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Abstract

With the rapid improvement of machine learning (ML) models,
cognitive scientists are increasingly asking about their align-
ment with how humans think. Here, we ask this question for
computer vision models and human sensitivity to geometric
and topological (GT) concepts. Under the core knowledge ac-
count, these concepts are innate and supported by dedicated
neural circuitry. In this work, we investigate an alternative
explanation, that GT concepts are learned “for free” through
everyday interaction with the environment. We do so using
computer visions models, which are trained on large image
datasets. We build on prior studies to investigate the overall
performance and human alignment of three classes of models
— convolutional neural networks (CNNs), transformer-based
models, and vision-language models — on an odd-one-out task
testing 43 GT concepts spanning seven classes. Transformer-
based models achieve the highest overall accuracy, surpass-
ing that of young children. They also show strong alignment
with children’s performance, finding the same classes of con-
cepts easy vs. difficult. By contrast, vision-language models
underperform their vision-only counterparts and deviate fur-
ther from human profiles, indicating that naive multimodality
might compromise abstract geometric sensitivity. These find-
ings support the use of computer vision models to evaluate the
sufficiency of the learning account for explaining human sen-
sitivity to GT concepts, while also suggesting that integrating
linguistic and visual representations might have unpredicted
deleterious consequences.

Keywords: geometric reasoning; mathematical cognition;
cognitive alignment; computer vision models; vision-language
models

Introduction

Humans learn geometric and topological (GT) concepts
through mathematics instruction. Long before they begin for-
mal school, however, they show sensitivity to concepts such
as shape, angle, rotation, and translation, leading to the pro-
posal that they are part of core knowledge, i.e., innate and
supported by dedicated neural circuitry (Spelke & Kinzler,
2007). This may be the consequence of evolutionary pro-
cesses building in sensitivity to the mathematical and spa-
tial structure of the world, for example to support naviga-
tion (Gibson, 1979; Shepard, 1994). Supporting evidence
comes from the finding of similar sensitivities in non-human
animals (Chiandetti & Vallortigara, 2007; Pasupathy & Con-
nor, 1999; Vallortigara, 2018). The core knowledge account
“explains” the emergence of GT concepts in young children
who have not yet entered school and received formal mathe-
matics instruction.

A contrasting account is that GT concepts are learned “for

free”, through everyday experience in the world. This ac-
count has been less studied, perhaps because a strong empiri-
cal test would require “ablation” studies where organisms are
deprived of a typically rich environment in which to learn,
raising ethical questions even for animal subjects.

The recent rapid rise of deep learning models provides a
new way to test the sufficiency of the learning account. These
models are increasingly demonstrating human-level perfor-
mance in domains ranging from language acquisition (Ma,
Wang, & Chai, 2024; Ma, Pan, & Chai, 2023; Chang &
Bergen, 2022) to theory of mind (Ma, Sansom, Peng, & Chai,
2024; Jung et al., 2024; Y. He et al., 2023) to mathemati-
cal reasoning (Shah, Marupudi, Koenen, Bhardwaj, & Varma,
2023; Ahn et al., 2024) to concept understanding (Jin et al.,
2024; Vemuri, Shah, & Varma, 2024). In addition to their fi-
delity at the behavioral level, there is also increasing evidence
of their fidelity at the brain level. Researchers have mapped
the layers of convolutional neural network (CNN) models to
areas of the human visual system, specifically the ventral vi-
sual stream (K. He, Zhang, Ren, & Sun, 2015; Simonyan
& Zisserman, 2015; Krizhevsky, Sutskever, & Hinton, 2012;
Jacob, Pramod, Katti, & Arun, 2021; De Cesarei, Cavicchi,
Cristadoro, & Lippi, 2021; Lindsay, 2021). Portelance (2022)
argues that despite differences in the underling learning pro-
cesses of humans and ML models, we can use these models
to derive new hypotheses about human cognition, and con-
versely we can use cognitiv (neuro)science data to train more
human-like models. We adopt a similar view.

The current study evaluates the sufficiency of the account
that GT concepts are learned through experience in the world.
It builds on prior studies that have used CNN models and
found promising initial results. It replicates their findings
and extends their approach to two new and important classes
of computer vision models. The first is vision transformer
models, which are notable not just for their different archi-
tecture but also for their larger size and ability to be trained
on more data. The second class is vision-language models,
which learn about both the visual-spatial structure of the envi-
ronment and also its linguistic structure, and the mapping be-
tween the two. These models are of potential cognitive inter-
est given that dual-coding theory (Paivio, 1991) suggests that
processing information through both non-verbal and verbal
channels should be advantageous. We compare these three
classes of ML models to humans in three research questions:
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1. Do CNNs, transformers, and/or vision-language models
approach (or even exceed) the sensitivity to GT concepts
shown by children and adults?

2. Which models / architectures best align with human per-
formance, i.e., find the same classes of concepts easy vs.
difficult. Is their alignment close enough to consider them
viable cognitive science models?

3. How does adding language (i.e., symbols) to vision (i.e.,
space) affect the overall sensitivity and class-by-class
alignment of vision-language models?

Related Work
GT concept understanding in humans

Dehaene, Izard, Pica, and Spelke (2006) conducted a pio-
neering and comprehensive study of human sensitivity to GT
concepts. They developed a purely visual task that was ap-
propriate even for participants with no formal mathematics
education. In this task, each stimulus consists of six images.
Five images embody a particular GT concept but the sixth
does not. The images otherwise vary in their visual features.
The participant is simply asked to indicate the “odd one out”.
They developed stimuli for 43 individual concepts spanning
seven broader classes: Topology, Euclidean Geometry, Geo-
metrical Figures, Symmetrical Figures, Chiral Figures, Met-
ric Properties, and Geometrical Transformations. See Fig-
ure 1 for example stimuli for 7 concepts.

Dehaene et al. (2006) found that the Mundurucu, an in-
digenous Amazonian group whose members have no formal
schooling, were nevertheless sensitive to 39 of the 43 con-
cepts. Moreover, the Mundurucu adults and children per-
formed comparably. Marupudi and Varma (2023) replicated
these findings using a modified 2 alternative forced-choice
version of the odd-one-out task, and furthermore showed that
cognitive ability in general (i.e., fluid intelligence) and visu-
ospatial ability in particular (i.e., mental rotation) explained
only a small portion of the variability in people’s perfor-
mance. Izard and Spelke (2009) extended the Dehaene et
al. (2006) study to people from the US. A distinctive con-
tribution was testing both young children (ages 3-6 years)
and adults. The young children also displayed sensitivity to
GT concepts, displaying above-chance performance for 27 of
the 43 concepts. The finding of sensitivity to GT concepts in
samples that have had no formal schooling has been generally
interpreted as evidence for the core knowledge account.

Interestingly, the three studies found similar variation in
the relative difficulty of different GT concepts. For exam-
ple, participants from all groups — Mundurucu and Western,
children and adults — were highly accurate for Euclidean Ge-
ometry concepts, but found Geometrical Transformations to
be difficult. Capturing this variability is an important goal.

GT concept understanding in ML models

Computer vision researchers have documented the sensitiv-
ity of CNN models to various GT concepts. Jaderberg, Si-
monyan, Zisserman, and Kavukcuoglu (2016) showed that

CNNs with affine transformation are sensitive to parallel lines
but insensitive to the affine transformation themselves be-
cause affine transformation preserves parallel lines. Laptev,
Savinov, Buhmann, and Pollefeys (2016) demonstrated that
training on datasets augmented with rotated images can make
CNNs invariant to rotation transformations, which poten-
tially works against sensitivity to the rotation concept within
the Geometric Transformation class. Mumuni and Mumuni
(2021) provide a comprehensive review of approaches to ex-
tending the CNN architecture to handle non-trivial geometric
transformations.

The goal of this research — to develop models that are in-
variant to different geometric transformations, for the purpose
of better generalization — makes sense for computer vision.
For cognitive science, the question is whether these mod-
els learn human-like sensitivities. Hsu, Wu, and Goodman
(2022) tested the sensitivity of CNNs to Euclidean geometry
concepts, finding that humans outperform CNNs pre-trained
on the ImageNet (Deng et al., 2009). In the direct precur-
sor to the current study, Upadhyay, Marupudi, Varma, and
Varma (2025) investigated the sensitivity of a broad range of
CNN models to the 43 GT concepts of Dehaene et al. (2006).
ResNet-18 (K. He et al., 2015) showed the highest overall ac-
curacy, though it was still below that of the young children of
the Izard and Spelke (2009) study. They also found medium-
size correlations (r = 0.55) between the CNN models and hu-
mans in their average accuracies across the seven classes of
GT concepts. Thus, there is some evidence of alignment, but
also much room for improvement. In another related study,
Campbell, Kumar, Giallanza, Griffiths, and Cohen (2024) ex-
plored the sensitivity of vision transformer models such as
DINOV2 (Oquab et al., 2024) and CLIP (Radford et al., 2021)
to the Geometric Regularity stimuli of Sable-Meyer, Ellis,
Tenenbaum, and Dehaene (2022) and the Geometric Parts and
Relations stimuli of Hsu et al. (2022). These newer models
showed stronger alignment with human performance than the
older CNN model ResNet-50 (K. He et al., 2015).

Method
Models
The current study explored the sensitivity to GT concepts
and the human alignment of three classes of models — CNNss,

Transformers, and Vision-Language Models (VLMs). We se-
lected the following examples of each class:

¢ CNNs: ResNet-50, ResNet-18 (K. He et al., 2015), and
EfficientNet (Tan & Le, 2020)

* Transformers: Vision Transformer (ViT) (Dosovitskiy et
al., 2021) and DINOv2 (Oquab et al., 2024)

¢ VLMs: CLIP (Radford et al., 2021) with either a CNN or
ViT vision backbone, and ALIGN (Jia et al., 2021)

Some models were selected based on prior research. In partic-
ular, Upadhyay et al. (2025) found ResNet-18 to be the CNN
model that showed the greatest sensitivity to the GT concepts
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Figure 1: Example stimuli from the 7 categories from Dehaene et al. (2006). The odd-one-out is indicated by the red box.

of Dehaene et al. (2006), and Campbell et al. (2024) explored
the geometric sensitivity of CLIP, DINOv2, and ResNet-50.

We use versions of these models that are publicly avail-
able on Huggingface. For a fair comparison to the CNN-
based models, we used the “base” size variants of the Trans-
former and VLM models. All vision-only models (CNNs
and Transformers) except for DINOv2 were trained on im-
age classification tasks using supervised (image, class label)
pairs. DINOv2 was trained in a self-supervised manner on the
LVD-142M dataset (Oquab et al., 2024), a large-scale data
set curated specifically for this model. It contains ImageNet-
21k without requiring manual labels for its learning objective.
Specifically, it uses a self-distillation loss on both image-level
and patch-level representations, where a teacher model pro-
vides soft targets for a student model to learn robust repre-
sentations. All CNN models were trained on ImageNet-1k, a
subset of the much larger ImageNet-21k dataset used to train
the Transformers. The VLM models were trained on the con-
trastive loss between (image, caption) pairs to maximize the
similarity between the hidden representations of related im-
ages and captions. The training datasets for contrastive learn-
ing usually have to be much larger in size than those for learn-
ing image classification, and are not publicly available. No-
tably, the publicly available version of ALIGN was trained
on a publicly available dataset, COYO (Byeon et al., 2022),
and achieves comparable or superior performance to the orig-
inal, non-public ALIGN model. Table 1 summarizes the key
properties of the models and their training.

Stimuli and Datasets

We use the stimulus set from Dehaene et al. (2006). The set
consists of 43 stimuli (or ‘tasks’). Each stimulus corresponds
to a GT concept (e.g., parallel lines). It is composed of 6 im-
ages, 5 of which embody that concept and 1 of which does
not. The task is to select the odd-one-out image (see Fig-
ure 1). The 43 stimuli can be grouped into 7 categories (N):
Topology (4), Euclidean Geometry (8), Geometrical Figures
(9), Symmetrical Figures (3), Chiral Figures (4), Metric Prop-
erties (7), and Geometrical Transformations (8).

We obtained three human datasets from published stud-
ies. The first dataset comes from Dehaene et al. (2006), who
measured the performance of Mundurucu adults and children.
This is an indigenous Amazonian group whose members in-
habit isolated communities and receive little or no formal ed-
ucation. (That study found comparable performance in the
two age groups.) From Izard and Spelke (2009) we have the
performance of Western children between the ages of 3 and 6,
forming the second dataset, and from Western adults between
the ages 18 and 25, forming the third dataset.

Type Model #Params  Dataset # Training

Data
| ViT 86M ImageNet-21k 14M

Transformers | - y1NGy) 86M LVD-142M 142M
ResNet-50 26M ImageNet-1k 1.3M
CNN ResNet-18 11M ImageNet-1k 1.3M
EfficientNet 66M ImageNet-1k 1.3M
VLM CLIP-RNS50 90M WIT 400M
CLIP-ViT 150M WIT 400M
ALIGN 174M COYO 700M

Table 1: The eight models, their parameters, datasets, and
training data sizes.

Evaluation on Neural Models

We followed the evaluation method of the earlier CNN study
by Upadhyay et al. (2025); see also Campbell et al. (2024),
Muttenthaler, Dippel, Linhardt, Vandermeulen, and Kornblith
(2023), and Muttenthaler, Linhardt, et al. (2023). We first re-
scaled and cropped the 6 images in each stimulus to a size of
224 x 224. We then passed the images into the pre-trained
models and collected their representations from the final hid-
den layer !. In the VLMs, the images were processed entirely
by the image encoders. After collecting the image representa-
tions, we compute pairwise cosine similarities between the 6
images, and then for each image we computed its average co-
sine similarity to the other 5 images. The image with the low-
est average cosine similarity was selected as the odd-one-out.

I'The layer before any projection or classification.
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We repeated this process for all stimuli and for all models.

Results
Overall sensitivity

For each model, we computed the overall accuracy averaged
across the 43 concepts. Figure 2 shows these measures along
with the overall accuracy in each of the human datasets. All
but one of the models achieve higher overall accuracies than
would be predicted by chance (16.67%), zs > 2.3, ps < .02;
the only exception is ALIGN (z = 1.187, p = .118).

VLMs

CNNs
Transformers
Human Datasets

Accuracy (%)

Figure 2: Average accuracy on the odd-one-out task for both
the ML models and the human participants.

The Transformers outperform both the CNNs and VLMs,
achieving 46.67% (ViT) and 48.89% (DINOv2). By compar-
ison, the best-performing CNN, ResNet-18, achieves an ac-
curacy of 40%, and the best-performing VLM, CLIP (ViT),
achieves an accuracy of 37.78%.

Notably, only the Transformers show higher overall accu-
racies than the 3-6 year old children of Izard and Spelke
(2009) (37.72%). However, their performance is still far be-
low the 65.34% accuracy of the Mundurucu adults and chil-
dren (Dehaene et al., 2006) and the 85.10% accuracy of the
Western adults (Izard & Spelke, 2009).

The CNNs show comparable overall accuracies to the 3-6
year old children of Izard and Spelke (2009). Interestingly,
the two deeper models (EfficientNet and ResNet-50) show
slightly lower sensitivity to GT concepts (both 37.78%) than
the shallower model (ResNet-18, 40%), paralleling the find-
ings of Upadhyay et al. (2025).

The VLMs show the least sensitivity to GT concepts.
The best VLM, CLIP (ViT), achieves an overall accuracy of
37.78%, while the ResNet-50 variant of CLIP, CLIP (RN-
50), achieves an overall accuracy of only 33.33%. ALIGN
is the worst-performing model, achieving an overall accuracy
of only 24.44% despite being trained on the largest dataset.

Sensitivity by class
To further probe the sensitivities of the models, we evaluated
their average accuracy for each of the 7 classes; see Figure 3.
A number of notable patterns are visible at this finer-grain
level of analysis.

First, the high overall accuracy of the Transformers is not
driven by superior performance on one or two classes. Rather,

ViT and DINOV2 outperform all of the other models on 6 of
the 7 classes, with a few exceptions: The Transformers per-
form poorly on Symmetrical Figures concepts, and the CNN
model ResNet-50 achieves a higher accuracy for the Geomet-
ric Transformations class.

Second, the Transformers do not just achieve higher overall
accuracies than the 3-6 year old children of Izard and Spelke
(2009) (see Figure 2). They are as accurate or more accurate
than the children on all 7 of the classes. Conversely, they are
less accurate than the two samples that include adult partici-
pants on all 7 of the classes.

Third, the Euclidean Geometry concepts are the easiest,
with both models and humans achieving their highest accu-
racies for this class. Conversely, the Geometrical Transfor-
mations and Symmetrical Figures concepts are the most diffi-
cult, with especially the models achieving their lowest accu-
racies for these classes. The biggest discrepancy between the
models and humans is on Symmetrical Figures, for which no
model achieves greater than 33% accuracy. Also notable is
that even the Transformers, the best-performing of all mod-
els, struggle with Symmetrical Figures. However, it must be
noted that this class contains the fewest concepts, which make
the data patterns here somewhat tentative.

Alignment to human profiles

That a model is highly accurate across the concepts of a class
is not useful if, in fact, humans find that class to be difficult,
given that our goal is to find alignment between model and
human performance. To most directly evaluate this align-
ment, we compute the Pearson correlation (r) between the
profile of accuracies across the 7 classes for each of the §
models and the 3 human datasets; see Figure 4. There are a
number of patterns to notice.

First, the class accuracy profiles of the Transformers
achieve the closest alignment to those of the human datasets.
This is particularly striking for the GT sensitivities of the 3-
6 year old children in the Izard and Spelke (2009) study (rs
> 0.90). Thus, the Transformers offer the best account of the
human data at all three levels: overall accuracy, by-class ac-
curacy, and by-class accuracy profile (i.e., human alignment).

Second, among the other models, the CNN model Ef-
ficientNet also achieves close alignment with the human
datasets, particularly the adults in the Izard and Spelke
(2009) study (r = 0.86). This raises the question of whether
there is continuity in the development of GT concepts, i.e.,
given a model architecture, more parameters results in bet-
ter alignment with children’s performance, giving way to bet-
ter alignment with adult performance. Or whether there is
a qualitative shift across development, that is, a shift from a
transformer-like architecture to a CNN-like architecture.

Third, the CLIP (ViT) model shows the worst alignment to
the class accuracy profiles of adults, and the CLIP (RN5-50)
model shows the worst alignment to the 3-6 year old children
in the Izard and Spelke (2009) study.

Fourth, among the datasets, the ML models generally
achieve closer alignment to the children’s data of Izard and
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Figure 3: Accuracy profiles of the models and humans for each of the 7 classes of GT concepts.

Spelke (2009) than to the other two datasets, both of which
contain adult data.

Discussion

Our results find that the Transformers show more promise as
a cognitive science models of geometric and topological con-
cepts than either CNNs or VLMs. At a coarse-grain level,
they show the highest overall accuracies — higher even than
the 3-6 year old children from the Izard and Spelke (2009)
study; see Figure 2. At the finer-grain level of the 7 classes,
their accuracy profiles most closely align with that of the 3-
6 year old children from the Izard and Spelke (2009) study;
see Figure 3 and Figure 4. An unexpected finding is that
the VLMs trained with contrastive loss give both the worst
overall and class-level performance, and also show the worst
alignment to human profiles. This is surprising conceptually
given the findings that support dual-coding theory (Paivio,
1991). This is also surprising technically: the sizes of the
VLM models and the datasets on which they are trained are
much larger than is the case for the Transformers and CNNs.
This may suggest that current modality alignment techniques,
such as maximizing the similarity between the hidden repre-
sentation of both textual and visual information in a shared
vector space, fail to fuse the two streams of information in a
way which builds sensitivity to GT concepts, and that more
human-like alignment methods are needed.

Transformer models show higher sensitivity to GT
concepts

Figures 2 and 3 demonstrate that the Transformers, which
have more parameters than CNNs and are trained on a larger
dataset (e.g., ImageNet-21k with 14 million training samples
compared to ImageNet-1k with 1.3 million training samples
used for CNNs), exhibit higher sensitivity to GT concepts,

and even surpass the overall accuracy of the 3-6 year old chil-
dren from the Izard and Spelke (2009) study. These findings
support the claim by Upadhyay et al. (2025) that GT con-
cepts can be learned “for free” as a consequence of training
on more generic visual processing tasks such as image classi-
fication. This contrasts with the “core knowledge” view that
humans possess innate knowledge of mathematical concepts
which requires minimal external input to activate (Spelke &
Kinzler, 2007).

Transformers are generally larger than CNNs and trained
on more data. Beyond this, we hypothesize that Trans-
formers show higher sensitivity to GT concepts than CNNs
for two reason. First, Transformers relax the constraint
of transformation-invariants (Raghu, Unterthiner, Kornblith,
Zhang, & Dosovitskiy, 2022). Second, their self-attention
mechanism may learn both global and local object geometry
whereas CNNs cannot (Cordonnier, Loukas, & Jaggi, 2020);
the result is a more robust representation than CNNs. As a re-
sult, Transformers can acquire the sensitivity to object trans-
formations and geometric/topological concepts. A direction
for future research is to analyze the salience maps to each GT
concept stimulus in Transformers and CNNSs, to better under-
stand the aspects that drive their sensitivities to GT concepts.
For instance, one could collect the attention weights for each
layer of a Transformer model and directly use them as the
salience map. This is because the attention score tells the im-
portance of current image patch with respect to other patches
when making classification decisions. For CNNs, which do
not possess attention mechanisms, we can compute the gradi-
ents of the target class score with respect to the feature maps
of a convolutional layer, weighting these feature maps by the
averaged gradients, and then summing them up (Selvaraju et
al., 2019). A higher gradient score means that a small change
in the feature map would cause a significant change in the
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output, indicating that the feature map is highly relevant to
the model’s performance.

Modality alignment with text reduces the sensitivity
to GT concepts

Humans process information through both verbal and non-
verbal channels.  Paivio (1991) argues that these chan-
nels work independently and interactively to enhance under-
standing and memory, and enable more robust learning be-
cause the information encoded in both formats provides mul-
tiple pathways for retrieval. Recent research in multi-modal
alignment indeed is consistent with this view. For example,
CLIP (Radford et al., 2021) significantly outperforms CNNs
in image retrieval and classification tasks. It is therefore sur-
prising, perhaps, that the CLIP models show lower sensitivity
to GT concepts and worse alignment to human accuracy pro-
files compared to CNNs and Transformers. We argue that
the effectiveness of current VLMs is limited by their core
alignment strategy: optimizing similarity between image and
caption representations. This approach struggles with inputs
where the visual content is hard to describe naturally in text,
such as the abstract synthetic images found in odd-one-out
tasks. In these cases, VLMs fail to build robust representa-
tions that use both vision and text. Our findings (Figure 3)
support this, showing reduced VLM sensitivity to abstract
concepts like those of Topology and Geometrical Transfor-
mation compared to vision-only models — categories that are
difficult to map textually onto specific pixels. In contrast,
VLM performance on Metric Properties and Geometric Fig-
ures is less impacted, as descriptions involving distance, rel-
ative position, or basic shapes map more easily to pixel-level
information. Conwell and Ullman (2022) also argues that
failures in image generation guided by CLIP embeddings re-
veal a lack of a true compositional understanding of textual
relations. Their results suggest that these models often repro-
duce statistically common image-caption pairings from train-
ing data rather than accurately constructing the specific rela-
tionship requested in the prompt, suggesting that CLIP mod-
els fail to capture representations for out-of-distribution text
and image.

From cognitive alignment to developmental
alignment

Transformers exceed the overall accuracy of the 3-6 year old
children of the Izard and Spelke (2009) study (see Figure 2),
and their performance profiles across the 7 classes of GT
concepts are strongly correlated with those of the children
(see Figure 4). In both respects, they exceed the cognitive
alignment of the other evaluated models A key question is
whether Transformer models show not just strong cognitive
alignment but also strong developmental alignment. A key
advantage of computational models over human participants
is their inspect-ability and manipulate-ability. Future research
can measure their sensitivity to GT concepts over training and
evaluate whether this tracks the growing sensitivity shown
by children over development. For example, we can track
when during training a Transformer model becomes sensitive
to shapes before transformations, and compare this ordering
of unfolding sensitivities to that of the developing child. At a
finer-grain level, we can analyze how representations of ob-
ject parts, boundaries, or spatial relationships might evolve in
the “developing” parameters of Transformers.

We can also conduct experiments on Transformers to test
the causality of the learning account. A controlled, long-term
ablation study in human participants — systematically with-
holding certain types of stimuli or training at particular times
during development — would be both unethical and practically
infeasible. By contrast, it is straightforward to perform paral-
lel computational studies of computer vision models or study
their development over different training “curricula”. Such
studies will potentially lead to novel hypotheses about when
and how young children acquire specific cognitive competen-
cies (Evanson, Lakretz, & King, 2023; Ma, Wang, & Chai,
2024). The strong alignment especially between the Trans-
former models and and the young children in their sensitivity
to GT concepts suggests their potential for cognitive and de-
velopmental science.
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