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Visual perception and cuttlefish camouflage

Sam Reiter' and Gilles Laurent

Visual perception is inherently statistical: brains exploit
repeating features of natural scenes to disambiguate images
that could, in principle, have many causes. A clear case for the
relevance of statistical inference in vision is animal camouflage.
Although visual scenes are each composed of unique
arrangements of pixels, they are usually perceived mainly as
groupings of statistically defined patches (sandy/leafy/smooth
etc . . . ); this fact is exploited by camouflaging animals. The
unique ability of certain cephalopods to camouflage actively
within many different surroundings provides a rare and direct
behavioral readout for texture perception. In addition, because
cephalopods and chordates each arose after a phylogenetic
split that occurred some 600M years ago, the apparent
convergence of texture perception across these groups
suggests common principles. Studying cephalopod
camouflage may thus help us resolve general problems of
visual perception.
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Visual textures and statistical inference

T'o be useful, visual systems must make the most of noisy
biological measurements to solve complex problems
quickly. More than being merely difficult, many of these
problems are ill-posed, in that they have many possible
solutions [1,2]. For example, understanding the 3d layout
of a visual scene from sparse 2d images—as retinal images
are—is difficult because it is usually underconstrained. In
practice, however, we and other animals routinely solve
such problems. This is possible because, in the vast
majority of cases, we deal with natural images that contain
statistical regularities (e.g. illumination typically comes
from the top, objects have boundaries, low spatial fre-
quencies dominate etc . . . ), inherited from the nature of

Available online at www.sciencedirect.com

ScienceDirect

Current Opinion in

Neurobiology

Check for
updates

our physical world. Visual systems indeed exploit these
regularities to encode and recognize ethologically rele-
vant stimuli efficiently [3]. Through some combination of
innate structure (itself a result of evolution and natural
selection) and learning, animals can solve the many ill-
posed problems of vision by correctly integrating
immediate sensory input with prior (including ‘deep’ or
evolutionary) knowledge [4].

Visual textures, an important subset of natural images, are
rapidly and usually [5] effortlessly (i.e. without careful
scrutiny) recognized by the visual system [6,7]. Textures
are roughly defined as homogeneous image elements with
repeating parts, characterized by randomization of posi-
tion, size, shape, orientation, color and other properties
[8]. More precisely, a visual texture refers to an ensemble
of image elements characterized by shared statistical
properties [9]. A sandy texture, for example, does not
refer to a particular image of sand, but rather to an infinite
collection of images that share certain ‘image statistics’.
Image statistics are functions of the image ensemble,
ranging from simple (e.g. mean intensity) to complex
(e.g. correlations between pixel intensities, nonlinear
functions of these correlations). Because it is amenable
to statistical approaches, texture perception provides a
window into how brains perform statistical inference in
general [10].

To analyze a scene and inform a behavioral decision,
visual systems appear to have evolved to extract a mini-
mum set of summary statistics [3,11]. Texture perception
is useful to segment objects, determine material proper-
ties, discern 3d shapes [12] and depth [13,14], quickly
ascertain the gist of a visual scene [15,16] and inform
visual search [17]. Texture is indeed so useful that con-
volutional neural networks (CNNs) trained explicitly for
object recognition show a heavy bias in their use of
texture as a discriminatory feature [18°°]. As coined by
Adelson [19], visual scenes are typically composed of
‘stuff’ rather than ‘things’, and the perception of stuff
relies heavily on texture (Figure 1a,b).

Yet, texture perception comes at a cost. By summarizing
the key aspects of a natural scene in a set of image
statistics, an animal’s visual system opens itself to being
fooled by camouflaging predators and prey. Many animals
(mammals, reptiles, birds, amphibians, fish, insects, mol-
luscs, etc.) avoid detection by matching the visual texture
of their local surroundings [20] (Figure 1c). While an
animal’s camouflage ‘texture’ is often static, it can, in
some cases, be modified. The most spectacular examples
of this are found among coleoid cephalopods (cuttlefish,
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Figure 1

(a)

(b)
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Texture perception, synthesis, and deception (a) Image taken near MPI Brain Research, Frankfurt. (b) Selected cropped regions from the image in
(a) converted into grayscale. Note the ease of perceptually grouping the rows, discriminating images in a column, and assigning each cropped
image back to particular regions in the original, despite the lack of color information. Note also the difficulty of finding the precise location of each
cropped image in the original. Apparently, visual systems extract statistical summaries over image regions, making many kinds of discrimination
easier and others harder. (c) Three leaf-litter toads in Panama. Many animals have evolved camouflage abilities that exploit texture perception in
their predators. The toads’ camouflage fools our own visual system as well, suggesting the existence of general rules governing texture perception
across animals. Photograph: National Geographic. (d) Synthesized textures using the PSGAN model [32°°], trained on a collection of images
cropped from (a). Texture-synthesis models explicitly test the set of statistics used for texture perception.

octopus and squid). Species in this subclass have evolved
high-resolution skin display systems under direct neural
control (unique among all animals), which they use to
match the 2-D (and often, 3-D) texture of a wide range of
environments at subsecond speeds [21-23].

Describing visual textures

Which image statistics do we use to perceive textures? In
1962, Bela Julesz proposed that textures are perceived in
terms of their Nth-order statistics, where N is the number

of locations in an image (e.g. defined by the vertices of an
N-gon) that need to be compared. Images with matching
order statistics below a certain N were hypothesized to be
indiscriminable [11]. In what became known as the Julesz
conjecture, Julesz later hypothesized that humans are
unable to discriminate textures identical up to second-
order statistics (V= 2, i.e. images matching luminance
levels and power spectra [9]). This conjecture was later
refuted by Julesz and colleagues, by hand-crafting dis-
criminable iso-second-order texture pairs [6,24].
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Advances in computation have made it possible to investi-
gate the relevance of a larger set of statistics in texture
perception. In texture synthesis [25], statistics of interest
are estimated from an image and then used to generate a
new image from scratch. The perceptual differences
between original and synthesized images are then assessed,
typically through human psychophysics. Portilla and
Simoncelli greatly extended earlier hierarchical models
[26] to characterize textures statistically in terms of func-
tions of images passed through a multi-scale filter bank,
called a ‘steerable pyramid’. They could synthesize quite
realistic textures using a set of ca. 700 parameters [8].

More recently, Gatys ef @/. used the correlation between
activations of a set of layers (Gram matrices) of a CNN
[27] pre-trained for object recognition on the Imagenet
database [28] to describe textures [29]. New images of a
given texture could be generated by matching Gram
matrices, and the ‘style’ of an existing image could even
be transferred to a new image, in a process termed ‘neural
style transfer’ [30].

More recently still, a variant of Generative Adversarial
Networks (GAN) [31] called periodic spatial GAN or
PSGAN [32°°] has been shown to synthesize textures
of even higher perceptual quality than with a CNN/
Gramian approach. This model learns a texture manifold
and can thus generate many different textures contained
in single images as well as smoothly interpolate between
them (Figure 1d).

In these models, perceptual quality correlates with
model complexity. While a CNN-based model can
generate more realistic textures than the Portilla-Simon-
celli model, it does so with significantly more
(>200 000 versus ~700) parameters [7]. The PSGAN
model has over three million parameters. Recent devel-
opments, however, suggest the possibility of high-
quality texture synthesis using relatively simple solu-
tions. For example, a single-layer CNN with random
filters can be used to generate realistic textures using
Gram matrices. This depends critically on the presence
of nonlinearities and on processing the images at multi-
ple spatial scales; interestingly, it does not require train-
ing on a large set of natural images [33]. To date,
however, no modeling approach seems capable yet of
generating artificial textures indistinguishable from nat-
ural ones upon close inspection [7]. The set of image
statistics necessary and sufficient to explain texture
perception has thus not yet been fully identified.

Evidence for texture perception in animals

How widespread is visual texture perception among
animals? Human psychophysics rely on the subjective
notion of ‘perceptual equivalence’ to quantify texture
similarity. Different criteria are required with animals,
but behavioral discrimination studies in insects and
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cephalopods suggest that texture perception is not lim-
ited to mammals or even vertebrates.

Visual perception in honeybees, for example, can be
readily probed in the laboratory by pairing visual stimuli
of a given class with a sucrose reward and testing for the
identification of novel examples drawn from the same or
different classes. Using such strategies, honeybees could
be trained to use the texture of visual landmarks rather
than their position, to localize a food source [34], indicat-
ing texture identification. Honeybees could be trained
also to discriminate between different classes of natural
images (flowers of different shapes, plants, natural scenes)
and generalize to new examples in an image category.
Discrimination did not depend on color or mean lumi-
nance [35]. Honeybees could even be trained to discrimi-
nate sets of circular stimuli split into 4 quadrants, each
filled randomly with oriented bars. The bees correctly
generalized to novel stimuli that shared the pattern of
orientations but differed in bar layout. Strikingly, they
generalized to novel stimuli sharing a fraction of correct
orientations, preferring these stimuli over ones with no
correct orientations [36]. Together, these experiments
strongly suggest that honeybees can perceive the global
patterns of visual stimuli, and that they can extract
summary statistics to inform useful behaviors.

Camouflage can be thought of as a kind of visual illusion
[37], useful precisely because the predators and prey
fooled by camouflage perceive textures in terms of sum-
mary statistics (Figure 1c¢). The fact that many animals
have evolved single camouflage patterns to fool diverse
prey or predators implies some degree of perceptual
convergence across species. It is reasonable to assume
that these common or overlapping perceptual groupings
result from the fact that different visual systems exploit
similar properties of natural images (even accounting for
variations linked to the idiosyncrasy of each visual sys-
tem—resolution, spectral tuning, etc...).

Active camouflage is particularly interesting. If an octopus
chooses toadopta camouflage pattern that fools us as well as
shrimp, it must have ‘learned’ (in an evolutionary sense, by
natural selection) the common structure of the statistical
groupings of textures performed by our brains and by those
of shrimp. Understanding how animals such as cephalopods
choose different camouflage patterns in different environ-
ments thus may inform us notonly about their perception of
visual textures but also about texture perception in a broad
sense. (Note that some aspects of crypsis behaviors may be
adapted to particular features—for example wavelength
and polarization sensitivity—of the visual systems of their
preys or predators.)

How do animals learn to perceive texture?
If modern deep-learning approaches do perform reason-
ably well in visual-texture matching tasks [29,32°°], they
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nevertheless typically require hundreds of thousands to
millions of training examples. Animals, by contrast, must
extract texture statistics with very few examples. Humans
become sensitive to the statistics of visual textures over
early postnatal development. Simple texture discrimina-
tion can be used for object segmentation in 14-week-old
infants [38]. At 2-3 months, infant brains show differen-
tial visual evoked potentials in responses to textures
formed by Gabor patches at aligned versus random orien-
tations [39]. Visual texture gradients can be used to infer
depth by infants between 5 and 7 months [40]. Contrast
negation, an image manipulation that disrupts texture
appearance in adults [41], influences infant behavior
starting between 6 and 9 months of age [42].

Children thus become sensitive to textures in relatively
little time and must therefore learn from a relatively
limited number of examples. This is noteworthy given
that the distribution of natural images is long-tailed—
many image categories are rare while a few are frequent
[43]. This observation points to the necessity of an innate
‘core knowledge’ of physics [44] enabling efficient (and
constrained) learning from limited data. Indeed, it is
possible that these inductive biases [45] are a missing
component of current machine learning techniques; inte-
gration of intrinsic structure may eventually help close
the gap between computers and humans in learning from
limited data [46,47,48°°,49].

The problems of training with limited data become
particularly acute when one takes a broader look at the
animal kingdom. Insects, for example, possess working
vision immediately after hatching or metamorphosis.
Cuttlefish can camouflage —and thus perceive textures
and make appropriate adaptive camouflage choices—
immediately upon hatching [50]. They have no parental
training, and the cost of a mistake is immense since it can
result in death. Clearly, texture perception in these
animals must be largely innate, suggesting that the neural
system underlying texture representation in the brain
must be efficient (and low-dimensional) enough to be
transmissible through genomic information. This has
important implications about the neural implementation
of texture perception circuits in terms of connectivity and
possibly, dynamics as well [51°°].

Cuttlefish as unique models for the study of
texture perception

The ability of cephalopods to match their substrate has
fascinated students of natural history for millenia [52].
Coleoid cephalopods are a group of molluscs whose ances-
tral lineage split from our own 580-610 million years ago
(protostome-deuterostome divergence). Roughly 200 mil-
lion years ago, these cephalopods internalized their shells,
took up a predatory lifestyle, evolved by far the largest
brains amongst invertebrates and developed an active
camouflage ability [53]. Cephalopods therefore represent

a key example, other than among the vertebrates, of large-
brain and complex-behavior evolution.

To camouflage, these animals do not match the details of
their visual environment pixel by pixel.

Instead, they appear to choose camouflage patterns that
match the dominant visual texture surrounding them,
using their sophisticated visual systems (Figure 2). The
cuttlefish Sepia officinalis, in particular, is almost con-
stantly camouflaged, changing pattern relatively quickly
when presented with different local surroundings [21,50].
Cuttlefish-camouflage skin patterns are generated by up
to millions of specialized skin cells, most notably the
pigment-containing chromatophores [50]. The expansion
state of these cells is controlled directly by motor neurons
located in the brain’s chromatophore lobes (Figure 2),
with each motor neuron controlling from just a few to ~10
chromatophores [51°°,54,55].

How can the remarkable size and complexity of this
pigment-cell array be reconciled with the necessity of a
simple, innate solution for camouflage? Part of the answer
appears to be that camouflage behavior in cuttlefish may
not be nearly as diverse as it seems. Studying juvenile
cuttlefish (§. officinalis), Hanlon and Messenger identified
only 54 components of camouflage. Thirty-four of these
were ‘chromatic’, in which specific regions of the animal’s
mantle and head showed reliable and coordinated color
changes. Other components were textural, postural, or
involved locomotion. These components were observed
to combine in different ways to produce six types of
patterns [50]. Examining hundreds of images of cuttlefish
in the lab and manually labeling these 54 components,
cluster analysis found 12-13 patterns [22]. Several more
recent studies support the idea that there are only three
main types of pattern, termed ‘uniform’, ‘mottle’, and
‘disruptive’ [56-58].

The low spatial resolution (relative to the scale of poten-
tial pattern control) of these studies, the use of static
images to describe dynamic behavior, and the subjective
description of patterns and components complicate these
varying descriptions of cuttlefish camouflage behavior.
These studies, however, all suggest that, out of the vast
number of chromatophore patterns that could be pro-
duced a priori, only a subset is probably used. The small
size of the chromatophore motor units might then be
explained simply by the need to generate a few camou-
flage patterns of high spatial frequency (e.g. to match the
texture of fine sand), rather than as a means to generate
any arbitrary pattern.

Using tools from computer vision, Reiter ez a/. recently
described cuttlefish camouflage at cellular resolution,
recording the expansion state of tens of thousands of
individual chromatophores at 60 Hz over hours [51°°].
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Figure 2
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Camouflage through a biological pixel array. (a) A juvenile cuttlefish matching the texture of underlying white stones. (b),(c) Increasingly zoomed
views showing chromatophores of different colors and expansion states. (d) Superresolution micrograph of a chromatophore (center) and radiating
muscles in a plane parallel to the skin surface (actin stain). These muscles contract in response to motor neuron action potentials, expanding the
pigment-containing sacculus. Chromatophore expansion thus provides an indirect readout of motor neuron activity. See Ref. [52°°] for details. (e)
Micrograph of an intact juvenile squid (Loligo pealii) showing the large brain (whitish lobed mass) located between the two eyes (anterior at top).
Rectangular outline indicates approximate region imaged in f. (f) Micro-computer-aided tomography (.CT) stack of squid head in e after fixation
and contrast-enhancement staining (16.8 wm resolution). Viewed from top. (g),(h) Transverse views (..CT) at levels indicated in f. OL: optic lobe.
pCL: posterior chromatophore lobe. r: retina. sta.: statocyst. VL: vertical lobe.
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Examining chromatophore dynamics, small clusters of
cells showed coordinated fluctuations suggestive of com-
mon innervation by single motor neurons. Hierarchical
clustering based on the correlation of these groups
revealed structure at a range of spatial scales: small groups
of chromatophore-units formed larger lines, rings, spots,
and other shapes, which together formed macroscopic
pattern elements (eye spot, dorsal square and band)
similar to ones previously described (Figure 3). Consis-
tent with this inferred motor hierarchy, analyzing chro-
matophore  dynamics over repeating behavioral
sequences revealed stereotyped activity at the level of
single chromatophores. Consequently, this behavior was
actually relatively low dimensional: 85% of the variance
could be explained by 9 dimensions.

We hypothesize that future experiments will further reveal
the existence of a low-dimensional system for skin pattern-
ing control, possibly implemented by recurrent circuits
within higher-order centers of the cuttlefish brain. Chroni-
cally adopted camouflage patterns may take the form of
fixed-point attractors within the state space of this control
circuit, analogous to the dynamics observed within verte-
brate brain areas involved in motor planning [59°]. To link
the dynamics of this putative low-dimensional system to
the millions of chromatophores forming the skin patterns,
we hypothesize the existence of ‘rendering’ networks,

Figure 3

upstream of the motorneurons. This could take the form
of afeed-forward hierarchy of neural populations represent-
ing successively smaller-scale features of skin patterns as
one moves towards the periphery (Figure 3). Regardless of
network topology, there must exist highly constrained rules
to govern the stereotyped development of neural connec-
tivity and appropriate tuning of synaptic weights. We
conceptualize those as perhaps analogous to local develop-
mental rules governing skin pattern formation in these
animals [51°°] and to developmental programs investigated
in the mammalian motor periphery [60].

Quantitative tests of this hypothesis’ viability and its
predictions about neural activity and connectomes repre-
sent interesting directions for future work. Of pressing
concern are the limited size and scope of all datasets of
cuttlefish camouflage to date. Addressing questions about
the system’s dimensionality, dynamics, number of pat-
terns, and ultimately how these relate to the visual
environment will require filming animals at high spatial
and temporal resolution in a large range of visual envir-
onments. Without such appropriate datasets, we may end
up estimating the limited complexity of current experi-
mental conditions rather than that of the animal [61°].

The close study of camouflage behavior promises to
reveal aspects of cuttlefish texture perception: if the
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A hypothesized camouflage-generation strategy in cuttlefish. Vision: After visual information is processed by the external and internal retinae, an
unknown amount of further processing takes place before informing a low-dimensional camouflage control circuit in the central brain. Control:
Experimental observation of the activity of ~17 000 chromatophores projected onto the top 3 principal components, demonstrating repeated low-
dimensional dynamics. It may be possible to infer constraints on neural dynamics through observing constraints on the dynamics of skin
patterning behavior. Rendering: Experimental observation of a statistical hierarchy of spatially compact pattern components and subcomponents,
suggesting a feed-forward hierarchy linking an underlying simple system to a complex set of skin cell types. Camouflage: Cuttlefish camouflage
represents a uniquely expressive readout of an animal’s visual texture perception displayed as a 2d image on its skin.
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animal produces different camouflage patterns reliably in
two visual environments, it must be perceiving some
statistical difference between them. The assumed low-
dimensional control of camouflage patterns in these ani-
mals implies that many individual images should map to
one of a limited number of patterns. What image statistics
can thus be used to discriminate between sets of images
that evoke different patterns? There is no doubt that the
cuttlefish’s behavior represents a lower bound on its
visual discrimination abilities. Much may be perceived
that does not result in a camouflage pattern change. It is
reasonable to expect changes only when animals are faced
with differences in the image statistics relevant for dis-
guising themselves from their predators and their prey.
This may be a particularly interesting set of statistics.

Outlook

We have highlighted recent and older work on visual
textures, the perception of which appears to be a key
component of vision in many different animal groups.
"T'his is perhaps most clearly demonstrated by camouflage,
which in many instances functions as an adaptation to
visual texture perception in others. Cephalopods, posses-
sing active camouflage under neural control, reveal
aspects of their perception through their choice of skin
pattern in different visual environments. This remarkable
ability is seemingly innate, placing constraints on
the complexity of the neural circuits involved. The
unique biology of cephalopods allows this behavior to
be described at cellular resolution, revealing aspects of its
neural control. Given these advantages, our current opin-
ion is that cephalopods hold great potential for our general
understanding of visual texture perception.
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