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Abstract

The origin of abstract concepts remains a central question in
cognitive science. Empiricists argue that abstract concepts can
be learned through a small set of domain-general cognitive
mechanisms, whereas nativists argue that most abstract
concepts are not learned at all. To explore these opposing
views, we examine the abstract concept of number. Drawing
on a recent “emergentist” proposal derived from machine
learning models, we tested whether stimuli that align with
experiences critical for an empiricist view of number
perception result in more accurate and less variable numeric
estimations. Five- to nine-year-olds were tested on stimuli that
conformed to the natural statistics of objects (i.e., number was
correlated with features such as cumulative area and spatial
position, and the distribution of stimuli was power-law based)
or those that did not comply with these statistics. We find little-
to-no evidence for predictions of the emergentist theory when
presenting children with natural stimuli.

Keywords: Number; nativism; empiricism; computational
modelling.

Introduction

An incredible feat of the human mind is its ability to reason
and represent concepts abstractly. How exactly we acquire
such concepts is under considerable debate (for review, see
Laurence & Margolis, 2024). Empiricists argue that abstract
concepts are learned from a small set of domain-general
cognitive mechanisms while nativists believe they aren’t
learned but emerge via special purpose learning mechanisms
or maturation. We investigated one abstract concept that has
compelling evidence on both sides: the concept of number.
A nativist perspective of number perception claims that
number is represented via a domain-specific module, the
Approximate Number System (ANS; Dehaene, 1997,
Feigenson et al., 2004). To support this claim, evidence from
comparative psychology (Brannon and Terrace, 1998;
Howard et al., 2019; Rugani et al., 2015), cross-cultural
studies (Dehaene et al., 2008; Ferrigno et al., 2017; Frank et
al., 2008; Piazza et al., 2013), and developmental work with
newborns and infants (Izard et al., 2009; Xu and Spelke,
2000) all show a sensitivity to changes in cardinality with
little-to-no experience with formal arithmetic, number words,
etc. Developmental improvements in number perception are
seen as maturational. Additionally, research disentangling
number from non-numeric variables (e.g., cumulative area,
density, etc.; DeWind et al., 2015; Starr et al., 2017) and work
highlighting specific neurons and brain regions that

correspond with changes in cardinality (Piazza et al., 2004;
Nieder, 2005; Nieder & Miller, 2004) demonstrate that
number is a specific psychological representation and not part
of a set of domain-general sense of quantity.

The empiricist perspective claims that number emerges via
domain-general learning mechanisms and experience. For
example, the “the emergentist perspective” (Testolin et al.,
2020; Zorzi & Testolin, 2018) of number perception argues
that number is a byproduct of how the brain learns to
compress rich sensory input. This can be demonstrated in
simple neural networks that are trained — without supervision
— to re-create their own inputs using layers smaller than the
input. Testolin et. al (2020) show that a neural network that
learns to re-create objects in natural scenes spontaneously
develops number-specific neurons with developmental
improvements in this network closely mirror those of
children. This opens the possibility that humans similarly
learn about number through passive experience with real-
world scenes (see also S. Y. Chen et al., 2018; Creatore et al.,
2021; Kim et al., 2021; Stoianov & Zorzi, 2012; Testolin,
Dolfi, et al., 2020; Zorzi & Testolin, 2018).

The emergentist perspective has been very successful in
accounting for the existing developmental data on number
perception (see Zorzi & Testolin, 2018 for a review).
However, a stronger test would be to derive novel predictions
about how number perception should function given
emergentist models and then test these in human observers.

Odic and Oppenheimer (2022) did exactly this. A key
prediction of emergentist models is that number perception
should be superior when viewing stimuli that resemble
natural scenes on which number perception was theoretically
trained on. That is, the closer the test stimuli are to the
training stimuli, the better number perception should be.
Contrary to this, however, they find that adult observers are
no better — and are sometimes worse — at estimating number
in real-world photographs compared to artificial stimuli.

While offering a preliminary test of the emergentist
account, these results can still be integrated within the
emergentist theory in two ways. First, an emergentist could
argue that adults have gained sufficient experience with all
kinds of visual stimuli, so that the preference for natural
properties may have vanished; children, therefore, offer a
more robust test. Second, while Odic and Oppenheimer
(2022) tested one type of natural statistic — the correlations
between number and non-numeric features such as size, the
spatial distribution of objects in real-world scenes, etc. — this
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is not the only relevant statistic. An even more prominent
feature of natural scenes is that number is distributed in a
strongly right-skewed power-law distribution (i.e., there are
substantially more natural scenes with less than 10 objects
compared to more than 10 objects; Piantadosi, 2016; Testolin
et al.,, 2020). Therefore, perhaps a sensitivity to natural
statistics can be detected in some natural features, like stimuli
adhering to a power-law distribution, but not others.

A recent study (Sanford & Halberda, 2024) extended some
of the above work to 5 — 9-year-old children, showing that
children also do no better on number perception tasks using
real-world photographs vs. using images from children’s
counting books (which often reverse the relationship between
number and the size of objects). However, this study did not
examine any developmental effects, instead comparing
children as a large group on real-world vs. counting-book
images. Additionally, their work did not test any sensitivity
to the distributional information of number in natural scenes.

In the current study, we tested whether 5 — 9-year-olds
perform better on a number perception task when testing
stimuli: (1) mirror features of natural scenes (e.g., the
correlation between number and cumulative, sense of depth,
and spatial location of objects, etc.) and (2) have a power-law
distribution of the number of objects over the course of the
experiment (see Figure 1). To do this, all children were
shown displays used to train and test emergentist neural
network models (Testolin et al., 2020) and asked how many
objects they saw. Importantly, some displays were based on
natural scene images where the natural correlations between
number and cumulative area, a sense of depth, and the spatial
location of objects were all maintained but other features such
as color or object identity were removed (“Natural Stimuli”).
Other displays were artificial, in that objects had no
correlation with cumulative area and were placed in a random
position (“Artificial Stimuli”). Additionally, half of the
participants saw stimuli where the number of objects
presented followed a right skewed distribution (i.e., “Power-
law Distribution™), similar to natural scenes, whereas the
other half of participants completed the experiment where the
number of objects were presented equally as many times (i.e.,
“Uniform Distribution”). The task was structured around two
Distribution between-subject conditions (Uniform vs. Power-
Law) and two Stimuli within-subject conditions (Natural vs.
Artificial), controlling for order of Stimuli.

If humans develop number perception like the
emergentist account suggests, then children should (1) be
most accurate and less variable in their estimations when both
features (i.e., Natural Stimuli + Power-law Distribution) are
present in the stimuli, (2) be least accurate and more variable
when these features are both absent (i.e., Artificial Stimuli +
Uniform Distribution), and (3) perform somewhere in the
middle if only one of the natural stimuli features were
present. We did not have a prediction as to whether just a
Power-law Distribution of numbers (paired with Artificial
Stimuli) or just the Natural Stimuli (paired with Uniform
Distribution) would produce a stronger effect, though —
because we control for order — we can detect any such

differences. Additionally, given that the emergentist account
suggests that number perception is learn via experience, we
predicted that older children (i.e., those with more experience
with the features of natural scenes) would show stronger
effects (i.e., better accuracy, lower variability) for conditions
where the features of natural scenes were present.

Method

Participants

One-hundred-and-sixteen children (63 girls, 53 boys) were
recruited from the Vancouver area. Children were between
the ages of 5- and 9-years-old (M = 6;11 [years; months],
range = 5;0 — §;11).

Individual responses for each participant were excluded
from analysis if they were (1) zero or above 64 (i.e., double
the maximum number shown) and (2) 3 standard deviations
above or below the participant’s mean estimate.
Additionally, participants were excluded and replaced if they
(1) did not complete the task (n=17), (2) the removal of
outlier responses removed more than 10% of their responses
(n=14), (3) participants’ responses produced a linear slope
that was not significantly higher than 0 at p <.05 (n=12), and
(4) participants’ estimated slopes were 3 SD higher or lower
than the rest of their answers (n = 1). These exclusion rates
are consistent with previous work on number estimation in
young children who recently acquired number words and
such criteria are used to flag children that are not paying
attention (Dramkin & Odic, 2024; Libertus et al., 2020).

Materials

All participants saw two stimuli sets that deviated in whether
stimuli were based on natural scenes or were artificial. The
images in the Natural stimuli set were created by Testolin et
al. (2020) from the datasets used for the PASCAL detection
challenge. Original images contained pictures of natural
scenes (e.g., cows in a field) with rectangular bounding boxes
around objects. Testolin et al. (2020) replaced these bounding
boxes with non-overlapping white rectangles on a black
background, maintaining natural correlations between
number and cumulative area, r(75,072) = .23, p < .001, a
sense of depth, and the spatial location of objects while
removing other features of the scene that were not the focus
of the current study. Images in the Artificial stimuli set
(referred to as the ‘S&Z dataset’ by Testolin et al., 2020)
contained white rectangles where object position was random
and the correlation between cumulative area and number was
controlled, #(41,598) = .00, p = .972, both of which are not
characteristic of natural scenes. A subset of the stimuli used
in Testolin et al. (2020) was randomly sampled and used in
the current study. This random selection process maintained
a marginal correlation between number and cumulative area
in the Natural stimuli set, #(39) = .30, p =.059, and a lack of
correlation between number and cumulative are in the
Artificial stimuli set, #(39) = .06, p <. 714. Like Testolin et
al.’s (2020) study with neural networks, we restricted our
experiment to numbers up to 32. Additionally, numbers 1 to
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6 were excluded to eliminate the possibility of subitizing.
Figure 1 shows examples of the stimuli used.

While each participant saw one block of the Natural
Stimuli images and one block Artificial Stimuli images (order
was counterbalanced), each participant was randomly
assigned to one of two conditions based on the distribution of
numbers presented in the experiment: Power-law (i.e., based
on natural scenes) and Uniform (i.e., more artificial). In the
Power-law distribution condition, each number of items from
7 to 32 was approximately represented following a power-
law function (See Figure 1). Specifically, there were nine
trials with 7 objects, six trials with 9, five trials with 11, four
trials with 13, three trials with 16, two trials with 19, one trial
for 23, 27, and 32. In the Uniform distribution condition, the
number of objects was uniformly distributed: there were four
trials with 7, 9, 13, 16, 19, 23, 27, and 32 objects each. In
total, children saw 32 trials per stimuli category, totaling 64
trials total in the experiment.

Uniform / Artificial Stimuli

x4 x4 x4 x4

Uniform / Natural Stimuli

x4 x4 x4 x4

Power-law / Artificial Stimuli

x9 x5 x2 x1

—— Power-law / Natural Stimuli ——————
x9 x5 x2 x1

Figure 1: Examples of stimuli. Children either saw stimuli
following a natural (i.e., power-law) or artificial (i.e.,
uniform) distributions of numbers with one block containing
images of natural stimuli and one block containing images
of artificial stimuli. Blocks were counterbalanced.

Procedure

Participants were tested in-person in a quiet room on an
iMac running PsychoPy. Children were first randomly
assigned to either the Power-law or Uniform Distribution
condition. No participant completed both Distribution
conditions. To keep child participants engaged and maintain
their attention over the entire experiment, an experimenter
introduced the experiment as a game where children were
tasked with helping a construction worker build new
buildings by estimating the number of bricks he was using.
The task included two blocks of 32 trials for a total of 64
trials over the entire experiment. One block included images

with Natural Stimuli whereas another block contained
images of Artificial Stimuli. For each trial, stimuli were
presented for 500 ms which is fast enough to prevent
counting. Participants verbally reported how many “bricks”
they saw as the experimenter typed out the response. No
feedback was given to prevent calibration and anchoring.

Results

Individual differences in number estimation tasks are
characterized by two signatures: estimation accuracy (i.e., )
and estimation variability (i.e., ©). To derive estimate
accuracy and variability, we used the PsiMLE method (Odic
et al., 2016). When interpreting the first parameter, B (i.e.,
estimate accuracy), the further f is from 1.0, the worse the
participant is at matching their estimates to the target number.
Values below 1.0 demonstrates underestimation whereas
values above 1.0 demonstrate overestimation. A typical 3
value in the domain of number is around 0.80 for adults
(Krueger, 1984; Odic et al., 2016) but tends to be lower in
young children (Libertus et al., 2020). The second parameter,
o, models estimation variability: when o is closer to 0.0 then
participants’ responses are less variable whereas when o is
higher, then participants’ responses are more variable. A
typical ¢ value in number estimation is around 0.20 for adults
(Cordes et al., 2001) but tends to be higher in young children
(Libertus et al., 2020). If the emergence of the ANS is in line
with the empiricist account, then we should expect
participants in the Natural Distribution and Natural Stimuli
conditions to produce f values closer to 1.0 compared to all
other conditions and produce the lowest ¢ values (see Odic &
Oppenheimer, 2022 for simulations).

We first examined the raw estimates across target
numbers. Figure 2A shows the average response across all
target numbers with the dotted line denoting perfect
performance in the task. As can be seen in Figure 2A, the
average estimate increases with target number for all
conditions, highlighting that participants were able to extract
numeric information from displays.

Table 1: Estimation accuracy and variability.

Accuracy (B) Variability (c)
M SD M SD
+1[%jrrtlllff:1(z:?aﬁ 0.65 0.31 0.31 0.1
fiﬁﬁ’rﬁ? 063 037 031 0.12
Sl 071038 025 009
Joverlawo64 039 027 0l

To quantify if a Power-law Distribution and Natural
Stimuli produced more accurate numerical estimations, we
examined estimation accuracy (indexed as B; see Table 2)
across all four conditions. A 4 (Age Group: 5-, 6-, 7-, 8-
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years-olds) by 2 (Distribution: Power-Law, Uniform) by 2
(Stimuli: Natural, Artificial) mixed effects ANOVA with 3
as the dependent variable revealed no main effect of Age
Group, F(3, 214) = 0.36, p = . 785, #°» = 0.005, no main
effect of Distribution, F(1,214) = 0.64, p = .424, 5%, =
0.002, no main effect of Stimuli, F(1, 214) = 0.00, p = .989,
7% = 0.000009, no interaction between Age Group and
Distribution, F(3, 214) = 0.71, p = .545, % = 0.01, no
interaction between Age Group and Stimuli, F(3, 214) =
0.52, p = .670, #°» = 0.001, no interaction between
Distribution and Stimuli, F(1, 214) = 0.31, p = .580, %, =
0.01, and no interaction between Age Group, Distribution,
and Stimuli, (3, 214) = 0.25, p = .861, n% = 0.003. Results
suggest no advantage for the Power-law Distribution or the
Natural Stimuli conditions, contrary to the emergentist
account of number perception (Figure 2B). Additionally,
these results held across all age groups. To make sure our
exclusion criteria did not disproportionately remove lower-
performing children from our sample, we conducted those
same analyses with all children but found no differences.

>

= = N N W
a o O
M M

o
1

mean estimate

o o
2 "

10 15 20 25 30
target number

@ = Uniform / Art. Stimuli
@ =Power-law/ Art. Stimuli

@ = Uniform / Nat. Stimuli
© = Power-law / Nat. Stimuli

Figure 2: (A) Mean estimates across numbers. Dotted line
denotes 100% accuracy. (B) Mean accuracy (j) across
conditions. (C) Mean variability (o) across conditions.

Because our original analyses treated age as a discrete
variable, there is the potential that we were not capturing
more nuanced developmental differences. To address this, we
treated age as a continuous variable and examine whether
continuous age and accuracy (P) are related across all four
conditions. For evidence in line with the empiricist account
of number perception, we would expect a more positive
relationship between continuous age and accuracy (B) for the
conditions that correspond with features of real-world scenes
(i.e., Power-law Distribution, Natural Stimuli). We find no

relationship between continuous age and accuracy (B) for the
Power-law Distribution/Natural Stimuli condition, #(55) =
0.02, p = . 864, no relationship for the Power-law
Distribution/Artificial Stimuli condition, #(55) = 0.09, p = .
520, no relationship for the Uniform Distribution/Natural
Stimuli condition, #(57) =0.08, p = . 524, and no relationship
for the Uniform Distribution/Artificial Stimuli condition,
r(57)=0.06, p =. 629 (Figure 3).

UNIFORM ART STIM UNIFORM NAT STIM

1.6 .
— —~15
gl -« .- g
. .
& ¢ S e 10
o
gos Sy tee %o %, g
2% | e s o—o ————— ————{
Q b T e ° D05
o L A e ¢ o
S 04 °,°8 oo * I
AT o
5 6 7 8 9 5 6 7 8 9

age (continous) age (continous)

POWER LAW ART STIM POWER LAW NAT STIM
2.0 0 2.0
) % =
~15 ~15
> . . >
[5) o . [5)
@ 1.0 . ° © 1.0
S| s 5
Sosq, . -'\-""-’ Sos
© ® 0. O° . ©
= 0.0
5 6 7 8 9 5 6 7 8 9

age (continous) age (continous)

Figure 3: Correlation between accuracy () and
continuous age for all four conditions.

Different cognitive processes can yield equally accurate
solutions but may differ in how long it takes to reach such
solutions. To test whether the time it took to complete each
trial differed between Natural and Artificial stimuli, we ran a
2 (Distribution: Power-Law, Uniform) by 2 (Stimuli: Natural,
Artificial) mixed effects ANOVA with reaction time as the
dependent variable. Results revealed no main effect of
Distribution, F(1, 226) = 0.81, p = .369, #?, = 00357, no main
effect of Stimuli, (1, 226) = 0.55, p = .458, 1°» = 0.00244,
no interaction between Distribution and Stimuli, F(3, 226) =
0.004, p = .953, %, = 0.00002, suggesting no differences in
process timing among all the conditions tested.

One alternative explanation for the lack of accuracy
differences (B) is that the novelty of the artificial stimuli
recruited extra attentional resources. To test this, we
compared estimation accuracy on the first and last trial of the
Artificial Stimuli condition. If novelty had enhanced
accuracy, we’d expect the first trial to show higher accuracy
in the Artificial Stimuli condition. However, a paired samples
t-test revealed the opposite: accuracy was higher on the last
trial (M = 0.80, SD = 0.37) than the first trial (M = 0.70, SD
=0.28), #((113) =-2.53, p = .01.

Next, we examined estimation variability (indexed as o;
see Table 2) across all conditions. A 4 (Age Group: 5-, 6-, 7-
, 8-years-olds) by 2 (Distribution: Power-law, Uniform) by 2
(Stimuli: Natural, Artificial) mixed effects ANOVA with o
as the dependent variable revealed a main effect of Age
Group, F(3, 214) = 10.65, p < .001, #? = 0.13, a main effect
of Distribution, F(1, 214) = 11.59, p = .001, #* = 0.05, no
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main effect of Stimuli, F(1,214)=0.22, p=.643, #%,=0.001,
no interaction between Age Group and Distribution, F(3,
214)=1.62, p = .185, #* = 0.02, no interaction between Age
Group and Stimuli, F(3, 214)=0.71, p = .547, %, = 0.01, no
interaction between Distribution and Stimuli, F(1, 214) =
0.81, p = 371, °» = 0.004, and no interaction between Age
Group, Distribution, and Stimuli, F(3, 214) =0.52, p = .667,
7% = 0.007. The main effect of Age Group is not surprising
given that previous research demonstrates that children get
less variable and more precise in the numeric estimation over
development (Halberda & Feigenson, 2008) and can be
equivalently explained by the nativist account (i.e., via
maturation) and empiricists (i.e., via experience). The main
effect of Distribution suggests an advantage for stimuli that
exhibit one of the features of real-world scenes (i.e., power-
law distribution of objects), consistent with an emergentist
account of number perception. However, this effect should
also increase with age given that older children have more
experience, yet we do not observe an interaction between Age
Group and Distribution. To make sure our exclusion criteria
did not disproportionately remove lower-performing children
from our sample, we conducted those same analyses with all
children and found that there was no longer a main effect of
Distribution. All other results were replicated.

UNIFORM ART STIM

UNIFORM NAT STIM

od
©

variability (o)

/

e
)

5 6 7 8 9
age (continous)

POWER LAW NAT STIM

ty (g)

/

variability (o)

variability

o o o
2R

5 6 7 8 9
age (continous)

o

6 7 8 9
age (continous)

Figure 4: Correlation between variability (o) and
continuous age for all four conditions.

We treated age as a continuous variable and examine
whether continuous age and variability (o) are related across
all four conditions. For evidence in line with the empiricist
account of number perception, we would expect a more
negative relationship between continuous age and accuracy
(o) for the conditions that correspond with features of real-
world scenes (i.e., power-law distribution, natural stimuli).
We find a negative relationship between continuous age and
variability (o) for the Power-law Distribution/Natural Stimuli
condition, 7(55) =-0.30, p =. 026, a marginal relationship for
the Power-law Distribution/Artificial Stimuli condition, r(55)
=-0.24, p = . 070, a negative relationship for the Uniform
Distribution/Natural Stimuli condition, 7(57) = -0.46, p <

.001, and a negative relationship for the Uniform
Distribution/Artificial Stimuli condition, #(57) = -0.34, p =
.008 (Figure 4). Given that the relationships appear to be
higher in the Uniform Distribution conditions, this can be
interpreted as evidence that children are more rapidly
developing number estimation variability for Uniform
compared to Power-law distributions.

Because children always saw both the natural and
artificial stimuli in two separate testing blocks, we tested if
the order in which participants saw these stimuli (i.e., natural
following artificial, artificial following natural) contributed
to any of our findings. A 4 (Age Group: 5-, 6-, 7-, 8-years-
olds) by 2 (Order: Artificial/Natural, Natural/Artificial) by 2
(Stimuli: Natural, Artificial) mixed effects ANOVA with
as the dependent variable revealed no main effect of Age
Group, F(3,214)=0.35, p=. 787, #* = 0.005, no main effect
of Order, F(1, 214) = 0.58, p = .446, #* = 0.002, no main
effect of Stimuli, (1, 214) = 0.00, p = .988, #°, = 0.00001,
an interaction between Age Group and Order, F(3, 214) =
7.66, p < .001, % = 0.10, no interaction between Age Group
and Stimuli, F(3, 214) = 0.43, p = .732, % = 0.006, no
interaction between Order and Stimuli, (1, 214)=3.11,p =
.080, #*% = 0.01, and no interaction between Age Group,
Order, and Stimuli, F(3, 214) =0.11, p =.956, 7%, = 0.01. As
seen in Table 3, this interaction between Age Group and
Order was carried by the fact that young children who began
with the Natural Stimuli condition (independent of
distribution) showed lower p values (i.e., they were worse
than when starting with the Natural Stimuli condition).

Table 3: B values across age and order of stimuli

Natural/Artificial Artificial/Natural

M SD M SD

5 0.43 0.25 0.90 0.43
6 0.66 0.40 0.56 0.32
7 0.75 0.40 0.62 0.32
8 0.66 0.25 0.70 0.37

A 4 (Age Group: 5-, 6-, 7-, 8-years-olds) by 2 (Order:
Artificial/Natural, Natural/Artificial) by 2 (Stimuli: Natural,
Artificial) mixed effects ANOVA with ¢ as the dependent
variable revealed a main effect of Age Group, F(3, 214) =
9.86, p < .001, #?, = 0.12, no main effect of Order, F(1, 214)
=1.20, p = .275, #?» = 0.006, no main effect of Stimuli, F(1,
214)=0.21, p=.651, #%,=0.001, no interaction between Age
Group and Order, F(3, 214) = 0.54, p = .653, % = 0.008, no
interaction between Age Group and Stimuli, F(3, 214) = 0.80,
p = 494, n% = 0.01, no interaction between Order and
Stimuli, F(1, 214) = 2.62, p = .107, #* = 0.01, and no
interaction between Age Group, Order, and Stimuli, F(3,
214) = 0.70, p = .554, 5%, = 0.01. Results suggest that order
did not influence the variability of responses.

Discussion

The current study further examined the origin of abstract
concepts by testing whether a relatively recent empiricist
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theory (i.e., the emergentist account) can be validated in
children. Using number as a case study for abstract concepts,
we tested the prediction that children would perform better
on a number perception task (i.e., more accurate and less
variable responses) when the testing stimuli (1) were derived
from real-world images that contained natural correlations
between number and cumulative area, a sense of depth, and
the spatial location of objects, and (2) followed a power-law
distribution of objects, another common feature of natural
scenes. We see no advantage for accuracy when participants
saw either the natural stimuli or power-law distribution and
when participants saw both features of natural scenes. We
find a small but significant effect for the Power-law
Distribution condition in variability of responses, with
variability being lower in the Power-law Distribution
condition compared to the Uniform Distribution condition.
We find no developmental effects, except that the youngest
children show lower (i.e., worse) estimation if the first block
they completed was the Natural Stimuli condition.

Our results are contrary to the emergentist account.
Replicating previous work in adults (Odic & Oppenheimer,
2023) and children (Sanford and Halberda, 2024), we find no
advantage in number perception for stimuli that matched
features of real-world scenes. Unlike previous work, we show
that there is also no developmental change in this effect. One
might argue that children no longer learn much about
numbers from passive experience (e.g., they’ve had sufficient
exposure), but fully trained "adult" models still show an
advantage in both estimation accuracy and variability with
natural stimuli (see Odic & Oppenheimer, 2023) and the
developmental period between 5 and 9 years is rife with
ongoing development of the ANS (Halberda & Feigenson,
2008; Odic, 2016). Furthermore, younger children did worse
on when they began with stimuli that matched features of
real-world scenes, contrary to what would be expected if
number sense emerges from scenes such as these.

While we found no effects of stimuli type (i.e., Natural vs.
Artificial) on performance, we did find an effect for the
distribution of target numbers across the experiment. The
Power-law Distribution showed an overall better (i.e., lower)
variability, consistent with emergentist models. However, we
find no interactions with age. This effect — by itself — is not
predicted by model stimulations in Odic & Oppenheimer
(2022), which show strong correlations in network
performance on accuracy and variability. Nevertheless, if the
pattern is reliable, this does suggest that children’s number
perception is more sensitive to the distributional features of
real-world scenes. For example, children may learn to expect
that most daily experiences contain fewer than 10 objects and
are therefore more precise when stimuli conform to that
expectation. Convergent work has shown that 5-year-olds
possess a low-number prior — an expectation that an array of
objects should contain a small number (Long & Odic, 2025).
This is consistent with work on the emergence of visual priors
(Girshick et al., 2011; Stocker & Simoncelli, 2006), some are
believed to be a product of experience with natural scenes
(e.g., the “light-from-above” prior; Adams et al., 2004).

Future emergentist models must be revised to produce the
pattern of separating variability from accuracy performance
to fully account for this developmental trend and account for
the lack of developmental effects for power-law distributions.

Although the effect for the power-law distribution on
variability aligns with the empiricist account of number
perception, this effect alone can also theoretically be
explained by the nativist account. Rather than children
utilizing this distributional information of natural scenes to
learn the concept of number over a lifetime of experiences,
humans may be tuned to environmental pressures and
develop innate priors about this distributional information
that coincide with a specialized system for number (i.e., the
ANS). This may explain why small cardinalities are
represented with substantially higher precision than larger
ones, even in infants (Piantadosi, 2016). The lack of an age
effect in our study further supports this nativist claim
compared to the explanations of the empiricist account.
Future research should examine younger children to
determine if developmental differences expected from the
empiricist account of number emerge earlier, or if evidence
suggests this distributional information is an innate prior.

Why might real-world distributions benefit number
perception whereas the stimuli based on natural scenes do
not? One possibility is that information like the correlations
between number and cumulative area, sense of depth, spatial
location of object, etc. may create an additional challenge in
isolating number from other cues in everyday scenes
(DeWind et al., 2015). A system that is specialized for
number perception (e.g., through evolutionary pressures)
would potentially do better by de-confounding number from
other features. Instead, cues like the distributional
information of natural scenes may instead be more relevant,
unique, and less conflicting than other types of information
for learning the concept of number.

Although our work showcases how novel predictions can
be derived from computational models to test new ideas and
theories, one limitation of the current work is that we did not
test computational models with the same intermixed research
design we used with children. Existing models have been
trained on either Natural and Power-Law Distributions or
Artificial and Uniform Distributions, but not on the
intermediate conditions. Perhaps some of these variants could
account for the differences observed here.

Our results can apply only to the ANS and numbers larger
than 4, as we only tested numbers outside of the subitization
range. It’s unclear whether correlations between number and
cumulative area, a sense of depth, and the spatial location of
objects benefit smaller numbers and if this system relies on
distributional information from natural scenes, as suggested
by the two-number systems theory (Feigenson et al., 2004).

Where abstract concepts originate remains a key issue in
cognitive science, with differing views from empiricists and
nativists. In examining the abstract concept of number, we
find results that are contrary to the empiricist account. These
findings contribute to the ongoing debate of how abstract
concepts may be learned and represented.
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