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Abstract

An object’s shape is one of the most salient and informative features that it possesses.
Indeed, an object’s shape usually defines what it is. Most of the time shape is all that is
needed to rapidly assign an object to a category, in turn giving us a wealth of information
about the object. This interaction of shape and categorization is the central topic of this
dissertation.

Study 1 (Tiedemann, Morgenstern, Schmidt & Fleming, 2022) investigates the
problem of one-shot learning — the human ability to infer categories from just one example —
using a drawing-based generative task. We show that robust and varied perceptual categories
can be inferred from viewing just one object. The part structure as well as highly distinctive

individual parts of shapes were the main driving force in the creation of these categories.

Study 2 (Tiedemann, Schmidt & Fleming, 2022) focusses on the effect of a shape’s
part structure on superordinate categorization, specifically the category-boundary between
animals and plants. The results demonstrate that subtle differences in curvedness and
symmetry of parts, alongside the existence or absence of higher order parts can determine the
superordinate category of objects.

Together, theses studies show that human perceptual categories, both known and
novel, are heavily influenced and delineated by specific shape features, chief among them an
object’s part structure. Crucially, the specifics of part structure are a key ingredient in the

human ability to learn categories quickly, with few examples.



Introduction

Categorization is an essential skill we possess to make sense of our surroundings: By
grouping new objects with previously encountered ones, we are able to infer relevant
characteristics in a fast and economical manner. Does it pose danger? Is it edible? Can it be
used as a tool? These questions can usually be answered at a glance, such as with the variety
of objects shown in Fig 1. While some of our category-knowledge is available in early age
(14-month-old children appreciate the difference between living and artificial things; Mandler
& McDonough, 1998) it is still subject to constant change through experience, such as when
we encounter novel objects, which necessitates creating new categories. Categorization is
guided in large part through vision. Consider what information is immediately available by
looking at the objects in Fig 1: Observers can estimate an object’s size, its color, whether it is
alive or not (Schmidt, Hegele & Fleming, 2017)—in itself a primitive form of
categorization—which way it is oriented (Cohen & Singh, 2006), aspects of its history (such
as identifying missing parts; Spréte, Schmidt & Fleming, 2016) and much more. All this
offers a wealth of information ready to be used to assign it a category, helping us, in turn, to

quickly gain a deeper understanding of the object at hand.



Fig 1. Examples of objects from different categories. While visual characteristics of objects
tend to vary tremendously, we are usually able to categorize them at a glance. This is
achieved in large part through an objects shape (All images taken from pexels.com).

Categorization

Learning categories is an essential skill, as such it is not surprising that this facet of the
human mind has been investigated intensively and for many decades. A large body of work
concerns itself with potential strategies to learn categories, perceptual or otherwise. Early
theories proposed a category-learning mechanism which centered around the comparison to
previously encountered objects. One approach hypothesized the existence of ‘prototypes’ — an
average, ‘ideal’ specimen representing a category — which newly encountered objects are

compared to (e.g., Rosch, 1973). An example of this is the prototypical face, which is never



actually experienced, but only derived from seen ones, which was shown to be erroneously
remembered as having been encountered before (Bruce, Doyle, Dench & Burton, 1991). In
contrast, exemplar theories assume that novel objects are compared to each encountered
exemplar of potential categories, with the category with the highest similarity winning (e.g.,
Estes, 1986). What these and later theories (e.g., Shepard, 1987) have in common is a high-
dimensional psychological feature-space, sometimes populated either by prototypes of
different categories or a wealth of individual objects clustered in categories, in which new
objects are located and grouped according to some rule. An important construct in many of
these theories is the ‘decision boundary” — thresholds within this high-dimensional space
marking borders at which categorization changes from one class to another (Ashby & Gott,
1988). Spaces around these boundaries are often seen as probabilistic, with the chance for
categorization dropping the further one moves away from a categories center and towards a
decision boundary. ‘Learning’ here is the process of adjusting these boundaries and associated
category regions. Importantly, while early theories generally propose one universal
categorization method, later research uncovered that the type of task and stimuli can
drastically change categorization behavior: Whether known or novel (often called “artificial’)
categories are used, in how many dimensions the presented objects vary, and whether
observers are experts or novices in the probed stimulus-field (Biederman & Shiffrar,1987),
among other factors, determine how humans categorize, sometimes shown through
considerably different activation patterns in the brain (for a review, see Ashby & Maddox,
2005).

Modelling human categorization performance has improved drastically in recent years
with the machine learning revolution, with deep neural networks performing approximately as
well as humans in object classification tasks (Krizhevsky, Sutskever & Hinton, 2012;
Simonyan & Zisserman, 2014; Szegedy et al., 2015). While it is still an open question what
aspects of these networks work as models of the human brain (Geirhos et al, 2019; Singer,
Seeliger & Hebart, 2020; Heinke, Wachman, van Zoest & Leek, 2021) they offer a promising
way to create human-like perception-systems in the future. Importantly, however, the most
successful neural networks need thousands of examples to learn a new category. Humans, on
the other hand, are capable of one-shot learning — the ability to infer a category from one
novel piece of data (Lake, Salakhutdinov & Tenenbaum, 2013; Morgenstern, Schmidt &
Fleming, 2019). How humans (and even some animals, such as pigeons; Cerella, 1979) are
able to achieve this is poorly understood and this ability is as of yet barely replicated in
artificial intelligence (however, see Lake, Salakhutdinov & Tenenbaum, 2013; Jadon, 2020).



At first blush, one-shot learning seems impossible: How could the extent of a category in the
feature space be estimated from just one object, which in itself cannot show any range within
its features at all? Many theories, including most prototype and exemplar theories, posit that
categorization is based on heuristic and inductive comparisons between objects where
relevant features are chosen ad-hoc depending on what is present. While this strategy is
indeed used by humans and is very efficient (Gigerenzer & Gassmaier, 2011), it is unable to
explain one-shot learning, where no feature-space can be established, and comparisons could

only be made to pre-existing spaces, which might not fit the category at hand.

More sophisticated models posit that instead of inductively extracting relevant features
from experienced objects, we make use of certain expectations about how objects in the world
tend to come about and vary, which biases us towards certain categorizations (Feldman, 1992;
Fei-Fei, Fergus & Perona, 2006; Goodman, Tenenbaum, Feldman & Griffiths, 2008). An
example of this is the configuration of body parts in animals, which are, due to highly regular
growth processes, almost always resulting in a bilaterally symmetric body plan (Reece et al.,
2014), instead of a random arrangement of limbs, as shown in Fig 2a. If this regularity is
expected by the human mind, it makes it a powerful feature to use in categorizing an object as
an animal, thus eliminating the need to exhaustively search other features for a fitting
candidate. The role of growth processes as category-defining features will be investigated in
Study 2. Feldman (1992, 1997) called category-defining features of this kind “non-accidental”
— features that occur regularly in the world yet are unlikely to be the result of chance. That
non-accidental features can also be purely statistical, without a real-world basis in e.g., growth
processes, was shown by Feldman (1997) with a simple dot and a line (see Fig 2b): If both the
line and dot are randomly placed in an area, the chance of the dot being placed on the line is
extremely small. Instead, the dot and line would be placed in separate places without touching
one another most of the time. Thus, if we observe a dot on a line, we would believe that this is
a non-accidental feature of that object (dot and line) — and its category — instead of a random
configuration of two distinct objects. In turn, objects not possessing this feature might not be
assigned the same category, even if other, accidental features overlap, such as line-length or
color. The existence of these biases makes possible a strategy to solve one-shot learning:
Seeing an object and extracting its non-accidental features, we could then synthesize a new
object, purely through imagination, that is constant in the non-accidental, yet varies in other
features to create a new, visually distinct object that still has most signifiers of the original
objects category. This process has been tested successfully by Feldman (1997). Here,
participants were presented with an exemplar object — a dot on a line — and were asked to



imagine a new object of that category and draw it. Participants mostly created dots on a line
as opposed to separate dots and lines, showing that this feature was deemed critical for its
category membership. Although these results are impressive, they were drawn from highly
simplistic exemplar objects, which could realistically only be varied in very few dimensions.
While this nicely illustrated the power of non-accidental features in principle, it did not allow
the discovery of what kind of features would be deemed non-accidental by humans in more
complex, realistic stimuli, where such features might be difficult to predict. Thus, Study 1 of
this dissertation substantially expanded on this method with much more varied and complex
exemplar objects and extensive follow-up studies on the generated drawings, to probe

category-defining features in more detail.

b Exemplar

Fig 2. (a) Examples of bilaterally symmetric animals. Almost all mobile organisms share a
symmetric growth pattern, thus providing a prime candidate for a category-defining feature
(All images taken from pexels.com). (b) One-shot categorization with a novel stimulus.
Feldman (1997) has shown that observers tend to associate the objects on the left with the
exemplar (top) but not those on the right. This is because the conjunction of dot and line was
deemed as a category-defining feature, showing that such features need not have a basis in
nature.

A Bayesian expansion of the previously mentioned high-dimensional psychological
space-theories by Tenenbaum & Griffiths (2001) sheds light on how the sample-size in
category-learning (i.e., one- vs many-shot learning) can influence decision boundaries and
regions: The more samples of a category are available, the steeper the decision boundary gets,
making category-decisions along this boundary more clear-cut. This would mean that in a
one-shot scenario we would be much less secure in our grouping with the available exemplar,

because of the shallow decision boundary, but we would still group objects with the observed



one. The size of category region (i.e., the region in which categorization is highly likely), in
turn, is dependent on the witnessed variability of samples, with more variability expanding the
region, resulting in more varied objects having a high likelihood of being grouped here.
Morgenstern, Schmidt & Fleming (2019) showed empirical support for this theory. In
addition, they found that with a varied sample of objects, a fixed set of features explained
categorization decisions across categories, whereas in a one-shot scenario each category
necessitated a differently weighted set of features. This finding is investigated further in Study
1, in which the generated objects of each category possessed individual distinctive parts that

ended up being highly category-defining.

Shape perception

The second major focus of this dissertation is shape perception. One of the most
salient visual features of objects is their shape. In fact, in most circumstances it is the single
most defining quality an object possesses. Considering the variety of shapes we encounter in
our environment, as shown in Fig 1, it is hardly surprising that this distinctive visual feature is
made ample use of by our mind to recognize and learn object categories (Marr & Nishihara,
1978; Samuelson & Smith, 2005; Landau, Smith & Jones, 1998). Shape perception allows us
to gauge when an object will stand or fall over (Samuel & Kerzel, 2011; Cholewiak, Fleming
& Singh, 2013) or influences how we grasp an object (Cuijpers, Smeets & Brenner, 2004),
among many other things. While ‘shape’ is an intuitively easy to understand concept, it is far
from easy to define and has been defined in several ways, as discussed in Todd and Petrov’s
(2022) review of shape perception research. While these intricacies of definition persist, the
field of shape perception has made much progress in explaining how this part of the human

visual system works.

An essential step in analyzing a shape is to segment it into visual parts, giving us vital
insights into the function and capabilities of objects (Hoffman & Richards, 1984): Fig 3a
shows the silhouette of a cat. Immediately and inevitably, we perceive individual parts in
concert with the whole object (see Fig 3b). We also quickly assign functions to these parts,
such as the legs being the means of locomotion. It has been suggested that breaking down an
object into parts allows for a more efficient analysis, by creating smaller subproblems as well
as offering a higher order object representation with parts acting as symbolic tokens (Todd &
Petrov, 2022). Such tokens can represent a variety of things, such as the previously mentioned
function (hands, claws and an elephant’s trunk could all be represented and treated as a

“grasping part”, even though they are visually quite distinct). They can also represent more



abstract qualities, such as their role in a shape’s part structure (a humans and a birds shoulders
are connected to different types of limbs (arms vs. wings), yet hold the same place in the
objects part-hierarchy), making the identification of equivalent parts across visually diverse

categories easier (Schmidt, Kleis, Morgenstern & Fleming, 2020).

a b C

Fig 3. (a) This silhouette of a cat is immediately analyzed in terms of parts, even if presented
in this reduced fashion. (b) The same object with visual parts delineated. (c) Concave point
pairs (green circles) are an important visual feature used by the human mind to segment
objects into parts.

A first step in any part-based analysis is of course to arrive at a part segmentation
(Biederman, 1987; Hoffman & Richards, 1984; Cave & Kosslyn, 1993; Siddiqi, Tresness &
Kimia, 1996). Visual part segmentation occurs early and in parallel over the visual field
(Baylis & Driver 1995; Wolfe & Bennett, 1997; Hulleman, te Winkel, & Boselie, 2000;
Machilsen, B.; Pauwels, M.; Wagemans, J, 2009; Xu & Singh, 2002). Many rules of
perceptual part segmentation have been uncovered (e.g., Singh, Seyranian & Hoffman, 1999),
chief among them the minima rule (Hoffman & Richards, 1984), in which aligned points of
concave discontinuity are identified and used to delineate parts (see Fig 3c). The ubiquity of
such aligned minima is the result of the transversality regularity: “When two arbitrarily
shaped surfaces are made to interpenetrate they always meet in a concave contour of
discontinuity of their tangent planes” (From Hoffman & Richards, 1984). Since many growth
processes of biological organisms create such a configuration (although, of course, no
interpenetration occurs), such as the growth of human legs or twigs on a tree, this correlation
between biological part and resultant contour boundary explains why humans have evolved to

make ample use of this visual feature.



Importantly, not all parts are treated equally: Certain parts are more salient than others,
depending on their relative size and how much they protrude, among other factors (Hoffman
& Singh, 1997). Individual parts can act as highly potent category-definers (Tversky, 1989)
and even 3-month-old infants have been shown to categorize animals such as cats and dogs
using the visual features of their heads as opposed to their bodies or global shape (Quinn,
Eimas, Tarr, 2001).

Another critical feature of parts is their spatial relation, which alone can successfully
model the perceived similarity of objects (e.g., Latecki & Lakamper, 2000). The importance
of part-relations is illustrated by humans suffering from integrative agnosia, a form of visual
agnosia that impairs the ability to integrate parts into higher-order objects, which impairs
object recognition (Behrmann, Peterson, Moscovitch & Suzuki, 2006). Computationally,
different algorithms have been proposed that generate an internal skeleton for a shape and its
individual parts, which are often highly similar to the object’s perceptual part structure
(Feldman & Singh, 2006; Bai & Latecki, 2008; Lowet, Firestone & Scholl, 2018). Given the
importance of parts and their relations, many theories of object perception have been
formulated in part-centric terms (e.g., Palmer, 1977; Marr & Nishihara, 1978; Tversky &
Hemenway, 1984; Biederman, 1987), with every object consisting of a set of primitive base-
shapes, immensely reducing the number of possible shape descriptions. The effects of part
structure on categorization are investigated in both Study 1 (through a drawing task) and

Study 2 (in relation to real-world growth processes).

When it comes to the categorization of shapes, the general categorization problem of
which features to use for grouping applies the same way: In theory, there are an infinite
number of shape features that could be extracted, compared and used to form category
boundaries. For known categories, semantic knowledge can solve this problem. We know that
birds have wings, therefore an object with wings is likely to be a bird (Tversky, 1989) — even
if how exactly we conclude a part to be a wing is yet unclear. Similarly, more global shape
characteristics such as symmetry or curvature, influence our superordinate categorization for
animals, plants or minerals (Schmidt, Hegele & Fleming, 2017). For novel categories,
however, semantic knowledge is unavailable, yet humans still agree on what features are
relevant for new categories even if they exhibit unusual visual characteristics such as
technological innovations (Bicycles look quite unlike anything in our evolutionary past, yet
we have no problem identifying them). Previous studies also found that there is no universal
set of features used in categorizing novel objects (Morgenstern, Schmidt & Fleming, 2019),

meaning that depending on the object, different features are deemed relevant. The question



now is what these features might be. This brings us back to idea of non-accidental features
(Feldman, 1997) — features that are unlikely to have come about by chance and thus tell us
something deep about the object and its origin. Because of the special nature of non-

accidental features, they might be prime candidates for category defining features.

This problem — which features we deem important depending on the object at hand —
is a central question of this dissertation: Study 1 probes highly abstract shapes with a
generative task in a one-shot scenario to find which features are deemed category-defining.
Study 2 investigates in what way typical biological growth-processes determine our
categorization and how the resulting parts and their relations might be candidates for non-

accidental features.

Study 1: One-shot generalization in humans
revealed through a drawing task

The first study of this dissertation (Tiedemann, Morgenstern, Schmidt & Fleming,
2022) aimed to answer the question how humans are able to learn a novel category from just a
single object. Specifically, we probed what shape-characteristics humans deem important and
category-defining depending on the presented object. We also aimed to investigate whether

relevant features we uncovered fit into Feldman’s (1997) idea of non-accidental features.

To do this we employed the generative one-shot categorization method, a method
pioneered by Jacob Feldman (1992, 1997). In this task, participants are presented with a
single object — an exemplar — and asked to imagine and then draw a new object (or multiple
objects) that belongs to the exemplar’s category. This generative approach diverges
considerably from the vast majority of categorization research, which employed mostly
discriminative methods (i.e., tasks in which participants evaluate groups of pre-selected
stimuli; Ashby & Maddox, 2005). The downside of such purely discriminative tasks is two-
fold. First, since questions of category-membership are asked in the context of a limited
number of stimuli, participants can resort to simple strategies in which objects are simply
compared to one another ‘in a vacuum’. While this is very efficient and can be valid strategy
in certain scenarios (such as in scenarios with low predictability, Gigerenzer & Gaissmaier,
2011), it does not reflect categorization in the real-world, in which it is not always clear to

which other objects a witnessed object needs to be compared. In fact, comparing objects only
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to other objects in the vicinity is probably the least human-like way to categorize.
Furthermore, these tasks can theoretically be solved by locating and comparing the stimuli in
a pre-existing feature space. This means that a purportedly novel category is not treated as

such, and no conclusions about novel feature spaces can be drawn.

Second, discriminative tasks necessitate that the range of stimuli is entirely pre-
selected, either by the experimenters or by an algorithm chosen by the experimenters. This
runs the risk that the resultant categories span a highly artificial feature space, in which
learned category boundaries might be in part an artifact of the chosen stimuli and less of
natural categorization choices. While this still gives us valuable insight into these specific
feature-spaces, it brings into question the generalizability of such findings.

The generative one-shot categorization task solves these problems: Because only a
single object is shown, no artificial feature space is established to which observers might be
biased. Likewise, since no other objects are presented, the strategy of ad-hoc comparisons is
unavailable, in turn forcing the participant to engage more deeply with the object and analyze
it in terms of features that are deemed important on its own, potentially even inferring a
generative process that might have created the object, which is then imitated. Because of the
generative nature of the task — participants are drawing objects as opposed to, say, picking
them from a pre-selected list - they are free to choose any number of features they deem
relevant for that category to create new objects, showing us without artificial restrictions,

what is considered category-defining and what is not.

In the study participants were shown 8 exemplar shapes consecutively and asked to
draw 12 new objects per exemplar. Exemplars were chosen to be abstract, to limit the
influence of semantic knowledge, and to vary in visual complexity, i.e., in the number of
parts. This way 204 drawings per exemplar-category were collected. A variety of follow up
experiments using new groups of independent observers and analyses allowed the following

new insights into how humans solve one-shot learning:

1. The drawn shapes varied tremendously, with most shapes looking distinctly
different from the original exemplar, as shown in Fig 4a — a consequence of the unconstrained
task that tapped into the creativity of the participants. Crucially, the large majority of
drawings were seen as (a) more different from the exemplar than mere copies of exemplars
and (b) belonging to the category of the originating exemplar and not another category. This
demonstrates that the generative one-shot categorization task is successful in creating varied

yet robust categories from just one object.
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Fig 4. (a) A subset of the drawings for one category, with the exemplar shown in the middle
in yellow and drawings in blue. Drawings closer to the center are more similar to the
exemplar than those on the outer rings. (b) Visualization of perceptual part-correspondence
data for two categories. The exemplars part structure was recreated faithfully, even in visually
quite different drawings.

2. Drawings tended to retain the exemplar’s part structure, namely the number and
spatial relations of parts, even if parts themselves were altered considerably (see Fig 4b). This
shows that, even though the exemplars were novel, abstract objects, participants still

determined the part structure to be a relevant feature of that category.

3. Certain parts (both exemplar and drawing parts) were consistently seen as more
distinctive than others by independent observers. These distinctive parts were shown to be
category-defining by swapping out the original distinctive part with one of another category,
in turn often changing the categorical association with it. Notably, this effect was not found
when an indistinctive part was swapped with another indistinctive part. This suggests that
drawers, when creating a new shape, rate each part in terms of its importance to the object’s
category and recreates it in such a way that the part retains the critical features that made it

category-defining.

Together, these findings give us first insights into generative models that humans
employ to solve one-shot learning. Many of the drawn shapes could have been created using a
part-based creation strategy: First, the exemplar was segmented into parts, which were

analyzed in terms of their distinctiveness. These parts were then transformed visually in a
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myriad of ways, though crucially so that distinctive parts kept the features that made them
distinctive. The altered parts were then ‘reassembled’ into a new object. In this step, parts
could be added, removed or substituted and the order of parts could be changed, though this
happened rarely. Other strategies are harder to formalize: Some statistical motifs, such as the
‘spikiness’ of exemplars was reproduced in shapes that deviated in terms of part structure,
showing that higher level features can also be used to create diverse yet still valid category

members.

An important finding is that even in novel, abstract objects, part structure is considered
a crucial category feature. An open question is what exact features of part structure are
deemed relevant, such as whether certain parts are more or less category-defining depending
on their place in the objects part structure (e.g., central versus ‘outer’ parts), and to what
extent real-world growth processes and their resultant part structures bias our preferences.
This last question—the role of real-world growth regularities in human categorical
decisions—is investigated in Study 2.

Study 2: Superordinate categorization based on
the perceptual organization of parts

Study 2 of this dissertation (Tiedemann, Schmidt & Fleming, 2022) investigates how
an objects part-structure — the spatial arrangement and connections of an object’s parts —
influences human categorization. Specifically, the influence of typical real-world growth
patterns is tested with regards to categorization choices between animals and plants.

Quickly deciding whether an object belongs to a superordinate category such as plants,
animals or artifacts is an essential step for humans to negotiate our surroundings. Especially in
situations necessitating fast reactions, such as fight or flight scenarios, it is advantageous to
quickly assign an object a broad class such as animal, before spending crucial time assigning
more detailed category-memberships. Previous research has shown certain key features
relevant for superordinate categorization such as an object’s curvature (Schmidt, Hegele &
Fleming, 2017; Long, Stérmer & Alvarez, 2017) or characteristic parts (Tversky, 1989).
These and many more visual characteristics of objects are the result of their origin, which for
most organic objects is their growth process. Biological growth processes tend to follow a

limited set of rules (Stevens, 1974), two of which are central to this study: Plants grow from a
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central body, from which periodically new parts sprout. These new limbs then also sprout new
limbs, resulting in a complex part hierarchy, as shown in Fig 5. The vast majority of animals,
on the other hand, start from a single main body, out of which sets of symmetrical limbs grow
(Reece et al, 2014), which themselves rarely sprout new parts. This existence (or lack) of
higher order parts is potentially a potent category definer, on account of the ubiquitous

adherence of animals and plants to their respective typical growth pattern.

Rock Animal Plant

Part hierarchy:

- Main body

1storder part

2nd order part
3rd order part

. - - 4th order part

Fig 5. Typical part hierarchies of different superordinate categories. One salient difference
between rocks, animals and plants is their part hierarchy, which describes how far removed
from the main body parts grow.

The effect of these different part structures was tested in terms of superordinate
categorization, specifically, whether objects with different part structures were categorized as
plants or animals. For this reason, abstract shapes were created that differed in their part
structure but were otherwise quite simple, without having, e.g., typical curvature patterns,
textures or parts such as eyes. This way the effect of part structure could be isolated and also
continuously varied. In three two alternative forced choice (2AFC) tasks, multiple types of
part structure differences were tested: Symmetrical versus asymmetrical part pairs, curved
versus straight parts and shapes with sprouting second order limbs versus shapes without
second order limbs. Across the board, participants’ categorization preferences were in line
with biological growth patterns, i.e., objects grown in a typically plant-like way
(asymmetrical, relatively straight limbs with second order parts) were judged to be plants as
opposed to animals, which were seen to have symmetrical, curved limbs without higher order

parts. This effect was tested further by creating sequences of shapes, in which the part
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structure of the same object was continuously changed from animal- to plant-like, by making
symmetrical part pairs continuously more asymmetric, limbs less curvy and adding second
order limbs. Showing steps of many such sequences in a random order (so that individual
sequences were not apparent) and letting participants rate each shape on a continuous scale
from animal- to plant-like gave us insight into how fine-grained effects of part structure can
be. Indeed, participants’ ratings were highly correlated to the variations in part structure, with
ratings continuously moving from the animal- to the plant-end of the rating-spectrum with
associated changes in part structure. This is especially striking given the quite subtle visual
changes from step to step in the sequences, underlining just how sensitive the human visual

system seems to be to such characteristics.

Together, these findings show how features of part structure guide our superordinate
categorization. Spatial relations among parts, such as their symmetry, as well as hierarchical
order among parts, like the existence of higher order parts, influence whether we categorize a
novel object as plant or animal. These expectations are in line with typical biological growth
patterns, suggesting that humans have evolved to expect these patterns in unfamiliar objects.
Since it is possible that characteristics of part structure are analyzed in tandem or even as a
by-product of part segmentation, it is conceivable that such features are extracted equally
early in the visual pipe-line. Typical part structures also fit nicely into the idea of non-random
features and generative models: Since growth processes are not random, they tend to create
objects with distinctive statistical features. This is also true for other types of object-
transformations, such as when paper is crumpled it will be changed in distinctive ways
(Fleming & Schmidt, 2019). Therefore, visual features resulting from transformations are
prime candidates for categorization, especially ‘unavoidable’ transformations such as growth

patterns, which organisms have to undergo to exist in the first place.

Discussion

An object’s shape is its most defining characteristic. Accordingly, humans make
ample use of this visual feature to categorize objects into classes both known and novel. But
how do we choose which characteristics are relevant for categorization and which are not? In
theory, any number of features could be used, yet humans agree on what objects belong
together. This holds true even for novel objects, which might not belong into any previously

encountered category. This dissertation aimed to investigate the problem of categorization,
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specifically which features of an object’s shape humans use to distinguish categories of novel
objects. Study 1 investigated the problem of one-shot learning via a generative task, showing
that part structure as well as distinctive parts drove one-shot learning. Study 2 further probed
how different part structures, as they tend to result from real-world biological growth
processes, influence our superordinate categorization. Here it was found that part-structure
features such as symmetry of parts and the hierarchical order of parts determined category

membership between animals and plants.

One-shot learning

Humans are able to learn novel categories from a small number of examples. Even a
single novel object usually gives us a solid grasp on what other members of that category
might look like. Study 1 investigated this ability through a generative task. Participants were
presented with a single novel object—an Exemplar—and were asked to draw new objects that
belonged to the same category. The resulting categories proved to be visually varied yet were
seen as cohesive categories by independent observers. This shows that humans are indeed
able to mentally create a whole category from one piece of data and, crucially, that other
humans agree that these newly created objects and the Exemplar belong together. Given the
abstract nature of the Exmplars, it was particularly interesting which visual features were

preserved in the newly created objects, something that will be discussed in the next section.

Non-random features driving categorization

One of the main questions of human categorization is how we decide what visual
features are relevant in any given scenario, of which there are infinitely many to choose from.
Theories posit that non-random features — features that are the result of regularities of our
environment — make fast and robust categorization possible (e.g., Feldman, 1997). Both
studies of this dissertation aimed to uncover some of these special features, both for abstract
(Study 1) and biologically inspired (Study 2) objects.

Both Study 1 and 2 showed that part structure — the spatial and hierarchical relations
among an object’s parts — are crucial for categorization. While many perceptual theories posit
that humans represent objects in a part-based fashion (e.g., Biederman, 1987; Hoffman &
Richards, 1984), less attention has been put on how the hierarchical organization of these
parts themselves might be an important perceptual feature. Study 2 showed that two objects
made up of the same set of parts can be seen as belonging to two different superordinate
categories simply by changing the hierarchical order of those same parts. While the stimuli in

this study were inspired by typical biological growth patterns, it is conceivable that this effect
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is not limited to such realistic examples. Artificial objects we encounter in our life are not
subject to the same limitations as biological objects are, meaning they often possess visual
organizations quite unlike any animals or plants, such as a bicycle or satellite. Yet, even if we
only see a silhouette of these objects, we usually have no problem associating them with the
correct category. This notion that part structures are seen as important regardless of their
‘naturalness’ is confirmed in Study 1, in which the structure of highly abstract shapes was
recreated in many drawings. Therefore, since part structures tend to be the result of non-
random processes — even artificial objects are subject to constraints such as stability — it is
conceivable that humans are biased to interpret a novel objects part structure as a relevant
feature, since real-world objects parts are rarely assembled at random. Accordingly, newly
generated objects inspired by the Exemplars in Study 1 often maintained the original part
structure, even though participants were free to alter the shape in any way they wanted. That
alterations did occur, e.g., by removing or adding parts from the Exemplar, suggests that some
details of the Exemplars part structure were considered malleable and legal for some
alteration. If participants were asked to draw a new object of a known class, such as humans,
it is much less likely that they would have added new parts not present in a normal human
body.

Another crucial finding of Study 1 is the importance of distinctive parts. While
previous research has shown that certain individual parts drive categorization (Tversky,
1989), they tended to be parts that were semantically loaded, such as wings, which are not
only a visual cue towards the bird class, but also in their function, i.e., by enabling flying. In
Study 1, different groups of observers working on different kinds of tasks, agreed on what
parts were the most distinctive in highly abstract novel shapes. Since these parts did not have
a clear semantic function, other factors might have made them stand out from the rest.
Importantly, these parts were not only seen to stand out, they also determined category
membership to a large degree: If the most distinctive part of an object was swapped out by a
distinctive part of another category, in many cases the category changed with it, even if the
parts made up only a small amount of the whole object. What exactly makes a part distinctive
is as of yet unclear. One potential explanation is that certain distinctive parts deviated from
global features, making the distinctive part a statistical outlier within the whole shape. One
example of this is the “twirl”-part in the Exemplar shown in Fig 4a (center, in yellow), which
was deemed highly distinctive and deviates from the other portions of the shape in features
such as curvedness and perimeter length. This particular example creates an interesting

question: Since this object is made up of two perceptual parts, why was the twirl chosen as
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distinctive and not the other one? Both could be seen as the outlier compared to the other, yet
the twirl was consistently chosen. Potentially, humans have an internal taxonomy of typical
parts, to which newly encountered parts are compared. If these internal parts are weighted in
terms of how likely they are to be encountered, then parts deemed rare might be seen as more
distinctive, compared to more basic and common parts. In the “twirl” example the non-
distinctive part is a simple convex shape that could be found in a myriad of real-world objects,
such as rocks. The twirl, on the other hand, might be encountered much more rarely, e.g., in

ferns, thus winning out as the distinctive part in this scenario.

The distinctive parts from Study 1 give us another tentative insight on effects of part
structure: Almost all distinctive parts are parts that look like they sprout from or are attached
to the ‘main body’ of the object. This ‘main body’ — the central part of an object from which
other parts seem to originate — could in theory serve as a candidate for most distinctive part,
since it is usually the biggest part and is connected to most other parts. Yet in Study 1
distinctive parts were never the main body (except for the Exemplar which only consisted of a
main body). Thus, it seems that the main body is not considered for the role of a category-
defining part, adding another potential explanation why the aforementioned ‘twirl” was
chosen over the other part. This might possibly be because real-world main-bodies visually
vary less than other parts. Think of a human torso and a horse’s central part. If we compare
them purely with shape characteristics, they are far more similar to each other than a human’s
hand and a horse’s hoofs. Since main bodies are a necessary ‘starting point’ of any complex
organism, usually housing the organs, other parts tend to take over more specialized and thus
category-specific functions, such as claws, hands and wings, also explaining their more
diverse appearance. This might be the reason that main bodies were not chosen as a
distinctive part in Study 1 and extremities were chosen instead. Therefore, what makes a part
a main body and thus narrows down potential category-defining parts is an important
question. Unpublished work by the author of this dissertation suggests that humans are biased
towards seeing the most central part as the main body. Other factors, such as the amount of
neighboring parts also seems to play a role. Study 2 implicitly assumed the central part to be
the main body, which in turn determined the whole object’s part hierarchy. In this case, real-
world growth processes were used as inspiration and it is likely that a novel objects part
hierarchy is likewise influenced by visual analyses of potential growth histories and their

visual signatures.
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Conclusion

The ability to categorize objects both novel and known is a fascinating facet of the
human mind. This dissertation aimed to further our understanding of what visual features we
use to categorize novel objects. Study 1 investigated one-shot scenarios, where we found that
the part structure, as well as other shape-features, such as curvature, are identified as
important for that object’s category. Most importantly, however, were individual distinctive
parts, which decided category-membership to a large extent, even though they often
comprised only a small part of the whole object. This effect was so strong that exchanging the
distinctive part of an object with that of another object often changed category-membership
along with it. An interesting future question is what exactly makes these and other parts so

distinctive.

In Study 2 we investigated how typical biological growth patterns influence human
categorization. We found that different part structures, as they tend to result from different
biological growth processes, impact our perception in the domain of superordinate categories,
such as plants and animals. Specifically, the importance of symmetrical/asymmetrical parts as
well as of higher order parts heavily influences whether we judge an object to be an animal or

plant.
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Abstract Humans have the amazing ability to learn new visual concepts from just a single exem-
plar. How we achieve this remains mysterious. State-of-the-art theories suggest observers rely on
internal ‘generative models’, which not only describe observed objects, but can also synthesize
novel variations. However, compelling evidence for generative models in human one-shot learning
remains sparse. In most studies, participants merely compare candidate objects created by the
experimenters, rather than generating their own ideas. Here, we overcame this key limitation by
presenting participants with 2D ‘Exemplar’ shapes and asking them to draw their own ‘Variations’
belonging to the same class. The drawings reveal that participants inferred—and synthesized—
genuine novel categories that were far more varied than mere copies. Yet, there was striking agree-
ment between participants about which shape features were most distinctive, and these tended to
be preserved in the drawn Variations. Indeed, swapping distinctive parts caused objects to swap
apparent category. Our findings suggest that internal generative models are key to how humans
generalize from single exemplars. When observers see a novel object for the first time, they identify
its most distinctive features and infer a generative model of its shape, allowing them to mentally
synthesize plausible variants.

Editor's evaluation

This paper employs innovative approaches to elegantly tackle the question of how we are able to
learn an object category with just a single example, and what features we use to distinguish that
category. Through a collection of rigorous experiments and analytical methods, the paper demon-
strates people's impressive abilities at rapid category learning and highlights the important role of
distinctive features for determining category membership. This paper and its approach will be of
interest to those who study learning, memory, and perception, while also contributing to a growing
field which uses naturalistic drawing as a window into high-level cognition.

Introduction

Visual recognition and categorization of objects are vital for practically every visual task, from identi-
fying food to locating potential predators. Humans can rapidly classify objects (Thorpe et al., 1996;
Mack and Palmeri, 2015; Serre et al., 2007), complex scenes (Wilder et al., 2018; Fei-Fei et al.,
2007), and materials (Sharan et al., 2010) into familiar classes, as well as build new classes when
presented with sufficient examples (Op de Beeck and Baker, 2010; Gauthier et al., 1998). When
large numbers of examples are provided, the mathematical basis of human pattern recognition
and categorization is well described, and computational models trained with large training sets can
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emulate many of the human abilities in these areas (Huang et al., 2017, Krizhevsky et al., 2012,
Szegedy et al., 2017, Szegedy et al., 2015; Szegedy et al., 2016; He et al., 2016; Radford, 2021,
Kubilius et al., 2016; Jozwik et al., 2018; Jozwik et al., 2016; Jozwik et al., 2019). However,
humans also have the amazing ability to infer new classes when presented with only a small number
or even just one single example, as typically occurs when first encountering new concepts (‘one-shot
categorization’; Feldman, 1992; Feldman, 1997, Ons and Wagemans, 2012, Richards et al., 1992,
Morgenstern et al., 2019; Ayzenberg and Lourenco, 2021). Such one-shot learning—which we here
use interchangeably with one-shot categorization—is crucial to the formation of human perceptual
categories, particularly at early stages of visual development (Gelman and Markman, 1986; Gelman
and Meyer, 2011; Gopnik and Sobel, 2000; Smith and Slone, 2017, Yuan et al., 2020, Gershkoff-
Stowe et al., 1997; Landau et al., 1988, Landau et al., 1998; Pereira and Smith, 2009). Yet how we
achieve this remains mysterious and is a significant challenge for artificial learning systems (Geirhos
et al., 2018; Zhang et al., 2019; Zhang et al., 2021; Baker et al., 2018; Michaelis et al., 2020).

From a computational perspective, the ability to infer a new category from just a single exemplar
seems virtually impossible: Given only a single exemplar of a category, there is an infinite number of
sets containing that exemplar, any of which could in principle be the true category from which the
exemplar was drawn. How can we predict the scope of a category without having witnessed any
variability?

The state-of-the-art in psychology and computer science for understanding how humans gener-
alize from few samples suggest that they infer a generative model, which considers the observed
exemplar as a single sample from a statistical generative process (Feldman, 1992; Feldman, 1997,
Fei-Fei et al., 2006; Goodman et al., 2008a; Goodman et al., 2008b; Lake et al., 2015; Stuhlmuller
et al., 2010). In intuitive terms, it is assumed that observers have a ‘deep’ understanding of objects,
such that they infer the causes or processes that generated the object (Fleming and Schmidt, 2019;
Schmidt et al., 2019). Importantly, generative models can not only be used to identify behaviourally
significant features to judge new samples but can also be used to synthesize or imagine new (i.e.,
never observed) objects from the same class.

A key step in the inference of a generative model for a given exemplar is the identification of
diagnostic features that are informative about the underlying generative processes and therefore
category membership. Some features—such as the bilaterally symmetric arrangement of animal
limbs—are evidence of lawful processes that structure and describe valid members of the category.
At the same time, other features of the observed exemplar—such as the specific pose of the limbs—
are free to vary across class members. Differentiating between these generic and non-generic (or
‘non-transverse’), diagnostic features, such as particular relationships between elements in objects
(e.g., symmetry) is one important cue to underlying generative processes (Feldman, 1997). Other
cue features might include statistical outliers in the shape (e.g., a sharp protrusion, or an angle), that
makes a local feature stand out within the shape (Feldman and Singh, 2005; Feldman and Singh,
2006; Feldman, 2013; Op de Beeck et al., 2008; Kayaert et al., 2005), or compared to others seen
previously. However, how we identify and interpret such category-defining features and use them for
generalization remains a matter of debate (Serre, 2016).

A stumbling block in testing whether humans infer generative models of objects lies in current
experimental methods in category learning. Typically, tasks exploring categorization and generaliza-
tion ask observers to discriminate between multiple presented objects (Ashby and Maddox, 2005)
(with rare exceptions, e.g., Stuhlmuller et al., 2010) often varying along binary dimensions (e.g., thin
vs. thick, square vs. circle; although see Hegdé et al., 2008; Kromrey et al., 2010). Yet, the very
process of presenting multiple objects potentially interferes with how observers perform the task.
Rather than using a generative model, observers can solve these types of discrimination tasks simply
by comparing how similar objects are to one another, without establishing preferences for particular
features, and without synthesizing new variants. Another key limitation is that the experimenter—
rather than the observer—determines the range of possible options the observers can choose from,
thereby crucially constraining the range of responses. Thus, a question of central theoretical impor-
tance about whether humans use internal generative models— and if so, how consistent they are
across observers—remains unanswered.

To overcome these shortcomings by tapping into generative rather than discriminative processes,
we used a task in which observers were presented with single Exemplar objects and were asked to
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explicitly generate (draw) new objects ('Variations’) from the same category, on a tablet computer.
With only one Exemplar present, participants could not derive category-defining features by looking
for commonalities between category members. Indeed, as their task did not involve comparing
objects at all, they could not rely solely on internal discriminative models. Instead, to create new
objects, participants were forced to utilize a generative model extracted from the Exemplar, to derive
new category members, unless they chose to simply copy the Exemplar with minor deviations, which
was discouraged in the instructions. By analyzing the drawings relative to copies of Exemplars, and
by asking other participants to (1) categorize drawings, (2) identify their distinctive features, and (3)
compare them with Exemplar shapes, we test whether the participants that drew the Variations truly
generalized from single exemplars, and determine which features they relied on to do so, giving us
insight into what these generative models look like and how similar they are between observers. The
strength of unconstrained drawing tasks has been shown in areas such as memory (Bainbridge et al.,
2019), recognition (Fan et al., 2020), efficient representation of both scenes (Sheng et al., 2021)
and part structure of objects (Mukherjee et al., 2019), and developmental changes in children (Long
et al., 2019), making it an ideal tool to investigate categorization and one-shot learning.

Results and discussion

Systematic generalization in a generative one-shot categorization task
(Experiments 1 and 2)

Our first major finding is that participants can synthesize categories of complex objects by general-
izing from single exemplars. On each trial, one of eight Exemplar shapes (Figure 1a) was presented in
the upper half of a tablet computer’s screen. Participants were instructed to ‘draw a novel object that
is not a copy of the Exemplar, yet which belongs to the same category’ using a digital pencil (Exper-
iment 1, Figure 1b; see Materials and methods). Exemplars were created by the experimenters by
combining a main body with varying numbers of parts (ranging from 0 to 5) and displaying a wide
range of visual features, such as positive and negative parts (e.g., the indentation in Exemplar 2),
curvatures (polygonal and curved shapes), and complexity of parts (e.g., the ‘spike’ in Exemplar 4 vs.
the ‘twirl" in Exemplar 6). The aim was to create Exemplars that are diverse without resembling real-
world objects, to maximize generalizations as well as limit the impact of semantic knowledge. While
hand-crafting stimuli runs the risk of introducing biases, the intended variety of Exemplars made an
algorithmic creation approach unfeasible. For each of the 8 Exemplars, 17 participants (‘drawers’)
each drew 12 Variations (yielding a total of 204 Variations per Exemplar, i.e., 1632 drawings overall). To
minimize potential carry-over effects of previously seen Exemplars, shapes were shown in randomized
order for each participant. As a baseline, another group of participants (n = 15) was asked to copy the
Exemplars three times as accurately as possible (Experiment 2b).

To assess the range and variety of the generated shapes, a new group of 12 participants rated the
similarity of each Variation to the corresponding Exemplar (Experiment 2, note that number of data
points per participant vary by experiment, for details see Materials and methods). Figure 1c shows
examples of Variations for one Exemplar, with perceptually more similar drawings plotted closer to
the Exemplar (see Figure 1—figure supplement 1 for Variations of other Exemplars). The drawings
illustrate the range of responses, with some shapes being very similar to the Exemplar while others
differ considerably. Figure 1d shows the average similarity of produced Variations for each partici-
pant, demonstrating that participants varied substantially in how much their drawings deviated from
the Exemplar, that is, in their creativity when producing Variations. Linear regression showed that age
of drawing (i.e., whether a shape was drawn earlier or later within the sequence of 12 shapes for each
Exemplar), did not predict similarity (R < 0.01, F(1,10) = 0.08, p = 0.77). Individual participants tended
to stay within a constrained similarity spectrum with only small trends in the direction of less or more
similar shapes over time with slopes ranging from —0.13 to 0.12 (mean = 0.07).

To test whether the generated shapes were genuinely new objects or just slightly altered copies of
the Exemplars, the copies were compared to a subset of Variations using a 2-AFC task (Experiment
2b, see Materials and methods for details), in which a new group of participants (n = 15) was asked to
pick the shape that looked more like a copy of the Exemplar. In 95% of trials (chance = 50%) the copies
were chosen, showing that the vast majority of a representative subset of Variations were perceived
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Figure 1. Generative one-shot categorization task and results. (a) Exemplars presented in the Experiments. (b) In the task, a group of participants was
presented with an Exemplar and asked to draw new objects from the same category (blue). As a measure of baseline performance, another group of
participants was asked to copy the Exemplar as accurately as possible (green). (c) Examples of drawn Variations (blue) generated in response to one of
the Exemplars (yellow). Variations are plotted according to their perceptual similarity to the Exemplar, with more similar Variations closer to the centre.
(d) Individual differences in ‘creativity’, defined by the average perceived similarity of participant’s drawings to the respective Exemplar. Error bars
indicate standard errors.

The online version of this article includes the following figure supplement(s) for figure 1:

Figure supplement 1. A subset of Variations (dark blue) created for each Exemplar (yellow, centre).

to be more different from the Exemplars than a mere copy (one-sided binomial test: 50%; N = 16,200,
i.e., number of judgements; K (correct responses) = 15,388, p <0.001).

Responses represent distinct perceptual categories (Experiment 3)

Next, we tested whether the drawings represented distinct perceptual object categories or were
mere random variations that did not form coherent groups. The similarity ratings for each Exem-
plar's Variations from Experiment 2 were split into subsets (40 bins) that spanned the full simi-
larity continuum (see Materials and methods). A new group of participants (n = 15) classified one
Variation from each bin for each Exemplar (320 stimuli in total), by sorting in each trial a randomly
selected Variation into one of the eight Exemplars’ categories. The average percentage of correct

Tiedemann et al. eLife 2022;11:e75485. DOI: https://doi.org/10.7554/eLife.75485 4 of 23


https://doi.org/10.7554/eLife.75485

ELife Neuroscience

a Categorization of drawings b  Curvature characteristics

True category |
Exemplars

Il Variations

0% 3% 2% 1% 1% 0%

3% 0% 1% 0% 3% 3%

Participant Responses
% Straight lines

0% 0% 2% 1% 0% 1%

14% 2% 3% 2% 1% 2% ]

2% 0% 7% 5% 2% 1% 7% 50

0% 4% 1% 2% 0% 1% 0%

0% 0% 1% 1% 0% 8% 4%

1% 2% 4% 3% 6% 2% 2% . .

Figure 2. Drawings constitute a real perceptual category. (a) The confusion matrix for true classes and participant responses shows that the vast majority
of Variations were classified correctly. A subset of Variations that had to be categorized is shown on the right of the matrix with the Exemplars on the
bottom. (b) Variations largely reproduce the global curvature characteristics of the Exemplar. Curvature similarity across Variations and their Exemplars:
Exemplars (yellow) ordered by percentage of perimeter comprised of straight lines, together with average percentage of straight lines in all Variations of
that category (blue). Error bars indicate standard error.

classifications was high (86%) and well above chance (one-sided binomial test: 12.5%; N = 4800,
i.e., number of judgements; K (correct responses) = 4111, p < 0.001). Figure 2a shows the confu-
sion matrix for true classes and participant responses. In almost all instances, observers sorted the
Variations correctly into the originating class. Except for a single cell (row 4, column 1), all cells
are significantly different from chance with all diagonal cells above—and all others below—chance
(one-sided binomial tests with Bonferroni-adjusted p value of 0.015, according to the eight possible
outcomes in each row). To investigate whether performance in this task was influenced by the simi-
larity between Variations and Exemplars, the Variations were divided into four similarity bins ranging
from very similar to very dissimilar. Performance in the three bins most similar to the Exemplars was
virtually identical (overall 89%, 87%, and 88% correct responses), with a maximum of 14% misclas-
sifications in single cells. For the least similar bin, performance dropped to 79%, suggesting that
highly dissimilar shapes were significantly more often misclassified, while overall classification accu-
racy was still way above chance. The maximum of misclassification here was 28% in a single cell (row
4, column 1). This shows that there are almost no systematic miscategorizations between Exemplar
categories and demonstrates that the Variations produced in the generative task are samples of
robust perceptual categories. Specifically, our results tend to suggest that drawers identified diag-
nostic features in the Exemplars and reproduced them in the Variations, allowing other observers
to identify them as belonging to a common class. Thus, drawers effectively derived distinct novel
categories from just a single object.

Identifying category-defining features

So far, we have shown that drawers generated genuinely novel objects, which other observers could
nevertheless assign to their corresponding category. This suggests that drawers identified and repro-
duced those features of the object that were most diagnostic of the class. Thus, we next investigated
which features were preserved, the extent participants agreed about the most significant features,
and the importance of these features for category assignment.
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The online version of this article includes the following figure supplement(s) for figure 3:

Figure supplement 1. Correspondence data for whole subset.

Figure supplement 2. Analysing part order and part changes in the correspondence task (Experiment 4).

Global curvature features

One significant feature preserved in almost all Variations was the global curvature, namely whether
the Exemplar consisted of straight or curved lines. We find that polygonal Exemplars tended to lead
to polygonal Variations while curvaceous Exemplars led to curvaceous Variations (r = 0.99, p < 0.001;
Figure 2b). This finding is broadly in line with the concept of non-random features indicating gener-
ative processes (Feldman, 1992; Feldman, 1997): A pencil tracing a random walk is unlikely to draw
a straight line, so straight lines are considered evidence of a significant (i.e., non-random) generative
process, which are therefore preserved in Variations.

Part-related features (Experiment 4)

Considering the Variations in Figure 1c, another significant feature that seems to be approximately
preserved in many drawings is the part structure—that is, arrangement and number of parts—of the
Exemplars (this is especially salient when looking at the most similar Variations; see also Ideas and
Speculations). At the same time, the parts themselves were often modified in size, orientation, or
elongation. This signifies a potential strategy that participants might have used in the drawing task,
highlighting their generative approach: Starting from perceptual segmentation of the Exemplar into
parts, they may have modified these parts (to varying degrees) and 'put them back together’, either
in the original or a different order.

To test whether participants used this strategy, another group of participants (n = 15) was shown
one Exemplar at a time, paired with a Variation of either the same or a different category, and asked to
identify any corresponding parts between the two shapes. This allowed us to test whether part corre-
spondence is stronger within categories than across categories—and how much of the Exemplar’s
part structure was retained in its Variations. When participants perceived parts as corresponding, they
delineated each part by drawing a line, thereby ‘cutting’ the shape into two parts on either side of
the line, and then choosing one of the parts to indicate the correspondence to a part in the Exemplar.
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Figure 3a shows aggregated mappings of correspondence for two of the categories, with the
Exemplar on the left and rows of corresponding Variations in descending similarity to the Exemplar
(see Figure 3—figure supplement 1b for complete set). Each point of the Variations' contour is
coloured the same as the Exemplar’s contour to which it was perceived to correspond the most. If a
point was perceived to correspond to a whole section of the Exemplar (e.g., the green ‘nose’ of the
Exemplar in the bottom row of Figure 3a), then it was coloured the same as the circular median point
of that section. Colour saturation indicates how often correspondence was seen for each point, with
higher saturation indicating stronger correspondence. This visualization shows the generally high level
of agreement about corresponding parts between participants. Figure 3b compares the correspon-
dence in same-category pairs to that in different-category pairs. On average, 71% of an Exemplar’s
area corresponded to some part of its Variations, with only 18% correspondence to Variations of
other categories (one-sided t-test: #(1199) = 38.84, p < 0.001, Figure 3—figure supplement 1a). To
test whether less similar shapes share fewer parts, we analyzed the corresponding area as a function
of the similarity of Variations to Exemplars by linear regression. We find that the extent to which the
Variation was seen to correspond was well predicted by similarity (R?2 = 0.92, F(1,8) = 96.69, p < 0.001,
see Figure 3—figure supplement 1a). This also suggests that the extent to which parts or area corre-
sponded might have been used by observers in Experiment 2 to assess similarity.

A significant correlation between the percentage of correct categorizations from Experiment 3
and the percentage of corresponding area (r= 0.53, p < 0.01) indicates that Variations that share more
parts with the Exemplar are grouped more often with their Exemplar compared to those sharing fewer
parts. Notably, out of the 80 Variations used in Experiment 4, 49 were always classified correctly, with
a range in corresponding area between 30% and 100%, and a mean of 81%.

Visual inspection of Variations suggested that Exemplars’ part orderings were often retained
in Variations, that is, visually different corresponding parts were arranged in the same sequence.
However, in some Variations this order was changed, as if the parts were ‘shuffled’. To test the
prevalence of different part orderings in the Variations, we created a compressed representation
of part order for each shape pair's correspondences (Figure 3—figure supplement 2): Moving
clockwise around the shape'’s silhouette, we listed each part indicated by the participant, as well
as gaps with no correspondences, resulting in a ‘part circle’ describing the order of labelled parts
for each shape (see Figure 3—figure supplement 2a). This representation was chosen because
Exemplars were created to comprise a main body with parts arranged roughly circularly around it,
making the resulting part circles approximately analogous to perceived part ordering. To analyze
part order, part circles were then compared to quantify the extent to which orders were identical,
reversed, or shuffled (i.e., non-identical). There is an important limitation to this analysis, however.
By this definition, part order could only be changed with more than two corresponding parts,
amounting to 30% of all trials. For the remaining 70% of trials, this analysis is not possible as with
two or fewer corresponding parts, part order is automatically conserved or cannot be defined.
This relatively low number is explained by participants often aggregating corresponding parts in
their responses, for example, by considering the three ‘non-bitten’ spikes in the top Exemplar in
Figure 3a as a single corresponding part—resulting in only two correspondences even though the
shape may have featured more perceptual parts. Of those trials with more than two correspon-
dences, part order was identical in 77%, reversed in 7%, and shuffled in 17% of cases. Analyzing
gaps in part circles also provided a tentative measure of how often parts of the Exemplar were
omitted (4%), substituted with another non-corresponding part (25%), or new parts were added
that did not exist in the Exemplar (8%). Notably, more part substitutions occurred for less similar
Variations to the Exemplar (Figure 3—figure supplement 2d). For further details of this analysis,
see Materials and methods.

While we have to be careful to generalize to the full set of Variations from this limited number
of data points, this analysis nevertheless provides some insight into potential strategies used in the
creation of new shapes: Many Variations retained the Exemplar’s part order, sometimes in reversed
form, suggesting that the shape was changed from its original form (as opposed to being created
completely from scratch) either globally or part by part to create an appreciably different object
displaying the same part order. In contrast, Variations with a shuffled part order, or omitted and added
parts, point to a ‘building block’ approach where parts are treated as independent, re-combinable
elements.
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Together, these findings demonstrate that Exemplars and associated Variations share a consider-
able portion of their parts, indicating that drawers preserve identifiable parts in their Variations even
though they varied specific geometrical properties of these parts. Furthermore, Variations also tended
to preserve the order of corresponding parts—with some exceptions where part order was changed—
overall pointing to a highly part-based creation approach.

Identification and preservation of distinctive parts (Experiment 5)

Another notable feature of the generated shape categories is that certain parts of the Exemplars seem
to be more distinctive than others, and that these often also appear in the Variations. We suggest
that these distinctive parts are a major driving force for correct categorization (Experiment 3). To
address whether participants agreed about which shape features are most distinctive, we showed
a new group of participants (n = 10) all 8 Exemplars together with 39 Variations from each of the
categories, in random order. They were asked to mark up to three parts of each object’s silhouette
through a painting interface, starting with the most distinctive part, followed by the second and third
most distinctive parts. Figure 4a shows all responses for one shape, together with the aggregated
response, which indicates a high level of agreement across observers (see Figure 4—figure supple-
ment 1 for the complete set). Figure 4b shows aggregated responses for a subset of Variations per
category. Contrasting these data with randomized responses mimicking the number of areas painted
and the lengths of consecutive areas painted, but with randomized placement of those areas (see
Methods for details), shows significantly higher agreement between humans compared to chance:
The mean consecutive area of a shapes’ silhouette with a high distinctiveness score (above 75% of
the highest score) for the human data made up 19% of a shape's perimeter compared to <1% for the
randomized data (two-sample Kolmogorov-Smirnov test, p < 0.001). This high agreement among
observers is especially noteworthy given that the quite vague concept of ‘distinctiveness’ could be
interpreted differently by different observers, pointing to just how important and characteristic these
parts are considered compared to the rest of the shape.

Visual inspection suggests that for most categories, participants tend to consistently indicate
specific parts as being the most distinctive across different Variations (e.g., indentation for category
2, spike for category 4, jagged feature for category 5, and twirl for category 6). Cross-referencing
these data with the part correspondences from Experiment 4 allowed us to test whether distinctive
parts within a category are indeed conserved (i.e., whether the most distinctive parts in each shape
are those that are judged to correspond to each other). For each corresponding part pair, average
distinctiveness scores of both parts were calculated. Comparing the scores of all Exemplar parts with
the scores of all Variation parts of the same category shows a high correlation (r = 0.63; p < 0.001),
suggesting that distinctive parts remain distinctive even when modified or shuffled within the overall
part structure. Equivalently, indistinctive parts in Exemplars tend to remain indistinctive in Variations,
lending further support to the finding that participants modify individual parts to create new shapes.
This raises the possibility that parts that are perceived to be distinctive are particularly important in
determining category membership.

Causal role of distinctive parts in categorization (Experiment 6)

We next sought to test the impact of distinctive parts on category membership more directly. To do
this, we created new stimuli from Variations by replacing the most distinctive part—as determined
from Experiment 5—with the most distinctive part of the Exemplar of another category. For compar-
ison, we created stimuli where we replaced the same Variation's least distinctive part with the least
distinctive part of the Exemplar of another category (Figure 5a; controlling for perimeter length—see
Materials and methods). A new group of participants (n = 15) grouped each of these newly generated
stimuli (280 with the distinctive, 280 with the indistinctive part swapped) with one of the Exemplars,
similar to Experiment 2.

Figure 5b compares the results with the percentage of correct categorizations in Experiment 2.
Binomial tests indicate that the proportion of correct responses from Experiment 2 (86%) was signifi-
cantly higher than both swap conditions (69% for indistinctive swap, p < 0.001, and 32% for distinctive
swap, p < 0.001). Further, we find a large difference in effect sizes: while swapping an indistinctive
part does have a small effect (Cohen’s h = 0.29), swapping a distinctive part has an immense effect
on correct categorizations (Cohen's h = 1.05). This shows that distinctive parts were a driving force
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Figure 4. Observers agree on the most distinctive parts. (a) Individual responses of all participants for an example Variation, showing which parts were
marked as most distinctive (red), second most distinctive (orange), and third most distinctive (yellow). Aggregating these responses results in the shape
on the right. The redder each point in the contour, the more distinctive it was evaluated across all participants. (b) Comparing aggregated responses
between Exemplars and corresponding Variations (a subset shown here) suggests that in most categories similar parts (e.g., the indentation, spike or
twirl) were identified as distinctive across most Variations.

The online version of this article includes the following figure supplement(s) for figure 4:

Figure supplement 1. Aggregated distinctiveness scores for all shapes.
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in categorization decisions, even though they often comprised only a small percentage of shapes’
contours. Figure 5¢ summarizes how often the category of the new, swapped-in part determined the
categorization decision, separately for indistinctive and distinctive parts. Performing one-sided bino-
mial tests on each of swapped-part conditions (with a Bonferroni-adjusted p level for 16 tests) shows
that most distinctive parts strongly biased participant’s responses toward their categories. In contrast,
only one indistinctive part had a significantly positive impact on its category choice, while most indis-
tinctive parts resulted in choices of their category even significantly below chance.

Previous studies showed that small-to-intermediate fragments of an image are sufficient for correct
categorization (Hegdé et al., 2008; Ullman et al., 2002). These informative fragments were defined
by implicit analysis of the statistical distribution of features across the complete object category or
categories (i.e., the fragments were learned during a training phase). In contrast, in our experiments,
parts were identified as distinctive from just a single piece of data (i.e., one object), consistently across
many observers. We suggest that observers may use statistical outliers within shapes (McCarthy and
Warrington, 1986), or outliers relative to previously seen objects to identify distinctive parts.

In summary, observers agreed on the most distinctive parts of shapes and used this information
as one of the main cues for category membership. In line with this, when creating new shapes, these
distinctive parts were reproduced with modifications that retained their specific characteristics making
them both distinctive and signifiers of their category.

General discussion

Our ability to organize objects into categories at a glance is of fundamental importance to everyday
activities. It allows us to access a wealth of knowledge about objects from previous experiences,
rather than having to discover each newly encountered item'’s properties de novo. Visual object cate-
gorization is typically so effortless that we easily take it for granted. Yet disorders of object percep-
tion—such as visual agnosia (McCarthy and Warrington, 1986; Riddoch and Humphreys, 1987,
Goodale et al., 1991, Behrmann and Nishimura, 2010) —lead to profound deficits. A particularly
striking characteristic of healthy human object perception is how rapidly observers learn new catego-
ries. Whereas machine-learning systems typically require thousands of examples per category to rival
human performance at recognizing objects in photographs (Huang et al., 2017, Krizhevsky et al.,
2012; Szegedy et al., 2017; Szegedy et al., 2015; Szegedy et al., 2016; He et al., 2016, Radford,
2021; Kubilius et al., 2016; Jozwik et al., 2018; Jozwik et al., 2016; Jozwik et al., 2019), human
infants and adults appear to be able to generalize successfully from just a single example of a new
category (Gelman and Markman, 1986; Gelman and Meyer, 2011; Gopnik and Sobel, 2000; Smith
and Slone, 2017; Yuan et al., 2020, Gershkoff-Stowe et al., 1997, Landau et al., 1988; Landau
et al., 1998; Pereira and Smith, 2009)—so-called ‘one-shot learning’ (Feldman, 1992; Feldman,
1997; Ons and Wagemans, 2012; Richards et al., 1992, Morgenstern et al., 2019; Ayzenberg and
Lourenco, 2021).

One-shot categorization is a formally under-constrained inference problem (Feldman, 1992).
There are infinitely many sets containing any given exemplar, any of which could be the true category.
It is thus remarkable that humans seem to be able to draw consistent conclusions about category
membership from such sparse data (Feldman, 1992; Feldman, 1997). Their judgements presumably
reflect assumptions about how—and by how much—objects within a category tend to differ from one
another, which constrains the space of variants that are deemed likely. Yet how this occurs remains
elusive.

We suggest that generative statistical models of shape play a key role in one-shot categorization.
However, to date, direct evidence for generative models has been scant. Most experimental studies
on categorization use sets of pre-selected stimuli to define categories and discriminative tasks to test
their hypotheses. The main drawback of this approach is that the assumed category-defining features
are determined by the experimenter and might therefore differ from the features used in unrestricted
categorization decisions. Moreover, discriminative tasks allow for simple strategies based on compar-
isons between objects, rather than probing the visual system’s internal generative models of objects
which are thought to be central to how humans and machines can learn categories from sparse data
(e.g., Fleming and Schmidt, 2019).

Here, by contrast, we used a generative one-shot categorization task to tap directly into generative
models and human creativity—and to identify category-defining features—by allowing participants
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to generate their own new category samples, rather than merely selecting between experimenter-
generated alternatives. The resulting Variations are thus shaped by the features that participants
consider important in the context of their previous experiences and by their internal visual imagery
processes. In principle, different observers might consider different features as significant so that
across observers no coherent object categories would emerge. However, in our findings this was
clearly not the case. We found a high degree of agreement between observers, suggesting general
principles of how humans analyze single objects and extrapolate new category members from its
features. Participants created Variations for different Exemplars varying in curvature characteristics
and number of parts, resulting in a large dataset of over 1600 drawings, which were significantly more
variable than mere copies of the Exemplars. Yet, despite the wide variety of Variations, the over-
whelming majority of a representative subset of these shapes was correctly grouped with the origi-
nating Exemplar by independent observers, showing that our task yielded genuine distinct perceptual
categories.

There are, of course, some limitations to our approach. By asking participants to draw variants, the
responses are necessarily limited by participant’s skills with the digital drawing interface. Some people
have lesser confidence or ability in drawing, and thus it is possible that some of drawings might not
accurately reflect their mental image of a given variant. However, this is somewhat mitigated by the
relatively straightforward 2D forms they were asked to draw. No ability to render perspective, shading
or other more advanced artistic skills were required. It is also worth noting that there was a substantial
difference between copies (which were quite accurate) and variants (which were highly diverse). This
suggests that artistic ability did not prevent participants from depicting at least a subset of the varied
and novel instances brought to mind by the exemplar.

Another potential bias introduced by our approach is possible carry-over effects of Exemplars seen
in previous trials influencing the drawings of later ones. While we aimed to minimize these effects by
randomizing the order of Exemplars, future studies could reduce this further by presenting just a single
Exemplar per participant, for example in an online experiment with larger numbers of participants.

A third potential issue with the method was our use of hand-created experimental stimuli. The
presence of distinctive features in some of the stimuli (e.g., the ‘twirl’ in Exemplar 6) was therefore not
accidental but the result of a decision by the experimenter, and it could be that such features occur
less frequently in natural objects. This limitation could be mitigated in future experiments by creating
stimuli through a stochastic process that is less under experimenter control. For example, by training
a generative algorithm (e.g., Generative Adversarial Networks Goodfellow et al., 2014) on a dataset
of natural shapes, it is possible to create stimuli that share statistical properties with natural shapes

Warp

Shuffle

w=P
k*  nxd

Other (Successful)

IV g ﬁ

f

Other (Unsuccessful)

Figure 6. Examples of proposed strategies used by participants. Selected examples representing part-based strategies like warp, shuffle, and other
strategies, both successful (i.e., shapes were correctly classified almost all the time) and unsuccessful strategies (i.e., shapes were correctly classified far

below average).
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Figure 7. Proposed steps of shape creation using a predominantly part-based approach. After analyzing shape features and identifying distinctive parts,
the individual parts get transformed and re-assembled to form a new shape. In the transformation process, distinctive parts are changed to a lesser
extent than other, non-distinctive parts. The creation of a new shape from the individual parts might involve adding, merging, or removing parts, as well
as changing their order. Note that this is an illustration of only one strategy (albeit an important one); however, Variations might also be created using
non-part-based strategies, where other features such as curvature are varied.

(Morgenstern et al., 2021), although care would need to be taken to rule out stimuli that resemble
recognizable items (which often result from such methods). However, even algorithmic stimulus gener-
ation does not fully solve the problem. Through their decisions about the algorithm and training set,
experimenters necessarily exert some degree of control over the kinds of stimuli presented to partic-
ipants, even if they do not hand-create or hand-select the individual instances, as we did. Despite
our use of hand-drawn Exemplars, the finding that participants could consistently identify distinctive
features without any explicit training—and treated these as defining class membership—suggests
that both experimenter and participants shared assumptions about which features are important.
More broadly, the finding that participants created Variations that other participants recognized as
belonging to the same class provides an existence proof for systematic generative processes, irre-
spective of how frequently such distinctive features occur in natural objects.

Ideas and speculation

How might a generative model operate in practice to allow a participant to synthesize new objects?
While it is difficult to probe the exact strategies used to create each Variation, visual inspection of the
drawings, as well as the part correspondence task in Experiment 4, provide some tentative insights.
We summarize our speculations about some of the possible strategies in Figure 6. For example, we
call one strategy ‘Warping’, as many variants appear to be related to the original Exemplar by a rela-
tively straightforward (non-linear) spatial distortion operation that preserves the ordering of points,
but alters their relative distances. Through such warping, a wide variety of shapes can be synthesized
while largely retaining one-to-one correspondence with features of the prototype from which they are
derived.
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Some strategies seem to involve segmenting the Exemplar into parts, which are then modified to
various degrees and recombined to create a Variation (Figure 7). There is considerable evidence for
perceptual organization processes that segment shapes into distinct subcomponents based on their
geometrical properties (Hoffman and Richards, 1984, Hoffman and Singh, 1997; Siddiqi and Kimia,
1995; Biederman, 1987, Singh et al., 1999; Marr and Nishihara, 1978) and causal origin (Spréte
et al., 2016). It thus seems intuitively plausible that parts might play a significant role in the generative
process too. This idea is further supported by the following observations: (1) Variations’ parts often
corresponded to parts of the Exemplar (Experiment 4); (2) part structure was retained or merely
shuffled in a significant number of shapes (Experiment 4); and (3) distinctive parts were crucial for
categorization (Experiment 6). As a result, even highly dissimilar shapes still shared 34% of their area
with the originating Exemplar (see Figure 3—figure supplement 1a right panel). Importantly, some
parts were identified as being highly characteristic of the Exemplar’s category and accordingly were
varied in the Variations in ways to remain category defining (Experiment 6).

In addition to reusing and changing individual parts, the order of parts also seems to have been
retained in many Variations—showing that drawers relied on both individual parts as well as their rela-
tionships to create a new object. Indeed, even shapes that appear to be created by a straightforward
‘Warp' strategy are not inconsistent with a part-based analysis and recombination.

In other Variations, however, part order was shuffled, illustrating a local strategy in which parts were
considered independent and recombined in different order. This part-based approach is also reflected
by the omission or addition of parts to the Exemplar, as revealed by our ‘part circle’ analysis. One
limitation of the analyses supporting these suggestions is that in Experiment 4, observers often (70%
of trials) indicated only two or fewer corresponding parts. For these shapes, it is not possible to iden-
tify part-order relationships using the ‘part circle’ analysis. This was in part because participants often
appear to have bundled together multiple elements—which a part-detection algorithm would treat
as discrete—into composite shape elements, effectively processing the parts in concert. Moreover,
although the drawings themselves were entirely unconstrained, it should be noted that Experiment
4 was explicitly focussed on corresponding parts by design, which only allows us to assess part-based
strategies.

Visual inspection of the dataset also suggests additional strategies that are harder to quantify
and less decidedly part focussed. Some of these are shown in Figure 6 (top right), which seem to
change the Exemplar’s part structure substantially while nevertheless retaining and exaggerating the
(statistical) motif of ‘spikiness’. The exact nature of the features that define abstract concepts such
as 'spikiness'—and thus allow observers to relate the Variations to the Exemplar—remain elusive.
However, presumably it is necessary to retain certain statistical properties of the shape, such as the
prevalence of sharp angles and straight edges. The bottom right panel shows Variations which were
less often linked to the original category in Experiment 3 than the average Variation. Very few if any
of the parts in the Exemplar are retained, and curved elements abound despite the original shape
being entirely angular. Evidently, eliminating core features—such as parts or straightness—was not a
successful strategy for generating legal Variations. Consequently, we suggest that observers analyze
the Exemplar with respect to a number of features, ranging from basic properties like curvature to
more high-level properties like ‘spikiness’, and then vary one or multiple of these features to create
a new object. This is consistent with recent work showing that perceived similarity between shapes
can be predicted by considering a large number of shape features (Morgenstern et al., 2021). Yet, in
general, observers seemed to share assumptions about the extent to which features could be varied
while still retaining the categories’ identity, as indicated by the small number of misclassifications in
Experiment 3. It is interesting to speculate that these assumptions may therefore be derived from the
statistics of variations between items in the natural world.

Many of the generated shapes not only shared most of their parts, but, strikingly, specific parts
were also reliably perceived as more distinctive than others and were the main catalyst driving cate-
gorization decisions, even if they comprised only a minority of the shapes’ area. This suggests that a
crucial stage in one-shot categorization is the identification of those features within an object that are
most likely to be ‘distinctive’ for defining the category.

What is the basis of such inferences? Given only a single exemplar, how are the ‘most distinctive’
features determined? We suggest that observers’ decisions are related to processes that identify
signatures of the underlying generative processes responsible for creating the observed shape and

Tiedemann et al. eLife 2022;11:e75485. DOI: https://doi.org/10.7554/eLife.75485 14 of 23


https://doi.org/10.7554/eLife.75485

e Llfe Research article

Neuroscience

which thus define the category. This is closely related to Feldman's (Feldman, 1992; Feldman, 1997)
theory of non-accidental features. Statistical relations that are unlikely to occur under a random model
(e.g., collinearity of features) are evidence of the operation of non-random generative processes.
Similarly, parts that have statistically distinct properties from the rest of the shape (Schmidt et al.,
2019)—or which are statistically distinct from parts of objects seen previously (Lake et al., 2015)—are
likely evidence of a category-defining process. Consistent with this idea, we find that parts that were
deemed distinctive were also those that had the most significant effect of categorization (e.g., the
“twirl” feature in category 6; see Figure 1a). On a more global scale, curvature characteristics (straight
or curved lines) of Exemplars were preserved almost perfectly in most drawings, showing that these
features were also deemed non-random. Conversely, random features were altered more freely: Since
the presented shapes were abstract, the part arrangement held no meaning and was therefore free to
be modified (in contrast to familiar objects like a chair or a human), resulting in some Variations with
changed part-ordering from the Exemplar. Yet an important open question is which properties of parts
or features are used to determine their status as outliers, and how these properties are determined,
based on familiar objects and processing constraints of the visual system. For example, even though
distinctiveness is an intuitive concept—as demonstrated by the high agreement by observers in
Experiment 5—it is challenging to define it formally. A large number of factors can affect the distinc-
tiveness of a part or feature, ranging from purely geometric qualities such as frequency of curvature
changes (Baker et al., 2021; Attneave, 1957, e.g., a tentacle vs. a stub) to comparative analyses
within the object (difference between part and other object parts) or across other objects seen before
(difference between part and other objects’ parts). More generally, parts might be compared to an
internal taxonomy of parts, each weighted with its probability of appearance, potentially informed
by frequencies of parts in real-world objects or by their function (Mukherjee et al., 2019; Tversky,
1989). Another important open question is how parts are parameterized so that identity-preserving
variations can be generated. Skeletal representations (e.g., Feldman and Singh, 2006) offer a prom-
ising avenue for potential representations (Destler et al., 2019, Wilder et al., 2011; Wilder et al.,
2018; Wilder et al., 2019).

Conclusions and future directions

Taken together, the results of our experiments suggest that humans are not merely passive observers,
who assign objects to categories based on their relative similarities in a fixed feature space. Instead,
a key aspect of human generalization is our ability to identify important signatures of generative
processes and then to run internal routines that actively synthesize new objects that we have never
actually observed. Thus, although drawing tasks present experimenters with challenges—particularly
in terms of analyzing the resulting drawings—they also provide a promising avenue into research not
only about object categorization but also human creativity. As seen in Figure 1d, there is a notable
difference between participants as to how much they tended to deviate from the Exemplars, raising
the question of what drives these individual differences. Another particularly fascinating open ques-
tion is the extent to which the synthesis of novel objects by observers recruits physical simulation
processes (Battaglia et al., 2013). It seems plausible that experience with the natural ways that
objects, materials, animals, and plants move and change shape over time (Schmidt and Fleming,
2016a; Spréte et al., 2016; Schmidt et al., 2016b) might influence the types of variations that
we tend to imagine (e.g., articulating limbs into different poses). The fact that observers can derive
diverse but constrained variations from a single exemplar suggests a deep perceptual understanding
about the ways things in the natural world tend to vary.

In future work, it would also be interesting to analyze the similarities between human drawings
(and their similarities to the exemplars) using artificial neural networks trained on datasets of line
drawings, such as the ‘Quick Draw!’ dataset (Jongejan et al., 2016, Ha and Eck, 2017, Xu et al.,
2021; Kabakus, 2020). In particular, each of the human drawings (or exemplars) could be fed into
such a network, and a feature vector describing the shape derived, allowing an automated quantita-
tive similarity analysis to be performed. Here, we used human-based ratings to perform such analyses,
but this approach does not scale well to larger datasets. Even more intriguing is the possibility of
training a neural network model to reproduce the types of generalizations that humans produce when
presented with a single exemplar. This would answer questions, such as whether it is necessary to be
exposed to human-created line drawings in order to generalize like humans, or whether a visual diet

Tiedemann et al. eLife 2022;11:e75485. DOI: https://doi.org/10.7554/eLife.75485 15 of 23


https://doi.org/10.7554/eLife.75485

e Llfe Research article

Neuroscience

consisting entirely of natural images is sufficient. It would also allow a more rigorous test of whether
part-based representations are necessary to capture the full range of human generalization. However,
to date, one-shot generalization as exhibited by our observers remains a significant challenge for
artificial vision systems.

Materials and methods

Participants were recruited through university mailing lists. All participants gave informed consent
before the experiments in accordance with the Declaration of Helsinki. The study was conducted in
accordance with the Declaration of Helsinki and approved by the Ethics Committee of the Depart-
ment of Psychology and Sports Sciences of the Justus-Liebig University Giessen (LEK-FB06; protocol
code 2016-0007, approved 18 April 2016). Experiment 1 was conducted on a touchpad computer,
all others on a computer.

Sample sizes

In the only studies known by the authors that employed a generative one-shot categorization task
(Feldman, 1997), the number of objects drawn per Exemplar ranged from 96 to 168. Given that
these Exemplars were comparatively simple (e.g., a dot on a line, two connected lines), we aimed for
a substantially larger number of drawings per Exemplar (204) to allow all potentially relevant features
of our Exemplars to be expressed in the generated objects. Given the novelty of this paradigm, esti-
mating effect sizes for follow-up studies using the drawn shapes proved difficult. For this reason, all
follow-up experiments in this study aimed for very high sample sizes to allow the detection of poten-
tially very small effects. For example, in Experiment 3, in which chance level is at 12.5%, to detect a
significant difference from that level of 2.5% using a one-sided binomial test (with Bonferroni-adjusted
alpha = 0.00625 and power = 0.95) we would need a sample size of 3197 trials, a number we have
exceeded (4800 trials) for additional sensitivity. Concerning t-tests, to detect a small Cohen'’s d of 0.2
(with alpha = 0.05 and power = 0.95), a minimum sample size of 1084 is necessary (for a one-sided
t-test), which is exceeded, for example, in Experiment 4 with 1200 data points per condition.

Experiment 1: generative one-shot categorization task

Seventeen participants drew 12 new shapes for each of the 8 Exemplars (204 shapes per participant,
overall 1632 shapes). They were instructed to draw a new object, belonging to the Exemplar’s class,
that was not just a mere copy of the Exemplar. The Exemplars were shown in randomized order in
the upper part of an iPad Pro (12.9") oriented in portrait mode and observers’ drawings were on
the lower part of the screen. While drawing, participants could switch between drawing freely and
drawing straight lines. Participants could clear the current drawing or undo the last drawn segment.
After putting down the pen they could only continue drawing from the end-point of the last segment
to prevent gaps between lines. After finishing a shape, the drawing area was cleared and a new
object could be drawn. A shape could only be finished if the contour was closed, that is, the first and
last point drawn were on the same spot. Participants were instructed not to draw any overlapping or
crossing lines.

Experiment 2: perceived similarity to Exemplars

For each category, 12 new participants judged the perceived similarity of all drawings created in
Experiment 1 to their originating Exemplar. Before making any judgements, all Variations of a cate-
gory were shown in grids of 3 by 4 shapes consecutively to give the observers an idea of the range of
shapes to be judged. In total, participants viewed 17 grids of 12 shapes. They were then presented
with the Exemplar on the far left of the screen. On the screen bottom, participants used the mouse
to drag and drop 3 randomly chosen Variations from that category into the upper part of the screen
and arrange them based on similarity to the Exemplar: the closer the shape was placed on the x-
axis towards the Exemplar, the more similar it was judged to be. Participants were instructed to try
and keep a consistent scale of similarity, meaning that equally similar shapes relative to the Exem-
plar should be placed in the same area of the screen, across trials and irrespective of how similar
the shapes were to each other. After placing three shapes relative to the Exemplar, a button press
revealed the next three shapes on the screen’s bottom portion. Already placed shapes were greyed
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out but could still be adjusted in position if so desired. To prevent the screen from getting cluttered,
old shapes disappeared after 4 trials so that only 12 shapes were shown at one time. For each of the
participants responses, the similarity values were normalized between 0 (the Exemplar) and 1 (the
least similar drawing). The final similarity value of each drawing was averaged across observers over
these normalized responses.

Picking stimuli from similarity space

In Experiments 2b, 3, 4, 5, and 6, we selected a subset of shapes from each category ensuring that
the subset spanned the whole range of similarities. As an example, a subset of 20 shapes was created
by taking all shapes of a category (minus the Exemplar) and dividing them into 20 equally sized bins
spanning the perceived similarity space derived in Experiment 2. For each bin, we selected the shape
with the lowest between-participant variance in similarity judgements. If a bin was empty, neigh-
bouring bins were searched for a shape not yet used.

Experiment 2b: comparing copies and new drawings

Fifteen participants were instructed to copy each Exemplar three times as best as possible with the
drawing interface used in Experiment 1, resulting in 45 copies of each Exemplar. Then, 15 new partic-
ipants were shown one of these copies, along with the Exemplar and one Variation of that category
per trial. The task was to pick the shape that was a copy of the Exemplar. The 45 Variations per cate-
gory were selected to span the range of similarities (see Picking stimuli from similarity space) and
randomly paired with one of the copies. Each category comprised one block of trials with blocks being
randomized in order, resulting in 45 x 8 = 360 trials. These trials were repeated three times resulting
in 1080 trials overall. In each repeat, the order of blocks and pairings of copies and Variations was
randomized.

Experiment 3: perceptual category membership

Fifteen participants sequentially judged which Exemplar category 40 drawings of each category
(chosen as described in Picking stimuli from similarity space) belonged to, resulting in 320 data points
per participant. If participants were unsure about the category membership, they were instructed to
pick the category they thought the shape belonged to the most.

Experiment 4: corresponding parts experiment
Fifteen participants participated in this experiment. For each Exemplar, a subset of 10 drawings span-
ning the range of similarities was chosen (see Picking stimuli from similarity space). Participants were
shown an Exemplar on the left and a drawing on the right, either belonging to the same or a different
category. They were then asked if they saw any corresponding parts between these shapes. If not, the
next shape pair was shown. Otherwise they were asked to pick the corresponding parts by first picking
the part in the Exemplar and then the corresponding part in the drawing. To pick a part, the two delin-
eating points of the part were to be clicked in succession, creating a line between these points within
the shape. After that, the polygon on either side of the line could be chosen as the final part. A part
could only be picked if the resulting line between the points did not intersect with other parts of the
shape. Instead of picking a part, the rest of the shape (comprised of anything not yet picked) could
also be picked, indicated by a red dot at the centroid of the remaining shape. Any section already
picked could not be used for another part. Any number of part pairs could be picked, unless the
remaining shape was picked, after which the trial was ended, since no more unpicked parts remained.
Each Exemplar was paired with 10 corresponding and 10 Variations of another randomly chosen
category, resulting in 8 x 20 = 160 trials per participant.

Part order analysis

To compare part ordering in Exemplar/Variation pairs we created a simplified representation of parts
(see Figure 3—figure supplement 2a): Starting with the left-most point of a shape and moving in
clockwise order, each point was tested whether it was within a designated part, or not. Accordingly, a
value or an empty value (or ‘gap’) was added to an array. The array values only changed when encoun-
tering a new part (or non-part; i.e., if the current part was not the same as for the previous point).
While this is a simplified representation of part order, we believe it to be a sensible approach for the
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shapes of this study, given that they mainly consisted of one central main body with a differing number
of parts attached. This analysis results in a circular array showing the clockwise ordering of parts for
each shape (‘part circle’). To compare part order, non-corresponding parts (i.e., gap segments) were
ignored, since we were only interested in the order of corresponding parts. By comparing these
arrays, we could see whether part ordering was identical, reversed, or shuffled. Since order between
two circular arrays could only be different when they consisted of more than two values (i.e., the
array [A,B] is considered the same as [B,A]), only trials with more than two correspondences were
considered, amounting to 30% of trials. Part changes, for example, omitted or substituted parts of an
Exemplar or parts added to the Variation that did not exist in the Exemplar, were defined by gaps in
the part order array: A gap in the Exemplar with no counterpart in the Variation at that same spot was
an omission. A gap in the Variation but not the Exemplar was considered an addition. If there was a
gap at the same spot in both shapes it was defined as a substitution. For this part-change analysis all
stimuli where any correspondence was seen was used (85% of trials).

Experiment 5: marking distinctive parts

Ten participants were sequentially shown a subset of 39 shapes (chosen as described in Picking stimuli
from similarity space) for each category, plus the Exemplar, resulting in 320 trials overall. They were
asked to mark the ‘most distinctive areas’ of each shape. They could freely paint on the shape’s silhou-
ette and were not constrained to paint only consecutive parts. After painting the most distinctive part
or parts in red they could switch to the next lower distinctiveness tier (orange) and paint the second
most distinctive areas. After that they could switch to yellow for the third most distinctive area. At
least one part had to be painted red, the lower distinctiveness tiers were optional.

To aggregate these responses (as in Figure 4 and Figure 3—figure supplement 1), each point
of the contour was given a score, with each red response adding 3, each orange 2 and each yellow
adding 1 to the score of that point. After summing the individual scores, the resultant scores were
normalized between 0 (score = 0) and 100 (highest possible score).

Creation of randomized responses for comparison with data from
Experiment 5

For each categories’ responses, we computed how often each distinctiveness tier was used (except
the first tier, which was always used). In addition, we computed the distribution of lengths of each tier's
consecutive painted areas and the distribution of number of non-consecutive areas per tier and cate-
gory. With these distributions 10 (the number of participants in Experiment 5) randomized responses
were created for each of the shapes from Experiment 5, meaning the average number of areas and
consecutive lengths mimicked the human distribution, while the placement on the shape was random.

Experiment 6: swapping distinctive parts experiment. Stimuli

First, we segmented each shape of Experiment 5 into one distinctive and one indistinctive part. The
distinctive part was the largest consecutive part of the shape with an aggregated distinctiveness score
higher than 75 in each point. The indistinctive part was the rest of the shape.

In ‘distinctive part swapped’ shapes, we swapped the distinctive part with a distinctive part of
another categories’ Exemplar. In ‘indistinctive part swapped’ shapes, we swapped an indistinctive
part of the shape with the same number of points as the distinctive part that had the lowest average
distinctiveness score. Since points were equally spaced along the contour both parts had the same
perimeter length. In either case the swapped-in part was rotated and either uniformly compressed or
stretched to fit the gap as best as possible.

In each case a drawing from the subset from Experiment 5 (excluding the Exemplars) was used as
the base shape. In this way for each of the 8 categories, 5 shapes were created with parts swapped
from one of each of the other 7 categories both once with the distinctive part and once with the indis-
tinctive part swapped, resulting in 8 x 7 x 2 x 5 = 560 shapes.

Because this process sometimes created shapes with large self-intersections, the final five shapes
for each condition were hand-picked to create well-formed, artefact-free shapes.

Procedure
Fifteen participants then conducted a repeat of the ‘Perceptual category-membership’ experiment
with the 560 stimuli (see Experiment 3).
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Perceived Exemplar complexity

Twenty participants arranged the eight Exemplars in order of perceived complexity from simple to
complex. The average rank of these responses was used to order the Exemplars and their categories
in most plots of this paper.
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Abstract: Plants and animals are among the most behaviorally significant superordinate categories
for humans. Visually assigning objects to such high-level classes is challenging because highly
distinct items must be grouped together (e.g., chimpanzees and geckos) while more similar items
must sometimes be separated (e.g., stick insects and twigs). As both animals and plants typically
possess complex multi-limbed shapes, the perceptual organization of shape into parts likely plays a
crucial rule in identifying them. Here, we identify a number of distinctive growth characteristics that
affect the spatial arrangement and properties of limbs, yielding useful cues for differentiating plants
from animals. We developed a novel algorithm based on shape skeletons to create many novel object
pairs that differ in their part structure but are otherwise very similar. We found that particular part
organizations cause stimuli to look systematically more like plants or animals. We then generated
other 110 sequences of shapes morphing from animal- to plant-like appearance by modifying three
aspects of part structure: sprouting parts, curvedness of parts, and symmetry of part pairs. We found
that all three parameters correlated strongly with human animal/plant judgments. Together our
findings suggest that subtle changes in the properties and organization of parts can provide powerful
cues in superordinate categorization.

Keywords: visual perception; objects; shape; features; visual cognition

1. Introduction

Visually differentiating between superordinate classes, e.g., plants and animals, is a
vital skill with direct consequences for our behavior. For example, many animals can move
at speeds that demand immediate action—such as fleeing or attacking—while plants do
not. However, the visual distinction between these classes is not always easy. Even though
objects within a superordinate class typically share particular characteristics (e.g., visible
motion), they might still look very different. For example, elephants and insects both
belong to the animal class, but are very different in their visual appearance. In contrast,
insects and twigs can share many visual features, such as thin and spindly limbs, but belong
to different superordinate classes. Consequently, we need to be able to quickly analyze and
interpret sometimes subtle shape differences to achieve correct categorizations and adjust
our behavior accordingly.

Previous research identified some of the visual aspects distinguishing superordinate
classes like animate and inanimate objects [1-3] as well as aspects of the neural processing
that drives categorization [4-6]. Specifically, these studies focused on diagnostic local
features such as eyes and mouth (e.g., [1]), individual parts such as tails [7], global features
such as canonical animal postures [8], or overall curvature [9-11]. However, all of these
studies are virtually agnostic with respect to the role of perceptual organization of object
shape, that is, the spatial arrangement and relations between the different parts of an object.
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Hereinafter, we use the term “part structure” to refer to the visual segmentation of an object
into its parts (e.g., [12,13]) as well as to the analysis of relational information—for example,
to which other parts a given part is connected (e.g., [14]), whether parts form a symmetrical
pair (e.g., [15]), or other non-accidental configurations like collinearity of parts [16,17].
There are several reasons why part structure might contribute to superordinate object
categorization. First, natural growth processes tend to follow systematic rules [18], resulting
in highly regular growth patterns. This constrains the perceptual organization of object
parts in otherwise visually highly varied categories (Figure 1). For example, the presence
or absence of symmetrical parts is a distinctive quality of part structure. Animals such as
insects, elephants and vultures could hardly be more visually distinct, yet all of them are
comprised of a main body with prominent pairs of symmetrical limbs, most often arms
and legs. Indeed, biologically, the vast majority of animals follow a bilaterally symmetric
body plan [19] supporting the notion that humans have evolved (or learned) to expect this
part structure in animals. In line with this, previous studies have found that symmetry is
indeed a strong animal-cue [3]. In contrast, plants such as oak trees or ferns typically grow
parts radially in a Fibonacci sequence [20], resulting in a roughly alternating left/right
placement of parts when viewed from the side. Experiments using abstract shapes have
shown that regularities in part structure can, in certain situations, drive categorization [21],
supporting the notion that these ubiquitous natural regularities play a role as well.

Animal Plant

Part hierarchy:

- Main body

1storder part

2nd order part
b // " 3rd order part
. 4th order part

Figure 1. Scheme illustrating that different superordinate categories often show striking differences
in their perceptual organization: rocks are usually made up of only one central body, without any
limbs; animals tend to have prominent first-order parts growing from the main body with few
higher-order parts; plants often have additional layers of parts further removed from the main body.
Part organizations were created by the authors for illustrative purposes, not as an algorithm.

Second, part structure is a useful visual feature because it is independent of temporary
limb articulation. For example, an ape rarely positions its limbs in perfect mirror sym-
metry formation. Instead, the limbs are configured according to the task currently being
performed. However, by attending to the part structure, that is, to where the limbs are
attached to the ape’s main body, an observer can abstract away from their current shape
and positioning. Although limb pose can be highly flexible, an animal’s part structure
rarely changes with motion, so it is an immutable feature of its growth history and class.

Third, animals and plants can be differentiated perceptually by the presence of higher-
order parts. Animals mainly consist of a main body with prominent first-order parts
(limbs that grow directly from the main body). In contrast, plants are often composed of
a hierarchy including many higher-order parts, i.e., parts that do not connect directly to
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the main body (red in Figure 1) but rather derive from a first-order or a higher-order part
(orange to green parts in Figure 1). These higher-order parts of plants often sprout off their
parents, resulting in sharp angles that make them more salient and visually distinct. In
contrast, if animals possess higher-order parts at all—for example, fingers or claws—they
often grow off the parent part’s end, and the resulting obtuse angles make them look more
like a continuation of the parent than distinct parts on their own. As a result of these typical
differences, symmetry of part pairs and sprouting higher-order parts are potentially useful
cues for distinguishing plants from animals.

Previous findings suggest that part structure is an important feature for the speed
of object identification [22] and for discriminating between abstract shapes [23,24]. Other
findings indicate that part segmentation is available early in visual processing [25,26].
Together, this suggests that part structure might be a powerful cue for superordinate
categorization of objects. Here, we ask to what extent humans make use of such cues.

We can also use differences in part structure to map out the superordinate category
boundary along the spectrum of shapes spanning plants and animals. Previous studies did
this by generating shapes along a continuum of superordinate classes (e.g., animals and
leaves [27]) using a global shape-morphing algorithm to move between contours of different
classes (e.g., [28]). This method of global shape-morphing, however, can often result in
shapes that do not belong clearly to either of the superordinate classes and, moreover, does
not permit testing the role of specific individual cues in participants’ judgments easily.
Here, we used our observations about systematic differences in part structures between
animals and plants to morph continuously between classes by parametrically varying these
cues. We focused on novel, generated objects to provide greater control over the parameters
than is possible through photographs or silhouettes of natural shapes and to help reduce
the influence of semantic knowledge and ground-truth category membership. We reasoned
that while objects are generated to possess more or fewer features of a particular class,
their novelty and the continuous variation of parameters ensures that the superordinate
categorization task is nontrivial.

2. Experiment 1: Differences in Part Symmetry and Curvedness

To investigate the role of part symmetry as a superordinate categorization cue, we
sought to generate pairs of shapes that differed only in that aspect—with one having
symmetrical pairs of parts and the other having the same parts slightly displaced with
respect to each other. Previous studies also found curvature to be a distinguishing factor
between animals and plants (e.g., [9]); however, they analyzed and manipulated curvature
at the image level. In contrast, we decided to investigate the role of curvature by creating
pairs of shapes that only differed in the articulation of parts—namely, in straighter or
curved limbs. To achieve these aims, we developed a generative algorithm based on shape
skeletons [14,29,30] that allowed us to vary shape parameters such as the number of skeletal
limbs (parts) and the width and length of each part (Figure 2). This algorithm was used to
create all stimuli in this study.
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Figure 2. Overview of the shape creation algorithm. (a) Growth process of a part. From a starting
point, we choose a random angle within a specified range (here, from —60° to +60° relative to a
starting angle, which was pointed upwards for the first part, or orthogonal to the parent part in later
parts). Then, we create a new point at a random distance deviating from the previous angle by a value
chosen randomly from the same range as before. This process is repeated until the desired number of
joints is created (the limbs of stimuli in this study ranged from three to five joints). The points are
then connected by a line with each point defining a skeletal joint (panels 1-3). After smoothing the
line (panel 4), we create silhouette points along the line with specified width values (panel 5). All
parts are created analogously. (b) Examples of growth parameters. 1. The range of angles between
joints can be varied from narrow to wide. 2. Number of joints. 3. Tapering. 4. For each joint, a width
factor can be specified. Values between joints are interpolated. 5. Overall width relative to the parent.
6. Overall length relative to the parent. (c) Resulting skeletal representation. Joints (black dots) are
shown together with skeletons of the main body and the parts (blue lines). Intersection points (red
dots) between them are used for part segmentation.

2.1. Participants

The participants (n = 13) were recruited through the university mailing list. All
the participants gave informed consent before the experiments in accordance with the
Declaration of Helsinki. The procedures were approved by the Local Ethics Committee of
the Department of Psychology and Sports Sciences of Justus Liebig University Giessen.

2.2. Materials and Methods

For Experiment 1, we created pairs of shapes with the simultaneous aims of max-
imizing visual similarity while varying symmetry of part pairs or curvedness of parts.
Therefore, each shape pair consisted of the same main body, which was a simple elongated
shape in upright orientation, with the same number of limbs growing from the main body
of both shapes.
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For the symmetry condition, one limb of each part pair in the second shape was
displaced (top row of Figure 3)—that is, moved randomly up or down the main body by
either 2.5%, 5.0%, 7.5%, 10.0%, or 12.5% of the main body’s perimeter—creating pairs with
subtle to very large asymmetries.

Symmetrical — Less symmetrical fsymimetrical = ll\:\)/le?arg];t

1 === Chance
0.5 1
0 -
Participants

Straighter = Plant

— Average
Very curved > Less curved 1 — Chance
* * \*/ \i/ 0.5 “
0 ”h
Participants

Figure 3. Stimuli and results of the 2-AFC task. The top row shows an object with symmetrical
part pairs (left) and shapes becoming increasingly asymmetrical. Each shape pair in the 2-AFC task
consisted of one symmetrical and one asymmetrical shape, and the participants were to choose the
more plant-like shape. The results on a per-participant basis are plotted in the bar graph on the
right with grey bars being not significantly different from chance (red line; evaluated by one-sided
binomial test). The high average performance (black line) shows that asymmetry serves as a strong
plant cue. The bottom row shows stimuli and findings for curvedness.

For the curvedness condition, we firstly created the limbs of the first shape with high
curvedness (the bottom row of Figure 3), with angles between joints ranging from 50 to
100 degrees. For the second shape, these limbs were “straightened out” by moving the
individual joints so that the resulting angle between all the joints was reduced by one of
five factors (ranging from 0.05 to 0.25 in steps of 0.05). For example, multiplication using a
factor of 0.25 with a limb’s joints with an angle of 100° resulted in a limb with joints with
an angle of 25° while keeping the distances between them the same. As a result, the parts
of the second shape varied between somewhat curved to being almost completely straight.

For both conditions, the number of limbs attached to the main body varied from two
to five. Twenty shape pairs were created for each number of limbs (4) and parameter values
(5) resulting in 20 x 4 x 5 =400 stimuli per condition. In the 2-AFC task, the participants
were presented with each shape pair and instructed to identify which of the two shapes
belongs to the category of plants—and implicitly that the other belongs to the category of
animals—with a press of a button. Thus, the same shape could never be plant-like and
animal-like at the same time. They were further instructed that there were no right or
wrong answers and, if unsure, to pick the response that fit the respective categories best. No
further elaborations as to the research question were made. In spite of the shapes’ relatively
abstract visual appearance, the participants reported no problem in performing the task.
The shape pairs were shown side by side in randomized order and with randomized
left/right placement.
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2.3. Results

Bar plots in Figure 3 show the results for both symmetry of part pairs (top) and
curvedness (bottom) on a per-participant basis. The shapes with asymmetrical part pairs
were judged to be more plant-like than their counterparts by all but one participant,
resulting in a strong overall preference in 91% of the trials (one-sided binomial test: 50%;
N = 5200, i.e., number of judgements; K (correct responses) = 4735, p < 0.001), showing
that this aspect of part structure is indeed a strong differentiating cue between plants and
animals. Curvedness also had a significant, although smaller, effect on categorization with
less curved shapes seen as more plant-like in 75% of the trials (one-sided binomial test:
50%; N = 5200, i.e., number of judgements; K (correct responses) = 3879, p < 0.001)—with
the exception of two participants who displayed the opposite pattern, with more curved
shapes appearing more plant-like. This suggests that part structure is an effective cue for
superordinate categorization, just like part articulation.

As described above, asymmetry and straightness varied from subtle to strong in
five steps to test if larger differences in these two aspects would in turn lead to stronger
categorization effects. A one-sided ANOVA for the different levels of asymmetry was
significant (F(4,395) = 3.49, p < 0.01). Performing Tukey’s post-hoc tests showed that the
smallest asymmetry (displacement of 2.5% of the main body perimeter) was significantly
different from both the second-largest and the largest displacements at p < 0.05 (10% and
12.5% displacement, respectively). Note that these differences are, however, relatively
small in absolute numbers, with the smallest asymmetry seen as plant-like 88% of the time,
compared to 93% and 92% for the two largest asymmetries. The ANOVA for the different
levels of curvedness was not significant (F4,395 = 0.76, p = 0.55).

3. Experiment 2: Differences in Part Hierarchy between Animals and Plants

To investigate the role of part hierarchy in superordinate categorization, we generated
shape pairs that differed in whether they exhibited higher-order limbs (i.e., sprouting) but
were otherwise similar in appearance.

3.1. Participants

The participants (n = 15) were recruited through the university mailing list. All
the participants gave informed consent before the experiments in accordance with the
Declaration of Helsinki. Procedures were approved by the Local Ethics Committee of the
Department of Psychology and Sports Sciences of Justus Liebig University Giessen.

3.2. Materials and Methods

Equivalently to Experiment 1, we created shape pairs only differing in the presence
of second-order limbs. In each pair, the first shape consisted of the main body and two
sets of symmetrical first-order limbs, emulating the look of an insect-like animal. The
second shape consisted of the same main body and first-order limbs rearranged to imitate
the typical part structure of a tree-like plant (by “transplanting” one set of first-order
limbs onto another set, Figure 4a). As Experiment 1 showed that symmetry of part pairs
and curvedness of limbs are strong categorization cues which might modulate potential
effects of higher-order limbs, we created four groups of stimulus pairs from all the possible
combinations of symmetrical /asymmetrical and curved/straight limbs (Figure 4a). Thus,
we were able to test the effect of sprouting limbs on shapes that we expected to appear
more plant-like (straight and asymmetrical limbs), animal-like (curved and symmetrical
limbs), or in-between (straight and symmetrical as well as curved and asymmetrical limbs).
For each of these four stimulus types, we created 125 shape pairs, resulting in 500 trials
with no repetitions.

The participants were instructed to identify one shape that was more plant-like versus
another shape that was more animal-like, meaning one shape could not be both more
animal- and plant-like, as in Experiment 1. Apart from the stimuli, the experiment was
identical to Experiment 1: the shape pairs were shown side by side in randomized order
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d

Symmetrical + Straight Asymmetrical + Straight

and with randomized left/right placement. The participants would then choose the more
plant-like object with a press of a button (which also defined the other shape as more
animal-like). This way we could test to what extent the presence of second-order limbs
served as a cue to superordinate categorization of plants and animals.

Symmetrical + Curved Asymmetrical + Curved

b  Sprouting = Plant
e 1 — Average
=== Chance

0.5 —

Figure 4. Sprouting limbs are a strong differentiation cue between plants and animals. (a) Types of
stimuli created for the 2-AFC task combining symmetrical /asymmetrical and curved/straight limbs
to make them appear more or less animal-/plant-like. (b) Results on a per-participant basis. All the
participants’ responses were significantly different from chance (red line; evaluated by one-sided
binomial test). The participants were instructed to pick the more plant-like shape versus the more
animal-like shape.

3.3. Results

Figure 4b shows the results for Experiment 2 on a per-participant basis. The shapes
with sprouting limbs (i.e., with second-order limbs) were consistently judged to be more
plant-like than their counterparts and, conversely, the shapes without sprouting were
judged to be more animal-like (one-sided binomial test: 50%; N = 7500; K = 6205, p < 0.001).
This illustrates the effectiveness of sprouting limbs in making a shape seem distinctively
more plant- and less animal-like.

With respect to the additional parameters of symmetry and curvedness, we found no
significant difference between the four stimulus types (ANOVA: F3,496 = 1.42, p = 0.24).
This suggests that sprouting parts are the main driving force in this stimulus set indepen-
dent of the other available cues.

4. Experiment 3: Morphing from Animals to Plants with Changes in Part Structure

After having established that features of part structure are effective cues for differenti-
ating between animals and plants, we set out to investigate whether continuous changes in
these features across the spectrum would result in corresponding changes in categorical
decisions. Previous studies morphed between two end-states of different categories (e.g., an-
imals and leaves [27]). However, by using global shape-morphing algorithms based on
contours, in-between morphs did not always look like real objects belonging to any specific
category. In contrast, we manipulated objects in a part-based fashion so that the number of
parts as well as the parts themselves (apart from articulation) stayed the same throughout
the morphing sequence. This way we could test whether differences in part structure alone
are sufficient to define perceived category membership, without additional cues like texture
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or part identity (e.g., leaves or wings). Specifically, we asked whether the “animal-ness” of
an object decreases continuously with the increase in the corresponding plant-like changes
in part structure up to an ambiguous midpoint after which the object appears more like a
plant. Alternatively, it would be possible that the chosen parameters were not sufficient
to induce gradual changes in category membership. In that case, all shapes along the
morphing spectrum might look either animal-like or plant-like (e.g., when changes in part
curvedness would be interpreted as the same object with a different articulation of its
limbs rather than another object from a different class). The often-subtle differences in
part structure between morphing steps (in contrast to more blatant differences like the
number of parts) allowed us to test the type of fine-grained categorical decisions that are
often necessary in the real world, for example, when differentiating twigs from insects.
Given that single parameters tend to explain little variance in the distinctions between
superordinate classes [2,3], we decided to vary all three parameters from Experiments 1
and 2 together (symmetry of part pairs, curvedness of parts, and sprouting parts).

4.1. Participants

The participants (n = 14) were recruited through the university mailing list. All
the participants gave informed consent before the experiments in accordance with the
Declaration of Helsinki. The procedures were approved by the Local Ethics Committee of
the Department of Psychology and Sports Sciences of Justus Liebig University Giessen.

4.2. Materials and Methods

We morphed along three parameters at the same time: (1) the symmetry of part
pairs, varying between symmetrical and asymmetrical; (2) the curvedness of parts, varying
between curved and almost straight; (3) the organization of parts, varying in two different
ways (Figure 5). The first type of stimuli featured a more plant-like form of sprouting
(growing sprouting condition): sprouting limbs grew from random points on their parent
limb and were articulated independently, without making a symmetrical pair with the
sprout on the corresponding mirrored parent part. Furthermore, we varied the size of
the sprouts, with second-order limbs growing from non-existent to relatively large. The
second type of stimuli featured sprouting limbs with more animal-like characteristics
(symmetrical sprouting condition): second-order limbs formed symmetrical pairs (if the
parent limb was also part of a symmetrical pair) and were of the same size throughout the
morphing sequence—emulating real-world second-order limbs of animals like claws or
thumbs. In both (growing sprouting, symmetrical sprouting) conditions, the sprouting
limbs changed in the same way as the first-order limbs did along the morphing sequence—
they became straighter and more asymmetrical. Along with these parameters, shapes
varied in the number of their first-order limbs (from two to six; held constant along the
morphing sequence).

With these parameters, we created 110 sequences of five morph levels from animal-
to plant-like, resulting in 550 shapes in total. Each shape consisted of a vertically oriented
main body, with a different number of first-order limbs (ranging from two to six) that
formed symmetrical pairs. With odd numbers of limbs, the additional limb would not have
a symmetrical counterpart.

All the 550 shapes were shown in randomized order one by one so that the morphing
sequences were not apparent to the viewer. The participants were asked to rate each shape
on a continuous scale from animal- to plant-like by moving a slider, with the midpoint
representing a shape that is equally animal- and plant-like.

The different types of stimuli allowed us to investigate two questions. First, can we
generalize the previous findings of Wilder et al. (2011) by showing that a larger number of
limbs not only makes an object look more like a leaf, but also generally more like a plant? If
that were the case, we should find that shapes with more first-order limbs are judged to
be more plant-like compared to shapes with fewer first-order limbs. Second, are shapes
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with an odd number of first-order limbs, and therefore no bilateral symmetry, more biased
towards the plant side than shapes with an even number of limbs?

Growing sprouting

P F

Animal-like

Plant-like

A

Symmetrical sprouting

Morph Parameters:

1. Asymmetrical displacement of limb-pairs

2. Straightness of limbs

3. Size of sprouting (top) / Symmetry of sprouting (bottom)

Figure 5. Morphing sequences from animal- to plant-like and the corresponding parameters. The top
row shows an example sequence for the “growing sprouting” condition and the bottom row for the
“symmetrical sprouting” condition. Changes in three morph parameters are illustrated: symmetrical
limb pairs are increasingly displaced (red), parts get continuously straighter (green), and sprouting
parts (blue) either grow (from non-existent to largest) from random starting points (top row of shapes)
or are always the same size but make up symmetrical pairs where possible (bottom row).

4.3. Results and Discussion

The participants’ responses were closely related to variations in our parameter space,
in which symmetry, curvedness, and sprouting were manipulated simultaneously. Shapes
with more animal-like parts (more curved, symmetrical, and with fewer prominent second-
order limbs) were perceived as more animal-like and vice versa for more plant-like parts
(Figure 6). To summarize the sigmoidal trends in the data, we fit psychometric functions to
all the responses using psignifit [31]. Overall, the responses were biased towards the plant
end of the spectrum (first panel of Figure 6) with the average categorization value of 0.59
(most animal-like = 0, most plant-like = 1)—documented by a one-sample ¢-test comparing
all the responses with the midpoint of 0.5 (t(7699) = 28.47, p < 0.001). This bias might be
explained by the existence of (albeit small) sprouting limbs in all the conditions, except
for the most animal-like stimulus type in the “growing sprouting” condition (meaning
that 90% of the stimuli had some form of second-order limbs). Furthermore, only the most
animal-like step had complete symmetry among the limb pairs, with the other four steps
introducing asymmetry, a potent plant cue, potentially adding to the plant bias. Moreover,
it is also worth noting that we did not systematically manipulate the local symmetry of
second-order limbs meaning that they may have more closely resembled plant branches
than animal limbs.
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Figure 6. Morph sequences agree with human categorizations. Panel 1, aggregated responses (y-axis,
Pl. = plant, An. = Animal) as a function of morphing steps (x-axis), with each participant’s average
response in faint grey, shows the overall agreement between the morphing steps and the observers’
categorizations. The midpoint of the animal/plant spectrum used by observers is indicated by
a dashed line. Panel 2, different sprouting styles (growing sprouting in orange and symmetrical
sprouting in purple) had very similar effects on categorization. Panel 3, the more parts a shape had,
the stronger was the difference between the morphing steps. Panel 4, slopes of curves in Panels 1-3.
Noticeably, the parts with an odd number of non-main body limbs have a smaller slope and are more
biased towards plant-likeness compared to the shapes with an even number of limbs.

Different sprouting styles (second panel of Figure 6) elicited highly similar responses,
showing that they had roughly the same impact on categorization. An ANOVA yielded
no significant difference between the two sprouting styles (F(1,548) = 0.01, p = 0.92). To
establish whether we had evidence for no difference between the sprouting styles, we
calculated a scaled JZS Bayes factor using a Jeffrey—Zellner—Siow prior (Cauchy distribution
on effect size) with a default scale factor of 0.707 [32], resulting in a BF10 of 0.03. This
measure describes the probability of the data given H1 relative to HO, where a BF10 < 0.1
can be considered “strong evidence” for HO [32]. This suggests that, across the complete
morphing sequence, it did not matter whether sprouting limbs grew from random points
and varied in size (growing sprouting) or whether they formed symmetrical pairs that did
not change in size (symmetrical sprouting).

Finally, increasing numbers of limbs attached to the main body (third and fourth panels
in Figure 6) increased the slope of the fit function, indicating a stronger distinction between
animal- and plant-like shapes. While the number of parts did not affect the plant side of
the morphing spectrum much, it strongly affected the judgement of animal-like shapes.
This is corroborated by separate ANOVAs for each morphing step, showing significant
differences within steps 1 (most animal-like) to 3 (midpoint), but not within steps 4 and
5 (most plant-like; Bonferroni-adjusted p-value of 0.01 for five tests). Consequently, the
number of limbs only affected judgement of ambiguous and animal-like shapes—with
animal-like shapes with fewer limbs judged as much more plant-like compared to animal-
like shapes with many limbs. Furthermore, an odd number of limbs created an overall
more plant-like impression along the morphing sequence (fourth panel in Figure 6), with a
smaller slope compared to shapes with an even number of limbs (one limb either more or
less), presumably because animals canonically have an even number of limbs.

5. Discussion

Visually distinguishing between superordinate classes is a vital yet challenging skill.
Different members of the same superordinate class may share certain features, but also differ
from one another in other highly salient ways. Somehow, the visual system must determine
which feature differences are relevant for superordinate classification and which otherwise
significant differences in appearance ought to be ignored. How humans achieve this
remains unclear. Most previous studies investigated local object features such as eyes and
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mouths (e.g., [1]), individual parts such as tails [7], global features such as canonical animal
posture [8], or overall curvature [9-11] without considering the perceptual organization of
objects. However, since organic objects grow in specific ways according to particular laws
(e.g., [18,20]), the resulting visual part structure is highly constrained by biological class,
therefore specifying a potentially powerful cue for superordinate categorization.

Based on this observation, we conducted two categorization experiments with pairs of
shapes that were identical except for the symmetry of part pairs, the curvedness of parts, or
the presence of second-order limbs (Experiments 1 and 2). We found that both symmetry
and curvedness were effective cues for differentiating between animals and plants. The
presence of second-order limbs was also used to categorize novel objects as plants or animals.
Together, these findings suggest that the perceptual organization of objects—the spatial ar-
rangement and relations between their parts—helps us to distinguish between superordinate
classes of animals and plants, and potentially other superordinate categorizations.

In the final experiment, we used these newly identified categorization cues to create
sequences of shapes morphing from animal- to plant-like in a continuous, part-based
fashion. Since superordinate categorization tends to be affected by multiple factors at
once [2,3], all three features varied simultaneously. We also included two different styles of
sprouting, one closer to the biological reality of plants (growing sprouting condition) and
the other emulating animal-like second-order limbs (symmetrical sprouting). We found
that the three categorization cues predicted category membership very well even if the
two sprouting styles did not create appreciable differences in categorization. Additionally,
the more parts a shape had, the stronger the perceived difference across the morphing
spectrum, especially for shapes with animal characteristics: the shapes with fewer than four
parts were seen as more plant-like across the spectrum compared to shapes with four or
five limbs. It is interesting to speculate whether this might have been because canonically
mammals possess four limbs, whereas plants deviate more often from this number. Finally,
shapes with an odd number of first-order limbs were more biased towards the plant end
of the spectrum regardless of curvedness or symmetry of part pairs compared to even-
numbered counterparts—showing a further effect of structural symmetry on categorization
(i.e., the symmetry of the points of attachment along the length of the body). Overall, our
findings show that even small differences in part structure can change the superordinate
categorization of objects as opposed to more blatant changes like adding new parts [27] or
distinctive features [1,7], emphasizing just how subtle decisive category features can be.

Given the speed of visual part segmentation [25,26] and categorization [1] in humans, it
is possible that the perceptual organization of objects is analyzed early in visual processing
as well. In fact, a lot of information about part structure would be obtained already in the
process of segmenting an object into its parts—as, for example, indicated by studies on
the early availability of symmetry information (e.g., [15,33,34]) and an extended neural
network processing that information [35,36].

Previous studies developed concepts similar to our definition of part structure, all of
which put emphasis on the information about relational aspects of object parts (e.g., [37—42]),
even though some of these approaches do not discuss part segmentation as a perceptual
problem. What many of these different concepts have in common is the reduction of visual
information about object parts to a “neighborhood tree”, tree-like graph representations that
mainly encode which parts are connected to which other parts. While this information alone
might be sufficient to match many similar objects (e.g., [40]), thereby showing that even the
most basic form of part structure is rich in information, this type of representation is not
sufficient to explain our current findings. For example, a graph representation is insufficient
to differentiate between the symmetrical and asymmetrical shape pairs of Experiment 1
where the connections between parts (as well as individual parts) are identical. Thus, an
accurate account of the human visual representation of part structure has to include not
only the connections between parts, but also relational information of unconnected parts
(e.g., whether a limb has a mirror-symmetric counterpart on the other side of its parent).
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Medial axes representations (e.g., [14]) are a promising concept to encode these types of
relational features (e.g., [43,44]).

Our results show that part structure is used to differentiate between superordinate
classes, specifically those differing in their patterns of biological growth. It is highly feasible
that we also represent categories of artificial objects with respect to their part structure:
even though that structure might be less constrained, or constrained by alternative orga-
nizing principles (e.g., a helicopter is not the result of a growth process), most objects are
composed in systematic ways according to particular laws that produce regularities in their
part structure. It is also worth noting that in some cases there may even be similarities
with classes of natural objects. For example, the part structure of an airplane is similar
to that of a bird, given that both “solve” the problem of flight. This similarity in part
structure between biological and artificial objects is further strengthened by the common
constraints of structural integrity that only allow for certain viable arrangements. An excit-
ing direction for future work is to identify other constraints, both universal and restricted
to specific categories, and analyze how they affect the perceptual organization of objects,
and consequently their mental representation and categorization.
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