www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Overcoming the limitations
of motion sensor models by
considering dendritic computations

Raul Luna?™, Ignacio Serrano-Pedraza3® & Marcelo Bertalmio?**

The estimation of motion is an essential process for any sighted animal. Computational models of
motion sensors have a long and successful history but they still suffer from basic shortcomings, as they
disagree with physiological evidence and each model is dedicated to a specific type of motion, which

is controversial from a biological standpoint. In this work, we propose a new approach to modeling
motion sensors that considers dendritic computations, a key aspect for predicting single-neuron
responses that had previously been absent from motion models. We show how, by taking into account
the dynamic and input-dependent nature of dendritic nonlinearities, our motion sensor model is able
to overcome the fundamental limitations of standard approaches.
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A major function of the visual system, for any sighted animal, consists of estimating the motion of the elements
present in the individual’s environment. This is a fundamental process that guides behaviour, assists navigation,
and provides cues that can be essential for survival; for instance, motion estimation is key for visual tasks such as
detecting moving objects, appraising distances in our surroundings, segregating foreground from background,
and driving eye movements!' ™.

Abundant experimental evidence suggests that motion sensors are orientation selective, i.e. they can only
detect motion orthogonal to their preferred orientation. This motion is one-dimensional, so motion analysis in
2D requires combining the signals from several, 1D motion sensors °.

There are two dominant approaches for designing computational models for motion sensors: the earlier
one is that of the Reichardt detector®, which consists in computing the correlation between luminance signals
coming from two image locations at slightly different times; the second approach is that of the motion Energy
Model’, based on combining linear filters with nonlinear operations so as to obtain selectivity in space and time.

Two types of motion have been studied extensively: first-order motion, which refers to the movement of
luminance features, and second-order motion, where the luminance has no net directional Fourier energy and
the motion corresponds to the spatio-temporal modulation of contrast; see Fig. 1 for an illustration. Models that
are able to detect first-order motion (such as the seminal Reichardt detector and Energy Model approaches, and
elaborations based on them) can not detect second-order motion without the addition of some extra elements,
like the combination of motion tracking signals®, while models that are proposed to detect second-order motion
are unable to detect first-order motion. In fact, in’ it was shown that there is no single model that explains both
types of motion. And yet, abundant biological and psychophysical evidence suggests that there are no sensors
dedicated only to second-order motion>%10-13,

Where are motion sensors located? Motion processing has been observed both in the retina and the cortex
of very different species; in the literature, motion sensor models for the retina normally follow the Reichardt
approach for insects or the Barlow-Levick model' for vertebrates, while the Energy Model approach is favored
for the study of motion in the vertebrate visual cortex'®.

Retinal motion detection handles both first and second-order motion, and this is the case both for insects
and vertebrates!'®18, who, perhaps surprisingly, share the same principles for motion sensors at the retina'.
However, classical motion sensor models do not fit well with retinal physiology'’, have limited accuracy in
predicting responses'® and, very importantly, they do not consider dendritic nonlinearities despite their essential
role in providing retinal neurons with direction selectivity, both for vertebrates?’ and insects?! (of note, direction
selective cells have very recently been discovered in the primate retina as well??).
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Fig. 1. Ilustrating the concepts of first-order and second-order motion. (a) First-order motion, where
luminance features change their spatial position. Left: space-time plot of a 1D white bar over black background
moving to the right. Right: samples of the 1D signal at different times. (b) Second-order motion, where the
motion corresponds to contrast modulation. Left: space-time plot of a 1D signal consisting of a static sinewave
with fixed mean luminance where a narrow region of increased contrast moves to the right. Right: samples of
the 1D signal at different times.

In the cortex, both first and second-order motion are processed in the primary visual cortex as well as in
extrastriate areas?>~*. Experiments have ruled out the Reichardt model as an adequate approach for cortical
processing®’. The Energy Model and all approaches that elaborate on it (e.g. the “filter-rectify-filter” (FRF)
model®, proposed to detect second-order motion and consisting of two phases of energy models with a
nonlinear stage between them) are hierarchical, and in the primate they imply a cascaded connectivity going
from the lateral geniculate nucleus (LGN) to simple cells in V1, then to complex cells in V1, and then to cells
in MT?2. However, this hierarchical model is not in agreement with physiological evidence. For example, it has
been found that MT cells can detect the direction of motion without V1 input®?, and that there is a specialized
pathway from LGN to MT, bypassing V1%, Furthermore, it does not seem plausible that neurons of V1, V2, V3,
and MT perform either a FRF computation for detecting second-order motion or a linear filtering operation for
detecting first-order motion: a more compelling alternative, consistent with principles of cortical processing®
and with biological evidence!®!?, is that these neurons located in different cortical areas perform a general and
similar type of computation, and that this computation allows them to detect both first-order and second-order
motion.

This work proposes a new approach for modeling motion sensors, based on a neural summation model that
takes into account the nonlinear, dynamic and input-dependent nature of dendritic computations. The proposed
motion sensor model is able to reproduce classical phenomena (e.g. the reverse-phi illusion, motion masking,
etc.) while overcoming the fundamental limitations of standard motion sensor models. We will show that the
proposed model: (a) is more biologically plausible, as it considers dendritic nonlinearities, a key aspect that had
previously been absent from motion sensor models; (b) is compatible with retinal and cortical physiology, and
with insect and vertebrate physiology, something that current models lack; (c) is able to detect both first and
second-order motion, while current motion sensors detect just one type of motion.

Our results suggest that the proposed motion sensor model is a viable alternative to current models at both
retinal and cortical level, as it combines an effective motion detection algorithm with a possible neural circuit
implementation that is biologically compelling.

Results

Proposed motion sensor model

We propose a new type of motion sensor model by extending to the temporal domain a single-neuron spatial
summation model recently introduced, called Intrinsically Nonlinear Receptive Field (INRF)%,
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The INRF formulation takes into account several key dendritic properties that are absent from classical
models of single-neuron responses, including the following: (a) for the same neuron, some dendrites may act
linearly while others may act nonlinearly*”-; (b) there is feedback from the neuron soma to the dendrites, and it
can modify the dendritic nonlinearity®. INRF is a spatial receptive field (RF) model where the neuronal output
is defined in this way:

INRF(s;) = »_m;l(s;) =AY _wjo (I(s;) = I(s4)) W

where s; denotes the 2D coordinates of the neuron location in the image plane and s; the coordinates of its
neighbors, m, w are 2D spatial filters, I is the static 2D input, A is a weighting parameter (a real number), and
o(-) is a nonlinear function corresponding to the dendritic nonlinearities. The INRF model was shown to be able
to explain very puzzling data in visual neuroscience’ and visual perception experiments?!, data that challenge
the so-called “standard model” of vision that is at the root of motion sensor models, where neuron activity is
modeled as a linear summation followed by a nonlinearity*?; and in artificial neural networks, replacing linear
filters with INRF modules results in networks that are more accurate, robust and need just a fraction of the
training data®.

Our proposed extension of the (spatial) INRF model is a spatio-temporal nonlinear RF model that has the
following form:

stINRF (s;,t) = ZTm(u) ijI(Sj,t_ u) — )\ZTw(u) ijo (I(sj,t —u) — I(s4,1)), 2)

where t is the time variable, To,,, T are 1D temporal filters whose argument u denotes a temporal delay, and
I is now a time-varying 2D input. This stINRF model inherits from the original INRF formulation essential
properties that are aligned with retinal and cortical evidence for a variety of species, such as: (a) the inclusion of
both passive dendrites with linear responses (in the first term of the model) and active dendrites with nonlinear
responses (in the second term); (b) the influence of the input on the dendritic nonlinearities (as the function o is
shifted by the local value of the input, I(s;,t)). But, as a departure from a naive extension of the INRF model to
the temporal domain where the instantaneous response only depended on the instantaneous input, the stINRF
model consists in convolving each of the terms of the INRF formulation with a temporal filter: in this way, the
stINRF responses depend not only on the current presynaptic inputs but also on the recent activity of those
afferents, following*?.

In order to make the stINRF model consistent with physiology as much as possible, we make the following
choices, illustrated in Fig. 2:

« Based on*, the temporal filter associated with the linear term, T, has a bandpass form, while the temporal
filter associated with the nonlinear term, T, has a lowpass form.

« We choose m to have a Gaussian shape. And we take w to be an oriented filter: aside from the very well-known
presence of this type of kernel in the visual cortex, there is evidence of its involvement in performing motion
detection in the retina for many different species, from insects to vertebrates, including primates®>.

« Based on very recent results*>*, we take the dendritic nonlinearity o (+) to be a non-monotonic positive even
function.

Finally, the motion sensor (MS) model that we propose consists in computing the mean average (in time) of the
stINRF response, i.e. the output of our model for a motion sensor at spatial location s; and time f is computed as
the average, over the recent past, of the stINRF output at s;:
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Fig. 2. Choices for the elements of the stINRF model. From left to right: bandpass temporal filter T, lowpass
temporal filter T",, Gaussian spatial filter m, oriented spatial filter w and non-monotonic dendritic nonlinearity
0. In order to make the model consistent with biology as much as possible, these choices have been based on a
number of works on neurophysiology (see text).
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MS-INRF(s;,t) = mean{stINRF(s;,t — u)} 3)

Basic motion sensor properties
The proposed MS-INRF formulation adequately predicts a number of basic visual phenomena that have been
reported both for insects and vertebrates:

C 1 2 3 a4 s

Detection of first-order motion. The MS-INRF model produces motion-opponent responses that are invariant
to contrast polarity: model outputs are positive for rightward motion and negative for leftward motion, and
these values are insensitive to the polarity of the contrast, i.e. a white bar over a black background and a black
bar over a white background will produce the same output if they move in the same way. See Fig. 3.

Contrast saturation. The magnitude of the model response, as a function of contrast, is monotonically in-
creasing but saturates for high contrast values, see Fig. 4. This is in agreement with classical findings, e.g."’~%°.
Motion masking. The proposed model reproduces classical motion masking phenomena®, where the detec-
tion of a moving stimulus is impaired when the signal is masked by a jittering noise that has a similar spatial
frequency, see Fig. 5.

Reverse-phi motion. If we have a random pattern moving in one direction, but the contrast polarity of the
pattern is inverted in every frame, then the perceived direction of motion is the opposite of the actual direc-
tion of motion of the pattern. This is a classical phenomenon known as reverse-phi motion®!, and our model
reproduces it, as Fig. 6b shows.
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Fig. 3. The proposed model MS-INRF produces motion-opponent responses that are invariant to contrast
polarity. Motion to the right produces positive MS-INRF responses (panels a, b), while motion to the left
produces negative MS-INRF responses (panels ¢, d), regardless of whether the moving object is black over a
white background (panels a, c), or white over a black background (panels b, d).
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Fig. 4. The MS-INRF model reproduces classical findings about contrast saturation. (a) The magnitude of the
MS-INRF response to a sinusoidal grating, as a function of contrast, is monotonically increasing but saturates
for high contrast values, as reported in?’~*. The response of the MS-INRF model is plotted as a function of
stimulus contrast in a log-log scale. Responses are averaged across different presentations with varying spatial
phase of the stimuli. (b) For comparison with (a) the neural responses of simple and complex cat striate cells to
similar stimuli are shown in a log-log scale. Adapted from*, their Fig. 11.

o Missing-fundamental illusion. If we have a signal consisting of a square-wave grating moving in a given di-
rection, and we remove its first harmonic from the Fourier series expansion, then the signal is perceived to
be moving in the opposite direction. This is known as the missing-fundamental illusion’, and our proposed
model is able to reproduce it, as shown in Fig. 6d.

Properties that are specific to the proposed model

The proposed model also detects second-order motion

In Fig. 3 we saw that the MS-INRF model detects first-order motion, and Fig. 7 shows how our model also
detects second-order motion. As mentioned above, regular motion models that detect first-order motion are
different from models that detect second-order motion, or, put another way, existing motion models for first-
order motion are not capable of detecting as well second-order motion without the addenda of some extra
processing. Our proposed model, on the other hand, detects both first and second-order motion while keeping
the exact same form, i.e. it does not need to change its structure nor its parameters when dealing with one type
of motion or the other.

The proposed model is highly nonlinear

The input/output function of a neuron is often characterized by computing its linear spatio-temporal RF, which,
under the assumptions of linear systems theory, represents the stimulus preferred by the neuron, the one to
which it is “tuned”2 In the same way, in regular motion sensor models, the combination of linear filters and
nonlinearities results in a selectivity in space and time. In that context, linear filter theory is used to characterize
a motion sensor model by presenting it with sinusoidal gratings covering a wide range of spatial and temporal
frequencies. This is a useful representation of the model because the linear systems framework allows us to
disregard inputs whose spatio-temporal frequencies fall outside the ranges to which the model is tuned, as they
will always produce small or negligible outputs. However, this approach does not make sense for our proposed
model due to its highly nonlinear nature, as Fig. 8 shows: there is no spatio-temporal tuning to speak of, because
a stimulus of a given spatial and temporal frequency may produce almost no response when presented in
isolation but it may affect greatly the output of the model to another stimulus when presented jointly with it
(thus violating the linearity assumption).

Discussion

The MS-INRF model incorporates dendritic computations and allows the dendritic nonlinearities to change
with the input, which has been shown to be crucial for motion detection for many different species?®>* but
was not considered by previous motion sensor models. This is not surprising, given that the paramount role of
dendrites in shaping neural output was only established after a number of seminal works of the early 2000s>*-°,
and that the contribution of dendrites to sensory perception was confirmed just ten years ago>”.

The highly nonlinear nature of the MS-INRF model is a very desirable property inherited from the INRF
formulation, specifically from the input-dependent form of the nonlinear function o, which made that spatial
RF model much more powerful in representing nonlinear functions than the standard model (that has a linear
RF). This property also allowed the INRF model to remain constant and make accurate predictions for very
different inputs, while with the standard model we would need to change the parameters or the model itself*.
Our results show that the flexibility of the INRF approach also extends to the proposed MS-INRF model, as it can
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Fig. 5. The MS-INRF model reproduces classical findings about motion masking. (a, b) The MS-INRF
response to a signal consisting of a moving sinewave grating (orange) is greatly reduced when we add to the
signal jittering noise that has a similar spatial frequency (response to signal plus noise in blue); responses are
averaged across different presentations with varying spatial phase of the stimuli. (a) Simulation of retinal result,
where the MS-INRF model is applied directly to the stimulus. (b) Simulation of cortical result, where the
stimulus is filtered with a Difference of Gaussians (DoG) kernel in order to emulate processing in the lateral
geniculate nucleus (LGN), and then passed to the MS-INRF model. (c) Reciprocal of the data shown in (b)
(normalized), which may be interpreted as a reduction in sensitivity of the MS-INRF response. The narrow
tuning of the masking effect to the spatial frequency of the noise is in agreement with neurophysiological
results of simple and complex cell responses (d, e adapted from”’, their Figs. 3 and 4 respectively) and with
psychophysical results observed in humans (£, adapted from, their Fig. 1). The phenomenon where the tuning
to spatial frequency is narrowed as we add processing stages is consistent with classical physiological results,

as retinal ganglion cells are tuned to a broad range of spatial frequencies, LGN cells to a narrower range, and
simple V1 cells to an even narrower range of spatial frequencies”’.

explain data for which classical motion sensor models must resort to the addition of extra stages that increase
the model’s complexity and might not be biologically realistic. For instance, the Energy Model explains first-
order motion but not the saturation of neural responses with increasing stimulus contrast, a limitation that is
solved with the inclusion of additional nonlinear stages*”**>%, and the same happens for detecting second-order
motion, for which the model must be extended by interleaving a nonlinearity in between two linear filtering
stages? (but this new model no longer detects first-order motion). On the other hand, our proposed model, just
as it comes, works in both scenarios without the need to change it in any way.

The ability of the MS-INRF model to detect both first and second-order motion, and the fact that the proposed
motion sensor model is based on a spatio-temporal nonlinear RF model for single neuron activity, have several
fundamental implications. Specifically, the MS-INRF model:

o Is a single-stage model, it is not hierarchical; in this way, it overcomes the limitations of current cortical mo-
tion sensor models which, as mentioned in the Introduction, are hierarchical, and for this reason they are not
consistent with biological evidence showing how motion detection takes place even when intermediate stages
in the hierarchy are nulled or bypassed®***.

o Isable to explain second-order motion detection in insects, something that classical algorithms for the retina
can not do?” (also, unlike our model, those algorithms ignore dendritic nonlinearities, when direction selec-
tivity in the retina relies on dendritic computations®!).

o Is consistent with experimental evidence showing that there are no dedicated second-order motion sensors,
while at the same time demonstrating how second-order motion might be detected with the exact same cir-
cuitry as for first-order motion, without the need to resort to any additional input (such as motion tracking
signals, as proposed in®%).

« Is consistent with cortical physiology and the sensors it models might in principle be located in any area of
the visual cortex, from V1 to MT. This relates the model with the concept of canonical computations in the
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Fig. 6. The MS-INRF model reproduces the reverse-phi and the missing fundamental illusions. (a, b) If we
have a random pattern moving in one direction, but its contrast polarity is inverted in every frame, then the
perceived direction of motion is the opposite of the actual one. This phenomenon is known as reverse-phi
motion®L. (a) Top: five frames of a sequence with a random pattern moving rightward (Phi motion). Bottom:
the same sequence, with rightward motion, but now the contrast polarity is inverted in each frame (Reverse-phi
motion). (b) The response of the MS-INRF model to the phi motion stimulus is positive (left bar), indicating
rightward motion, while the response of the MS-INRF model to the reverse-phi stimulus is negative (right
bar), indicating leftward motion, which shows that MS-INRF reproduces the perceived inversion of motion
of the reverse-phi phenomenon. Model responses are averaged across different random generations of the
stimuli. (¢, d) If we have a signal consisting of a square-wave grating moving in a given direction, and we
remove its first harmonic from the Fourier series expansion, then the signal is perceived to be moving in the
opposite direction: this phenomenon is known as the missing-fundamental illusion’. (c) Top: five frames of a
sequence with a square-wave grating moving rightward in quarter-cycle jumps of a certain duration (Square-
wave). Bottom: the same sequence, with rightward motion, but now the fundamental component (i.e. the first
harmonic) has been removed (Missing-fundamental). (d) The response of the MS-INRF model to the square-
wave stimulus is positive (left bar), indicating rightward motion, while the response of the MS-INRF model
to the missing-fundamental stimulus is negative (right bar), indicating leftward motion, which shows that
the MS-INRF reproduces the perceived motion reversal of the missing-fundamental illusion. Responses are
averaged across different presentations with varying spatial phase of the stimuli. Also note that if the stimulus
moves smoothly instead of in quarter-cycle jumps then the illusion is lost and both signals (square-wave and
missing-fundamental) are perceived to move in the same direction, and the MS-INRF model also reproduces
this phenomenon (see Fig. S6 in the supplementary material).
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cortex®, where neurons located in different cortical areas essentially perform the same type of processing, al-
lowing them in this case to detect both first and second-order motion, as suggested by biological evidence!®13.

« Provides a biologically plausible explanation for the surprising algorithmic similarities that insects like the fly
and mammals like the rabbit show in motion detection processing!®.

In conclusion, our results suggest that our proposed motion sensor model is very effective as an algorithm,
and that its possible neural circuit implementation is biologically compelling at a retinal and cortical level for
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Fig. 7. The MS-INRF model is able to detect second-order motion. (a) Top: five frames of a contrast-
modulated moving stimulus whose envelope drifts leftward. Bottom: five frames of a contrast-modulated
moving stimulus whose envelope drifts rightward. (b) The response of the MS-INRF model to the leftward
moving stimulus is negative (left bar), indicating leftward motion, while the response of the MS-INRF model
to the rightward moving stimulus is positive (right bar), indicating rightward motion. Responses are averaged
across different presentations with varying spatial phase of the stimuli.
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Fig. 8. The MS-INRF model is highly nonlinear. (a) Map of MS-INRF responses to a luminance-defined
sinusoidal grating as a function of its spatial and temporal frequencies; each point in the map represents a
grating, and the point marked with a red dot denotes a grating that we will call G, for which the MS-INRF
model produces a negligible output. (b) Map of model responses to stimuli consisting of the sum of grating G
plus another grating whose spatial and temporal frequencies vary; given that the model response to G, when
presented in isolation, was negligible, if the model were linear then the map on the right should be identical to
the map on the left.

a variety of species; for these reasons, we believe that our proposed approach is a viable alternative to current
models, as it appears to overcome their main limitations.

We want to point out that, whereas the model parameters were manually adjusted so that a single set of values
allowed to reproduce all the motion perception phenomena presented in the paper, this manual adjustment
process was not intensive and did not require neither exhaustive optimization nor a large number of trials.
On the contrary, it was straightforward to identify realistic and suitable parameters for the model, and small
variations of the parameter values do not appear to affect the results.

The MS-INRF model can be extended by using different types of dendritic nonlinearities®’, and considering
them individually or jointly. We are currently in the process of building a 2D motion model based on combining
the signals of several MS-INREF sensors of different preferred orientations, with the aim of explaining challenging
2D motion phenomena such as the perception of plaid motion patterns®!, motion surround suppression®>%3,
direction reversals with the addition of static signals®, or the sharpening of the speed tuning bandwidth of
retinal ganglion cells®> and MT neurons® when exposed to more naturalistic, complex stimulus patterns.

Further work will also include using the stINRF model to develop video quality metrics, for which the INRF
approach has shown great promise®’, and replacing linear filters in artificial neural networks with nonlinear
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stINRF modules, aiming to increase the gains in accuracy, robustness and training data reduction that were
already observed with the INRF model*.

Methods
MS-INRF model parameters
For all simulations in the paper, we used the same set of parameters for our model [see Egs. (2) and (3)].

The temporal filter T}, is defined as Ty, (t) = (kt)™ exp(—kt) [% — éﬁ;,}, with a total duration of 50

ms, where ¢ is the time variable (in milliseconds), ¥ = 0.4 and n = 5. The temporal filter T3, is defined as

Tw(t) = cos ( ”(gé 0 ) , with a total duration of 50 ms. The spatial filter 1 is a Gaussian with a standard deviation

0f0.031 deg. The spatial filter w is a Gabor oriented vertically, with both the negative and the positive lobe having
a horizontal width of 0.125 deg. The weight A is —30. The nonlinearity o is defined as o(z) = I with

l\ZIP
z|P+qP?
p=04,q=0.1.

Stimuli
All stimuli were generated as sequences of 120 images of 400 x 400 pixels with values in the range [0,1], where we
assume that images span 2 degrees of visual angle and sequences have a duration of 1s (i.e. framerate is 120Hz).
Prior to processing by MS-INRE, input stimuli were spatially filtered by the optical blur function proposed in%;
however, we must note that this step may be omitted without affecting the nature or quality of the results.

Next, we describe the stimuli used to illustrate each of the properties of the MS-INRF formulation.

o Detection of first-order motion (Fig. 3). The stimuli consisted of bars of width 0.25 deg moving with a speed of
2 deg/s. See examples of space-time plots for this stimuli in the supplementary material, Fig. S1.

o Contrast saturation (Fig. 4). The stimuli consisted of sinusoidal gratings with a spatial frequency of 2 c/deg
moving rightward with a temporal frequency of 4 Hz. The stimuli were presented with 20 equally spaced con-
trasts in the range [0,1] and with 10 equally spaced phases in the range [- 7,7] (MS-INRF responses were av-
eraged across phases). See examples of space-time plots for this stimuli in the supplementary material, Fig. S2.

o Motion masking (Fig. 5). The signal was a sinusoidal grating with Michelson contrast of 0.4 and a spatial fre-
quency of 2.5 c/deg moving rightward with a temporal frequency of 10 Hz; it was presented with 10 equally
spaced phases in the range of [- m,7], and MS-INRF responses were averaged across phases. The jittering
noise was a sinusoidal grating with Michelson contrast of 0.4 and a spatial frequency taking 20 equally spaced
values in the range [0,10] c/deg, moving rightward with a temporal frequency of 10 Hz; its phase took random
values in the range [~ 7,7] with a frequency of 10 Hz. For the emulation of LGN processing, the stimulus was
convolved with a DoG filter where the standard deviation for the center and surround are respectively 0.036
and 0.18 deg, and the balance factor between center and surround is 5 (%, Eq. (2.45)). See examples of space-
time plots for this stimuli (for the isolated signal, the isolated noise, and both combined) in the supplementary
material, Fig. S3.

o Reverse-phi motion (Fig. 6b). Both the phi and the reverse-phi stimuli were random stimulus patterns with a
Michelson contrast of 0.9, which moved rightward with a speed of 8.5 deg/s. In the case of reverse-phi, con-
trast polarity was inverted in each frame. MS-INRF responses were averaged across 10 random generations of
the stimulus patterns. See examples of space-time plots for this stimuli in the supplementary material, Fig. S4.

o Missing-fundamental illusion (Fig. 6d). Square-wave gratings moved rightward in quarter-cycle jumps that
had a duration of 66 ms. Missing-fundamental stimuli were generated by removing from the square-wave
gratings the fundamental component (i.e. the first harmonic). Both the square-wave and missing-fundamen-
tal stimuli had a Michelson contrast of 0.9, a spatial frequency of 1.5 ¢/deg, and drifted with a temporal fre-
quency of 4 Hz. They were presented with 10 equally spaced phases in the range [- 7,7] (MS-INRF responses
were averaged across phases). See examples of space-time plots for this stimuli in the supplementary material,
Fig. S5.

« Detection of second-order motion (Fig. 7). Contrast-modulated gratings were generated drifting rightward
and leftward. The envelope (modulating grating) had a spatial frequency of 1 c¢/deg, drifted with a temporal
frequency of 7 Hz, and had a Michelson contrast of 0.8. The carrier had a spatial frequency of 4 c/deg and its
phase jittered with a temporal frequency of 120 Hz. Modulation depth was 0.3. The modulator was presented
with 10 equally spaced phases in the range of [- 7,m] (MS-INRF responses were averaged across phases). Fig.
S7. of the supplementary material shows a space-time plot of a contrast-modulated stimulus.

o The proposed model is highly nonlinear (Fig. 8). Stimuli integrated by a single sinusoidal component were pre-
sented with 100 equally spaced spatial and temporal frequencies in the ranges [0,10] and [0,30] respectively.
In the case of compound stimuli, a component was presented with varying spatial and temporal frequencies,
exactly as described above, but another component was added that always had a spatial frequency of 8.5 ¢/
deg and a temporal frequency of 1 Hz. Whether compound or integrated by a single component, the gratings
moved rightward and each component had a Michelson contrast of 0.4. Components were presented with 10
equally spaced phases in the range of [- 7,7] (MS-INRF responses were averaged across phases). In the case
of compound stimuli, this means a total of 10 x 10 = 100 combinations of phases of the two gratings added
together. See examples of space-time plots for these stimuli in the supplementary material, Fig. S8.

Data availability
The MATLAB code implementing the computational motion sensor model (i.e. the MS-INRF model) used to
perform the simulations is publicly available at: https://github.com/raullunadelvalle/MS-INRF
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