model outperformed the Finnish and Basque-trained ones, the observed effect should
be interpreted as genuinely dependent on the distributional patterns at the sublexical level, and thus

on the human ability to build upon it via statistical learning.

Models for a number of languages are available here: https://fasttext.cc/docs/en/crawl-vectors.html.

We extracted from the Finnish and the Basque models vector representations for the words and the
pseudowords included in both Experiment 1 and Experiment 2 and tested whether participants’

responses aligned with their predictions.

Results showed that participants’ responses did not align with the Finnish model, z =.002, p = .99, b
=.0003, prob. = 50%, or the Basque model, z = .89, p = .37, b = .12, prob. = 53%. Similar patterns
were found for Experiment 2 across both Finnish, z = 1.48, p = .14, b = .20, prob. = 55%, and Basque,
z=.77,p=.44,b =11, prob. = 52%!'. These results indicate that the effects observed in Experiment
1 and Experiment 2 can be traced back to humans’ sensitivity to meaningful patterns of letters which
they were exposed during their (linguistic) experience, and not to the reliance on iconic or

phonosymbolic cues in the adopted stimuli®.

We hence implemented a way to estimate the semantic activation for pseudowords that did not rely
on n-gram distributions, but rather on the impact of its orthographic neighbors. Therefore, as
additional control across both Experiment 1 and Experiment 2, we recoded participants’ responses
according to the estimates of an approach extending the orthography-to-semantics (OSC) analyses
proposed by Marelli and Amenta (2018), and that has seen a similar application to pseudowords in
Hendrix and Sun (2021). In this case the vector of each pseudoword was defined as the average vector
of its k closest orthographic neighbors (with £ = 5 following Hendrix & Sun, 2021) among the 20k
most frequent words attested in the Italian fastText model used (following Hendrix & Sun, 2021, and
Gatti et al., 2023). Notably, to exclude the effect of sub-word information in the processes at hand, in
this case the vector representations retrieved from fastText did not include sub-word information but
only the “whole-word” vector of each stimulus (i.e., corresponding to a classical word2vec approach;

Mikolov et al., 2013).

Overall, participants’ responses significantly aligned with the prediction of the OSC model only in
Experiment 1, z = 3.20, p = .001, b = .40, prob. = 60%, while in Experiment 2 this was not the case,
z=.86,p=.39, b=.12, prob. = 53%. Notably, even though in Experiment 1 participants’ responses

* Notably, across all these models, except for the Basque one in Experiment 2, we had to drop the intercept of the
participants due to singular fit, thus indicating that this portion of the random effect did not contribute to explaining the
observed variability.
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aligned with the OSC model, the effect observed when the predictions included subword information

(i.e., the one tested in Experiment 1; prob. = 66%) was substantially larger.

These control analyses indicate that the effects observed are related to actual systematicity in the
distributional history of sublexical units within a given language, and not trivially dependent on the
processing of orthographic neighbors, thus toning down interpretations related to phenomena such as

the turple effect or the impact of embedded strings (e.g., Bowers et al., 2005; Forster & Hector, 2002).

Discussion

In the present study, we investigated whether humans’ intuitions about the meaning of novel words
can be observed in a task requiring an explicit decision between two alternatives. We took advantage
of a distributional semantic model (DSM), namely fastText (e.g., Bojanowski et al., 2017), able to
approximate the semantic information evoked by sub-word units in language and explored whether
such prediction is aligned with participants’ intuitions. Across two 2AFC experiments, participants
were shown a target item (i.e., a word in Experiment 1 and a pseudoword in Experiment 2) and two
other alternative items (i.e., two pseudowords in Experiment 1 and two words in Experiment 2) and
were then asked to indicate which of two strings of letters they felt to be more related to the target
item, in terms of the meanings they evoked in their semantic memory. Results showed that
participants reliably selected the stimulus produced by the DSM used. Notably, the language used in
the present study — Italian — is completely transparent and thus, by controlling for orthographic
information, we also directly ruled out possible phonological constraints. Follow-up analyses further
revealed that the higher the difference in cosine similarity between the alternatives and the target the
higher the probability of responding consistently with the model predictions, thus ruling out the
possibility that the effect was item-dependent. That is, while the fact that participants responded
consistent with the prediction of the model higher than chance could have been caused by the structure
of the item set (i.e., the distribution of the population could be centered on chance level and we could
have sampled more items from one of the two halves), the follow-up analysis directly traces back the
observed effect to a specific process (i.e., the semantic information evoked by sub-word units as

predicted by the DSM).

Overall, these findings extend previous evidence suggesting that, at the implicit level, humans are
sensitive to the semantic patterns elicited by novel words: this effect can be indeed observed also
when requesting explicit intuitions. Overall, the present study indicates that humans can exploit

distributional information in their language to explicitly make sense of novel (seemingly
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meaningless) stimuli. Because the task we employed is very simple, this also speaks in favor of the
generalizability of this phenomenon to many everyday life situations. Moreover, whereas previous
studies post-hoc produced model estimates for stimuli employed in existing experiments, here we
applied the model to directly and automatically generate an item set that was then administered to
participants. In this perspective, the present study speaks for the reliability of the fastText estimates
and their wide applicability in cognitive research; the model does not only produce robust measures

but can also predict novel unexplored phenomena.

The effects described can be traced back to humans’ tendency to detect systematic and statistical
regularities in the (language) environment (Romberg & Saffran, 2010; Vidal et al., 2021) and thus
can be framed within non-arbitrary perspectives on language, with specific reference to systematic
mapping (Dingemanse et al., 2015). Within this context, systematic mapping refers to the reliable
statistical relationships between sub-lexical structures and semantic features (e.g., Nolle et al., 2018).
Reliance on systematic (but also iconic) pattern has been shown within early-age word learning (Imai
et al., 2008; Monaghan et al., 2011; Monaghan & Roberts, 2021; Nielsen & Dingemanse, 2021) and,
more generally, in scaffolding the production and comprehension of language (Perry et al., 2018).
Consistent with this theoretical line, several studies have shown that, when processing novel words
or words from an unfamiliar language, speakers exploit form-related cues to activate meaning
information (Cassani et al., 2020; Forster & Hector, 2002; Louwerse & Qu, 2017). More specifically,
our results extend those described by previous studies employing (linear) discriminative learning (i.e.,
implementing linear mappings between pseudowords form and semantic vectors; Baayen et al., 2019)
algorithms to account for the systematic relation between pseudowords forms and their meanings
(e.g., Cassani et al., 2020; Chuang et al., 2021). In parallel, seminal (distributed) connectionists
approaches argued that morphology (i.e., how words are formed) might reflect a learned sensitivity
to the systematic relationships among the surface forms of words and their meanings (e.g., Plaut &
Gonnerman, 2000). Consistent with this, recently Ulicheva and colleagues (2020) have shown across
multiple tasks that (in English) suffixes are highly informative of parts of speech, and that readers are
sensible to this sub-lexical regularity. Critically, in explaining humans’ behavior as observed in the
present study, we may argue that fastText’s architecture, by relying on sub-word information, might
computationally index the same form-to-meaning components that were algorithmically described by
these pioneering approaches. Notably, strengthening the observed effects, while the Plaut &
Gonnerman (2000) model required the modeller’s input in the pre-segmentation phase (see: Rastle &
Davis, 2008, but also: Stevens & Plaut, 2022), fastText works blindly, with this (possibly) providing

new (and entirely bottom-up) ways to discovering the meanings of morphemes.
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Building upon these theoretical perspectives and pushing the argument further, humans’ ability to
overtly exploit sublexical information when making sense of novel but plausible linguistic
information can be linked to psychological models that describe lexical effects as an epiphenomenon
of stable statistical patterns between form and meaning (e.g., Baayen et al., 2011, 2019; Harm &
Seidenberg, 2004; Milin et al., 2017; Seidenberg, 1995). More specifically, in the model proposed by
Harm and Seidenberg’s (2004), semantics, orthography and phonology constitute the angles of a
triangle and its sides represent the interconnected (and possibly bidirectional) nature of the processes
at hand. Interestingly, in this model, semantics emerges following information running through both
the ortho-semantic and the phono-semantic pathways. Considering this, we can interpret the effect of
sublexical information when understanding novel words via the processing of orthographic
information to activate meaning (i.e., the side of the triangle linking orthography and semantics) and

thus ultimately describing form-to-meaning mapping.

Other relevant theoretical approaches can be used to explain our findings, like the dual route cascade
model (DRC, see Coltheart et al., 2001) and the dual-route approach to orthographic processing
(Grainger & Ziegler, 2011). According to the former model, humans would rely on two distinct
pathways when recognizing a word: a lexical one, involved in recognizing words directly via
representations of word forms stored in memory, and a non-lexical one, based on sublexical
regularities and commonly used to decode unfamiliar letter strings. Given the absence of a lexical
entry (i.e., the pseudoword does not exist in the vocabulary, and thus the lexical route cannot be
activated), we can interpret our findings as humans’ reliance on the non-lexical route and thus to the
emergence of semantic information encoded at the n-gram level through the use of sublexical
(orthographic) regularities. However, while in the classical DRC (e.g., Coltheart et al., 2001) lexical
and sublexical pathways run parallelly, and thus the latter one cannot affect semantic processes, our
results speak for possible interactions between the two routes. Alternatively, these results could be
framed within the classical DRC by keeping the notion of parallel pathways, and by arguing that the
lexical pathway could be sensitive to (distributionally) salient strings of letters, with this ability
serving as a bridge to semantics. Finally, according to Grainger and Ziegler (2011), humans are
thought optimize the mapping of form to meaning by using two different prelexical orthographic
codes: a coarse-grained one which facilitates the access to word meaning by relying on the
identification of highly informative letters, and a fine-grained one which is characterized by the
detection of (pre-existing) relevant sublexical combinations of letters. We can interpret the results of
the present study as a reader’s reliance on the latter code, that can be activated (even) when the
stimulus has no place on the vocabulary of a given language and explicitly exploited to make sense

of novel (linguistic) information.
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The observed effects can be further framed by drawing a parallel with episodic memory. When
experiencing a new event, individuals can try to make sense of it by exploiting information from
events they encoded during their lives (e.g., Tulving, 1993; 2002). This can be done at the declarative
(i.e., explicit) level by navigating at will within the information stored in memory and then by
retrieving it. Similarly, here, individuals are shown to (overtly) navigating within their semantic
memory to search for a (possible) way to interpret the meaning of novel words. This encompasses
the idea that semantic memory is a generative system that constantly deals with novel information,
as supported by studies estimating that an adult speaker learns from 1.7 (Nation, 2006) to 11 (Nagy
& Anderson, 1984) novel words per day (Brysbaert et al., 2016). In doing so, humans would take
advantage of low-level featural elements found in the environment that, in the case of verbal stimuli,
are ultimately quantifying the (distributional) learning history of sub-word units in language. Indeed,
given the nature of the DSM applied here, these findings are consistent with a view of semantic
memory as a cognitive system that taps onto general-purpose associative learning mechanisms
(Giinther et al., 2019). Pushing forward these generative capabilities of semantic memory, this
explicit effect indicates that, in principle, humans could be able to exploit systematic regularities of
sublexical units in a given language not only when processing novel words, but also when asked to
generate novel labels for new (or existing) concepts. This topic can be of great applicative interest,

and we believe constitutes the major future direction for the findings reported here.

Regarding other future directions, the method adopted here could be easily applied to answer novel
empirical questions. For example, one might test to what extent bilingual individuals rely on L1 or
on L2 when performing a similar task. Additionally, in the present study we used plausible linguistic
stimuli shown in isolation; a possible extension is hence related to the use of pseudowords in context
and/or stimuli that do not follow a given language’s orthotactics. This allows to test how the reliance
on sub-word information when dealing with novel linguistic stimuli can be generalized across
different scenarios and tasks. This latter perspective is particularly intriguing as it would allow to
clarify whether the findings of the present study, that is that (pseudo)word meaning can be extracted
from the distributional history of the n-grams composing the stimulus, is dependent on the readability
of the stimuli. Indeed, non-readable stimuli typically include sublexical elements that are extremely
rare, if at all attested (e.g., “klvmst” or “rptglf”). Their associated distributions might hence not be
informative enough to elicit any semantic intuitions, shaping readability as a crucial condition to set
off semantic access. Interestingly, as fastText allows to specify the length of the sequences of letters
(i.e., the n-grams) to be considered in the training phase, future studies could address this point by
training ad-hoc models including information from shorter n-grams generally not considered in pre-

trained models (e.g., uni-grams, bi-grams) and using the experimental procedure adopted here.
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A possible source of concern is related to the use of computational modeling in predicting human
behavior. On the one hand, indeed, one should be careful in inferring that model’s parameters and
algorithms can be directly applied to human cognition. On the other hand, the empirical evidence
presented here indicates that there is a certain degree of overlap between fastText predictions and
humans processing of novel information. When reasoning about fast7Text characteristics, one should
always keep in mind that it is a resource build within natural language processing contexts with the
explicit applicative scope of facilitating and improving text representation (and not pseudoword
representation!). We believe that this latter point does strengthen even more our results as fastText
architecture was not explicitly tuned for the material and processes we are investigating, but

nevertheless it can be used to (successfully) capture humans’ responses to such stimuli.

In conclusion, using DSMs we provide evidence that humans are able to exploit sub-word information
when dealing with novel words in an explicit task, thus demonstrating that semantic (explicit)
intuitions on the meaning of novel (verbal) stimuli can be traced back to domain-general associative
mechanisms. Our findings directly support theories on the non-arbitrariness of language and provide

novel insights into the distributed structure of human semantic memory.
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