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In sensory systems, a range of computational rules are presumed to be implemented by neuronal
subpopulations with different tuning functions. For instance, in primate cortical area MT, different
classes of direction-selective cells have been identified and related either to motion integration,
segmentation or transparency. Still, how such different tuning properties are constructed is unclear.
The dominant theoretical viewpoint based on a linear-nonlinear feed-forward cascade does not account
for their complex temporal dynamics and their versatility when facing different input statistics. Here,
we demonstrate that a recurrent network model of visual motion processing can reconcile these
different properties. Using a ring network, we show how excitatory and inhibitory interactions can
implement different computational rules such as vector averaging, winner-take-all or superposition. The
model also captures ordered temporal transitions between these behaviors. In particular, depending
on the inhibition regime the network can switch from motion integration to segmentation, thus
being able to compute either a single pattern motion or to superpose multiple inputs as in motion
transparency. We thus demonstrate that recurrent architectures can adaptively give rise to different
cortical computational regimes depending upon the input statistics, from sensory flow integration to
segmentation.

Sensory inflows received by animals are highly complex and ambiguous with multiple local sensory events occur-
ring simultaneously. A challenging computational task faced then by any sensory system is to either integrate or
segment these local signals in order to encode behaviorally relevant information. This is well illustrated by visual
motion processing. Local motion signals must be selectively integrated in order to extract and reconstruct the
direction and speed of a particular surface'. But the same set of local signals must also be kept segregated from the
many others belonging to distinct surfaces that can be either adjacent (e.g., motion boundaries) or overlapping
(e.g., motion transparency). The rules governing motion integration and segmentation have been extensively
investigated at both perceptual and physiological levels (see refs 2—4 for reviews). For instance, when presented
with two motion directions, the primate visual motion system can group them according to linear (i.e., vector
average) or nonlinear (i.e., intersection-of-constraints) rules™®. It can also segment them by either suppressing
one of the two inputs (i.e., winner-take-all) or simultaneously representing both of them (i.e. superposition) as in
the challenging case of motion transparency’.

In the monkey middle-temporal (MT) cortical area, a pivotal processing stage for object motion computa-
tion?, different classes of direction-selective neurons have been linked to each of the aforementioned computa-
tional rules (e.g. refs 6-12). When presented with moving plaids made of two superimposed sinusoidal gratings
drifting in different directions, some cells encode only one of the two components (i.e. component cells) while
others encode the pattern motion direction after combining them (i.e. pattern cells)® !2. Recently, Xiao and
Huang!? investigated the responses properties of MT cells when tested with bi-directional random dot patterns.
A majority of MT cells exhibit a single peak tuned to either one of the components or to their mean direction,
implementing winner-take-all or vector average computations, respectively. Other cells show two peaks and could
thus represent two overlapping motion directions'. At the population level, a similar set of canonical tuning
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curves were reported and ascribed either to motion integration, motion segmentation or motion transparency,
respectively” 112,

Several modeling studies have suggested that these subpopulations span a continuum along which their
feed-forward, direction-selective inputs from area V1 are differently weighted'> . There are however several
pitfalls with linear-nonlinear (LN) feed-forward models. First, their static nonlinearities cannot render the com-
plex temporal dynamics of these tuning functions that were shown to shift over time from, say vector average
to either winner-take-all or transparency solutions® ! !> 16, Second, they cannot explain why exchanging plaid
patterns by random-dot patterns with similar motion component directions scrambles the cell’s classification,
nor can they explain contradictory results reported when attempting to predict MT cell tuning to one stimu-
lus from the other!®!!. An alternative approach would be considering sensory integration and segmentation
as threads of a complex dynamical computation where inhibition and excitation are shaped adaptively to the
spatiotemporal properties of the inputs'”. Only a handful of computational studies have investigated the interest
of recurrent networks in visual motion processing. They succeed in explaining some properties of MT neuronal
tuning functions, but have so far focused on only a small subsample of tuning classes and motion inputs'$-2*,
Here, we designed a neural field dynamical model working in a motion direction space and investigated the
interplay between its connectivity and input properties. We show that the different MT neuronal classes reported
previously are steady-state solutions of the dynamical system, their strength and stability varying with both input
statistics and excitation-inhibition balance. In specific parameter regions, the network exhibits coexisting states,
leading to multi-stability across trials without adaptation mechanisms. We show how slightly asymmetric inputs
can stabilize the network behavior. The temporal dynamics of direction tuning and the transitions between differ-
ent network states when varying input statistics are also well captured. These results demonstrate a fundamental
role for recurrent connections in shaping basic cortical computations and show that sensory neural circuits can
dynamically switch from integration to segmentation depending on input statistics.

Results

We studied the behavior of a nonlinear voltage-based network model that describes the local mean field potential
(see Methods) of a population of directionally tuned MT neurons under different inputs and excitation-inhibition
interactions. We focused on the properties of the steady state solutions such as the shape of the direction tuning
functions, their number of peaks at convergence and the peak positions with respect to the driving inputs. A
recent and comprehensive physiological study of MT responses to different types of uni- or bi-directional motion
stimuli'® provides an ideal point of comparison for our model simulations.

The network represents a sub-population of N directionally tuned MT neurons with a smoothly varying
directional preference, represented by an angle 0 (Fig. 1a) consistent with MT direction bandwidths previously
reported (see ref. 24). Each cell receives afferents from an input layer, where motion stimuli are encoded by
Gaussian distributions in direction space similar to V1 direction selectivity (Fig. 1b). In the current study, we
specifically investigated the processing of bi-directional motion stimuli such as plaids or random dot patterns.
These inputs can be equally well described as the sum of two Gaussian distributions. The MT input is thus defined
by the peak width of each Gaussian distribution (PW) and the peak separation between the two distributions (PS)
in order to simulate different types of bidirectional motion stimuli. Distributions are broader for gratings than for
random dot patterns, reflecting the larger inherent ambiguity of grating motion direction relative to random dot
patterns. This broadening is also consistent with the fact that both V1 and MT cells respond with wider direction
and speed tuning to gratings**-?%. Lastly, MT neurons also receive inputs from the local recurrent interactions
(Fig. 1¢). This local recurrent connectivity depends only on the directional difference, being locally excitatory and
laterally inhibitory. It implements a typical center-surround connectivity kernel defined by a weighted difference
between Excitation and Inhibition Gaussians kernels in the motion direction space. Note that we consider here
the limiting case of global lateral inhibition (i.e. a very broad inhibitory Gaussian kernel). Such simpler architec-
ture would preserve higher order harmonics rather than reducing to a two*” or three modes approximation%.
The connectivity kernel is defined by only two parameters: the extent in direction space of lateral excitation (o)
and the strength of inhibition (3) (Fig. 1c).

Network behavior. Using numerical bifurcation analysis, we first identified the possible stable solutions
and the parameter regimes over which different solutions coexist (see Table 1 for initial network parameter set-
tings). When the network is stimulated with a bidirectional input, varying PS leads to different types of solu-
tions. These are shown in a bifurcation diagram in Fig. 1d, where solid and dashed curves represent stable and
unstable solution branches, respectively. The tuning curves of the three stable solutions are illustrated in the
right-hand panels and corresponded to the three main neuronal tuning reported by'’. Cases a, b and ¢ in Fig. 1d
correspond to the observed vector average (VA), winner-take-all (WTA) and transparency (T) tuning functions,
respectively. For small PS, VA is the only possible solution. For large PS, WTA and T coexist. For an intermedi-
ate range (95° < PS < 130°), we identify a critical operating regime where the model is capable of producing all
three prototypical tuning functions within the same parameter region. We observed that the WTA solution was
side-biased (SB), indicating that the other, competing input was not fully suppressed, similar to the empirical
evidence reported in macaque area MT'°. Unstable solution branches (d, e) can link the stable branches, but are
not critical in this study. Stable solution branches terminate at bifurcations points where a qualitative change in
model behavior occurs. We note that the intersection of (a, d) is a pitchfork bifurcation (with two complementary
WTA branches overlapping in the projection shown) while intersections of (b, d) and (¢, e) are fold bifurcations™.
Two unstable branches overlap in this projection at PS~145°but are not connected. These can be tracked in terms
of a two parameter phase diagram, delineating entire parameter regions where different types of solutions exist
(see continuous white lines in Fig. le,f.
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Figure 1. Ring model behavior and likelihood of convergence. (a) Illustration of the ring network modeling

visual motion integration at MT cells level, with both V1 input and recurrent connections. (b) MT inputs are
defined as two Gaussian distributions with parameters PS and PW, corresponding to different random dot and
plaid patterns. (c) The center-surround connectivity kernel in motion direction space is set by parameters o
and 3, whose combinations defined a family of connectivity kernels. (d) Network energy is computed from the
I2-norm of the steady-state solution. The bifurcation diagram is plotted as a function of parameter PS (with

PW=10°

a=10and 3= —10, fixed values) to illustrate both stable (g, b, ¢) and unstable (d, e) solutions for

each branch and their corresponding direction tuning functions. Three classes of solutions co-exist: vector
average (VA), winner-take-all (WTA) and transparency (T). Note that referring to'?, winner-take-all will also be
designated as side-biased (SB) and transparency as two-peaked (TP) tuning curves. (e) and (f) show attractor
strength of each steady-state solutions (4, b, ¢), measured as a probability of reaching a particular solution from
100 repeated simulations done with initial random conditions, and varying either input parameters (then fixing
a=0and 3 =—10) or connectivity parameters (with fixed PS=120 and PW = 10), respectively.
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Description Parameters Value
Number of sample in [—, 7] N 404
Sigmoid threshold th 3.0
Sigmoid gain [ 16.0
Input gain K, 0.1
Population time constant Tp 1.0, 5.0, 10.0 ms
Inhibition time constant T 30-100 ms
Homotopy \{ariable to regulate o [0,1]
excitation width
Inhibition offset 5} [—10,15]
Excitation width 0,, = 0, + alo,, — 0,) ’1 1.5°(azﬂ), 60°(aeb)}
Inhibition width o3 1800 (>>360)
Excitation strength I e%ez"
Inhibition strength g, 1h&,

o 0.0797
Input Peak separation PS (0°,180°]
Input Peak width PW 5°-30°

Table 1. Model parameters and simulation values.

The network behavior is best characterized by maps of attractor strength that unveil which of the stable solu-
tions identified in the bifurcation analysis dominates. Attractor strength of each solution, measured as a prob-
ability of reaching it from 100 repeated simulations with randomized initial conditions, was computed at every
combination of both external (input: PS, PW) and internal (connectivity kernel: o, 3) parameters (color maps
in Fig. le,f). Although in a given parameter regime, two or more direction tuning shapes can coexist as stable
solutions, the network might be much more likely to converge to one of these from a random initialization. In
Fig. le, the likelihood of the VA solution was maximal for small PS, regardless of the PW (see left panel). For
large PS, the transparency case dominates over a large range of PW (see right panel). For narrow (small PW) and
widely (large PS) separated peaks the WTA solution occurs in roughly 60% of trials and TP otherwise (see middle
panel). In Fig. 1f, we observe that maintaining two peaks at population level requires both low inhibition and
narrow excitation (small 3 and o, see right panel) whereas VA requires low inhibition but broad excitation (small
B and large o, see left panel). The WTA solution is highly probable across a wide range of inhibition strength and
excitation extent. Thus, the emergence of different network states corresponding to either motion integration or
segmentation results from the interplay between the properties of the inputs and the shape of the center-surround
interactions in direction space. We propose that different properties of lateral connections are part of what distin-
guishes observed cell classes. In the following sections, we investigate the dynamics of these cell classes, focusing
successively on the relationships between single-cell and population tuning, the stability of direction tuning and
its temporal dynamics and the shift from one solution to another as a function of input statistics.

Local recurrent interactions lead to prototypical tuning behaviors found in macaque area MT.
In macaque area MT, Xiao and Huang'® extensively documented the single-unit responses to random dot patterns
made of either one or two motion direction components. For single motion inputs, direction tuning resembles the
classical Gaussian-like functions as shown in panel a0 in Fig. 2a. Using overlapping motion inputs with different
degrees of component separation, they reported a handful of prototypical behaviors reproduced in Fig. 2a (al to
a4, see Fig. 4 in ref. 10). For a fixed PW and two direction differences (PS), they described three different classes
of cells. Type al (PS=45°) represents the vector average (VA) of the two motion inputs while a3 (PS=135°)
superposes them, yielding to a two peaked tuning function (TP). Type a2 (PS=120°) and its mirror symmetric
(not shown) form a single class where one or the other of the two inputs is suppressed. These side-biased (SB)
cells implement a weak winner-take-all where an influence from the suppressed inputs can still be seen. We show
below that a population of direction selective cells can produce these prototypical behaviors through the influence
of local recurrent interactions.

We simulated the network with a set of input pattern directions (see Methods). Figure 2b illustrates the MT
population direction preference, as a function of the average input motion direction. Four cases are illustrated,
corresponding to different recurrent connectivity regimes (Fig. 2¢c) and to different input parameters (PW and PS
given in panel b and plotted as orange curves in Fig. 2d. Sampling the population vertically gives the MT popu-
lation tuning (plotted in Fig. 2d) and sampling horizontally gives the single cell tuning (plotted in Fig. 2e). Note
that with the lumped excitation-inhibition description used in our model, positive responses indicate motion
directions with net excitation and negative responses those with net inhibition. Column b0 shows that the net-
work accurately represents the unidirectional input. Column b3 illustrates the population and single cell tun-
ing for two widely separated inputs (120°) and the same recurrent connectivity, with a low inhibition regime
(3=—10). The two peaks are preserved, yielding to a bimodal tuning function (T/TP). Notice that each peak
is now sharper than observed with a single direction input, thanks to recurrent inhibition. Narrowing the input
direction difference to 90° (column b1) changed the tuning functions at both population and single-cell levels:
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Figure 2. Recurrent interactions lead to prototypical tuning behaviors found in MT. (a) Four examples of
prototypical single cell tuning functions found in macaque area MT (adapted from ref. 10). Blue and green
curves show the tuning functions obtained when presented with a dot pattern moving coherently in one of the
two directions. Red curves show the tuning functions obtained when the two direction components overlapped,
forming a bidirectional moving pattern. For comparison, the thin blue curves are the predicted vector average
profile from the single input tuning functions. (b) We simulated the ring network by sequentially varying the
pattern direction of the driving input for a uni-directional stimulus (column b0) or different bi-directional
patterns (columns b1-b3). The connectivity kernels used for each set of simulations are indicated in (c). The
orange curves illustrate the network inputs. (d) The tuning function of the MT population (indicated by a

ring) can be obtained by cutting a vertical slice in plot b. Conversely, a single-cell tuning (indicated by a star) is
obtained from an horizontal slice and shown in (e). Notice that for column b2, single-cell and population tuning
are symmetrical as we conserve the same sampling direction across all b0-b3 conditions.
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Figure 3. Tuning behavior changes with respect to the asymmetry in the input. We simulated the network with a
single set of driving input directions (PS=120°, PW =20°) and recurrent inhibition parameters (=0, 3= —10).
From left- to right-hand plots, the relative strength between the two inputs increases from 0.7 to 1. Upper row
illustrates the network inputs. Middle row shows the model responses as a function of both VA motion direction
and population preferred direction. Again, vertical sampling of the response map gives the population tuning
(ring) while horizontal sampling (star symbol) provides the single-cell tuning. Population (red curves) and
single-cell (black curves) tuning functions are then plotted against VA direction in the lower row.

now the vector average (VA) is represented. Using the same input as in b3, column b2 illustrates that the network
shifted to a winner-take-all solution when inhibition strength was increased (3 = 10). Notice that, to favor the
existence of a small second peak, we introduced a small input bias in favor of the —60° direction (Fig. 2d, column
b3, orange curve) because a high inhibition regime together with a small bias within the input strengths leads
to a robust side-biased (WTA/SB) behavior. Indeed, a small response to the suppressed direction is still evident,
due to the local recurrent excitation, in both the population and single-unit tunings. We will further compare
symmetric and asymmetric inputs below (see Fig. 3). Overall, by comparing biological (a0-a4) and simulated
(b0-b4) responses one can clearly see that the ring model can reproduce the three prototypical tuning functions
observed in macaque area MT (e.g. refs 10 and 11). Note that model single cell selectivity can exhibit variability
due to recurrent interactions. This can happen when the network is operating in a parameter regime where dif-
ferent solutions co-exist with one attractor largely (but not totally) dominating. In this case, noise in the input can
drive the network to different stable solutions from one simulation to the next due to the coexisting states shown
in Fig. 1d. We will further investigate this below.

Fluctuations in component selection and population tuning reliability. One of the hallmarks of
recurrent interactions is the existence of multiple stable solutions for the same set of parameters. Under such
multi-stability, the network could converge to different stable states (with different direction tuning) from one
trial to the next. This is evident from the bifurcation diagram shown in Fig. 1d where different solutions can
coexist for a given input (e.g., see at PS=120°). Moreover, in the WTA regime, the network could select either
of the two motion components when stimulated with inputs having purely symmetric component strength. Still,
a stable tuning behavior could emerge in regimes where only one of the tuning behaviors is dominant, due to
either inhibition strength or the structure of the driving input. To probe network stability, we fixed the recurrent
connectivity parameters and used random dot patterns (PW = 20°) with a constant PS (120°) while varying the
relative strength between the two motion components from 0.7 to 1 (Fig. 3, left-to-right columns). In empirical
studies, the strength of one component can be reduced by decreasing its signal-to-noise ratio. For each condi-
tion, we ran 400 trials by sequentially shifting the vector average motion direction from —180 to 180°. The MT
preferred direction is plotted as a color map similar to Fig. 2b. Under these conditions, WTA solutions dominate
the network dynamics when the two inputs have different strength (plots a—c). The lower row shows stable tuning
functions for both the population activity (red curves, lower row) and the sampled single-unit activity (black
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Figure 4. Four examples of temporal evolution of M T tuning functions. Panels (a-d) show the temporal
development of the subpopulation-averaged response tuning to bidirectional stimuli with different PS values
(adapted from ref. 10). (a) The initial response tuning peaks around the VA direction before gradually shifting
to one single peak aligned with the population preferred direction, corresponding to the WTA solution. (b) For
the same PS (60°), the two component motion directions gradually emerge, together with a strong suppression
of the VA direction. (c) With PS=90°, the initial response is a broad tuning centered around the VA direction
before shifting towards the component motion aligned with the preferred-direction. (d) With larger PS (135°),
the initial response tuning show two peaks (TP) before one peak is suppressed, leading to the SB tuning
described above. All examples are adapted from Figs 6 and 8 of ref. 10, respectively.

curve). The population activity matches the direction of the stronger input. When increasing the relative input
strength to 0.9 (case c), the population response shifted from a pure WTA to a SB tuning function (see small
bump at 60° in red curve of Fig. 3¢, lower row). Now, single unit activities exhibited large fluctuations across
directions, the sampled cell representing either one peak (i.e. SB tuning) or two peaks (i.e. T/TP tuning), with a
strong dominance for the former. Hence, under this low inhibition regime (o= 0, 3 = —10), the effective inputs
must be slightly asymmetrical to produce the SB solution. With symmetric inputs (Fig. 3d), the two inputs yield
a shift in both population and single-unit tuning, now largely representing the two inputs (TP tuning) but with
some occurrence of the WTA solution. Note that the single-unit activity was now largely fluctuating across the
different VA motion directions (Fig. 3d, bottom row, black curve). As a consequence, with symmetrical inputs the
ensemble of single-unit activities was much less consistent when the TP behavior was observed at the population
level (compare left- and right-hand columns in Fig. 3). We conducted the same analysis for other PS and PW
values and obtained similar results: population tuning properties changed and were less consistent when inputs
were strictly symmetrical.

Temporal dynamics. Several empirical studies have shown that MT neuronal selectivity gradually develops
over time after a latency of 50-70 ms!®'>16, Such temporal dynamics is well illustrated in the four examples taken
from Xiao and Huang'® and re-plotted in Fig. 4 for different PS values. The examples in panels a-d show that
steady-state WTA/SB tuning functions can gradually emerge from different early tuning shapes such as VA (), SB
(c) or TP (d). In case (b), this particular cell first encodes the vector average direction (VA) of a random dot pat-
tern with a (60°) direction difference. The response tuning then gradually evolves towards the steady-state T/TP
attractor solution in our model, where the two inputs are superimposed. By comparing these response patterns
with the linear prediction from neuronal responses to each of the two components presented alone, the authors!?
suggested that VA motion direction was suppressed while component motions were facilitated. This observation
is consistent with the widespread hypothesis that lateral excitatory interactions without inhibition could lead
to early integration with a broadly tuned response. Later on, neuronal response could be further shaped by the
growing inhibition until they reach a stable solution that depends on the input statistics (e.g. refs 9, 10 and 31).
We tested this hypothesis by allowing inhibition strength (i.e. 3 parameter) to evolve temporally with a slow
time constant (100 ms). Figure 5 illustrates both model parameters and outputs for two instances of the temporal
evolutions shown in Fig. 4a-d. The left-hand column corresponds to the VA-WTA transition. The right-hand
column illustrates the time course of the TP-SB transition. Model and MT population'® tuning dynamics are illus-
trated as both full response direction evolution plots and a selection of time slices for comparison (ring-network
and macaque brains symbols). Notice that the pure feed-forward latency delaying the MT response by about
50 ms was not simulated in the model dynamics. Upper panels show the time course of surround inhibition
together with 3 time-lapses of the excitation/inhibition balance within the direction domain (Fig. 5a,b,e,f). The
gradual increase of inhibition strength captures the temporal dynamics of MT motion direction processing. The
left-hand panels (Fig. 5¢) show that the model population first encodes the VA solution. Slowly increasing inhibi-
tion shifts the tuning towards a WTA stable solution, together with an increased precision in the direction tuning,
nicely simulating the biological data (Fig. 5d). The right-hand columns illustrate another temporal development
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Figure 5. Temporal tuning behavior. (a-d) Temporal development of the WTA solution. (a) Time course of
inhibition, leading to different excitation/inhibition balance levels as illustrated at three different time lapses
(b). (c) Temporal evolution of population tuning in response to bidirectional stimuli with PS = 60°. The model
population response is initially aligned with the VA direction, before slowly drifting to one of the component
directions. The other motion direction is strongly suppressed, corresponding to the WTA solution illustrated
by the direction tuning at different time points. The model dynamics renders the temporal evolution of an MT
subpopulation as illustrated in (d). (e-g) Temporal development of neuronal tuning, shifting from TP to SB
solution. Same plots as in the left-hand column. Biological data are taken from ref. 10.

when PS=135°. The initial response superimposes the two inputs, corresponding to the T/TP cases (Fig. 5g).
Over time, one of the two peaks is suppressed while the other is enhanced. Notice that the former is not entirely
suppressed such that until 300 ms, the solution corresponds to the SB case. Later on, it entirely disappears and
the late solution becomes a complete WTA tuning function, albeit with a broader tuning that was not reported
in the biological data. Furthermore, the two peaks are also shifted away one from another, corresponding to the
development of motion repulsion® as noted in'®. Again, the model dynamics capture the main characteristics of
the TP/SB transition illustrated by the mean population activity reproduced in Fig. 5h.

Interestingly, our model could not replicate the transition from a broad VA towards a two peak (T/TP)
response that was reported by (see Fig. 4b). There are two potential reasons for this limitation. First, the like-
lihood of the two peaks solution is very small when the driving inputs are close and sharp (i.e. small PW) as in
the case of random dot patterns. Therefore, most of the simulated temporal developments under these condi-
tions occurred between VA and WTA solutions. Even when inhibition strength was set to favor the two-peaks
steady-state solution, a large amount of noise was then necessary to destabilize the early VA solution and reach
the T/TP solution branch. Second, when the two motion components are close (PS = 60°), activity shifts from VA
to WTA (Fig. 4a) but for larger PS (90° and 135°) activity spreads such that one component builds on while the
other vanishes'’. Instead, under these conditions, the dynamics of our model is characterized by a steady activity
of both components, failing to eliminate the weakest peak. This later aspect is consistent with perceptual studies
on transparent plaids showing that one component is often perceived weaker and assigned to some background
motion (e.g. ref. 33).

We tested other possible time courses of the excitation-inhibition balance by varying the three main param-
eters controlling inhibition: onset timing, time constant (range 10-100 ms) and final strength. Each parameter
strongly influences the time course over which the recurrent network can shift from integration to segmentation.
A delayed inhibition results in a stronger VA solution and requires both longer and stronger final inhibition
strength to reach either one of the two segmentation solutions (WTA or T/TP). A slower inhibition rise gives
longer VA activity shifting towards WTA or T/TP, which occurs very slowly (>400 ms) with weak final inhibition
strength. With strong final inhibition strength, the transition is to a WTA solution.
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Figure 6. Responses properties change with input statistics. (a) Direction tuning properties of MT subpopulation
shift when presented with either a bidirectional random dot pattern (RDS) or a moving plaid. Migration
diagrams have been recomputed from the dataset of ref. 10. For each type of cell obtained with an RDS of
PS=60° or PS=135°, the diagram plots their probability of shifting towards either a pattern, a component or an
unclassified cell when tested with a plaid pattern of PS = 135°. Overall, the behavior of a subpopulation cannot
be predicted when migrating from one stimulus class to another. (b) Probability maps of each stable solution
(VA, WTA/SB, T/TP, untuned) of the ring model with the same set of bidirectional stimuli, as a function of
excitation width and inhibition strength parameters. (¢) Migration diagrams of the ring model under the same
conditions as in (a). The probability of migration from one regime to another is computed from the intersection
between pairs of probability maps (see Methods and Supplementary Fig. S1). For the sake of comparison with
(a), WTA/SB and T/TP responses to plaids can be regrouped as component selective responses, while VA states
can be equated to pattern motion selectivity.

Predicting tuning behavior for different types of bidirectional motion inputs. One remarkable
property of pattern motion integration in macaque area MT is that cell responses to bidirectional plaid patterns
cannot be fully predicted from bidirectional random dot patterns, and reciprocally'® . That is to say, a pattern
cell identified with plaid patterns would not necessarily encode the vector average motion direction of a bidirec-
tional random dot pattern. Xiao and Huang'® systematically tested a large population of MT cells with both stim-
uli, across different PS values. From their data (see Table 2 in ref. 10), we computed a migration plot illustrating
the likelihoods of transition between cell types from one stimulus to another (Fig. 6a). Note that when PS=135°
for both plaids and random-dots patterns, the only difference in the input statistics for our model would be PW
(i.e. the variance in each of the component motion direction provided by the V1 layer). Notice also that in biolog-
ical studies, unclassified cells are defined only from the component/pattern correlation metrics and such classifi-
cation is not relevant for our model. Overall, the observed MT migration diagrams show that no strict migration
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rules were observed but there were rather small biases in how cell tuning migrates when comparing random dots
and plaids. Xiao and Huang observed a trend that VA and WTA cells observed with random dots at PS = 60° were
more likely to be classified as pattern and component cells, respectively when tested with a plaid of PS=60°%.
When comparing random-dots and plaid patterns with similar PS=135°, T/TP and WTA cells predominantly
were classified as pattern selective. Notice that a large fraction of cells that can be classified as either VA, WTA or
TP cells in response to random dots were unclassified when tested with plaids, regardless of PS.

In our model, we can simulate these migration probabilities by examining the attractor strength of the stable
solutions across a variety of internal parameters allowing us to visualize how the attractor strengths would shift
from one condition to another as illustrated in Fig. 6. To do so, we first measured the attractor strength of each
solution in different connectivity regimes from 100 responses to a given input as illustrated in Fig. 6b. From these,
we constructed a likelihood map for this particular condition. Once the likelihood maps for all the solution types
across the different inputs were obtained, we identified the connectivity regimes which could support transi-
tions in one type of tuning for a particular input to other types of tuning with a different input by overlaying the
thresholded maps (see the Methods section and Supplementary Fig. 1S) in order to compute an overlap value that
illustrates the relative likelihood of a particular migration, as illustrated in Fig. 6c¢.

When fixing the model internal parameters (i.e. the excitation and inhibition balance) some migrations are
more probable than others. With a random dot pattern of small PS (60°), VA and WTA/SB are the most probable
states. When presented with a grating of large PS (135°), most VA responses become WTA/SB while WTA/SB
responses remains largely identical. When grouping the model response tuning types within the pattern/compo-
nent classification used for MT neurons with plaids, most of the WTA/SB and VA responses become component
selective. Under a fixed inhibition regime, transitions towards pattern selectivity are very sparse. When equating
PS between plaids and gratings to 135°, as in ref. 10, the migration patterns become even more dispersed, under-
lying the critical role of the relative width of motion inputs between the two stimulus types. The majority of WTA/
SB responses remained but a significant fraction shifted towards the T/TP states. Only a small fraction of WTA/
SB and T/TP responses migrated to VA, as the likelihood of representing pattern motion direction becomes very
weak under such large PS.

Interestingly, some of the experimentally observed transitions could not be explained by changes in the driv-
ing input alone. For instance, the migrations from T/TP to VA reported in both experiments by'’ (see Fig. 6a)
were never observed under fixed recurrent connectivity. Broadening excitation and strengthening inhibition are
both necessary to enable these migrations. Moreover, maintaining the VA states across stimulus types would
require modulating the excitation/inhibition balance. The grouping of T/TP and WTA/SB states within the clas-
sical component selective types of MT neurons (and equating the VA and component selectivity) is somewhat
arbitrary. This, together with the limitation that unclassified cell subpopulation was not specifically modeled,
prevented us from fitting our model migration patterns to those observed in the neurophysiological studies.
Nevertheless, future work with such a ring model could investigate how excitation/inhibition connectivity rules
should adaptively change to better predict neuronal tuning changes with input statistics.

Discussion

A ring-model*”** with a feature space of motion direction was used to investigate the tuning properties of MT
cells in response to inputs with multiple motion directions. We systematically compared our model responses
to a recent comprehensive description of MT neuron direction selectivity under a large set of motion inputs'.
Our simple dynamical model featuring recurrent interactions within MT can produce a surprisingly diverse set
of network states that closely match the direction tuning functions associated with different subpopulations in
macaque area MT. These tuning functions correspond to the vector averaging (VA), winner-take-all (WTA and its
variant, side-bias, SB) or superposition (two-peaks, TP) solutions to the visual motion integration/segmentation
computations performed by these neuronal populations (see refs 1 and 4 for reviews). The model shows that these
different tuning functions emerge from a single, adaptive recurrent network where the combined effect of the
excitation and inhibition could be tuned depending upon on input statistics. Moreover, these recurrent interac-
tions give rise to co-existing network states, that can explain multi-stability and single-unit variability. Recurrent
interactions can also explain the dynamics of these tuning functions, i.e. how they transition over time from one
type of tuning to another tuning function, and how these subpopulations change behavior when varying the sta-
tistical properties of the inputs and the excitation/inhibition regime (e.g., see refs 9-11, 15 and 16). Therefore, our
recurrent network model could reconcile a large bulk of recent empirical observations on the properties of area
MT neurons, a key area for visual motion processing

Recurrent interactions allow multiple behaviors from the same network. In our model, individ-
ual motion components (e.g., the individual gratings in a motion plaid or, a single dot-field with coherent direc-
tion in RDK) were represented by a Gaussian bump in the motion direction space. Inputs with multiple directions
were captured by a combination of Gaussian bumps. Varying width and separation of these bumps allows for
commonly studied component motion stimuli to be represented in the model. Recurrent connections in the
motion-direction space were minimally defined with only two parameters that are the width of excitation and
the strength of inhibition. Different network states were characterized in a systematic parameter study varying
input statistics and internal connectivity parameters. We have shown that a variety of tuning behaviors observed
in the sub-populations of macaque direction selective MT neurons could be explained by a recurrently interact-
ing group of cells tuned to different directions. Previous studies have attributed the different tuning behaviors to
functionally different sub-populations®” 4, Our model investigates the emergence of these of distinct cell types
from the same general network structure based on local differences in recurrent connections combined with
asymmetries in the afferent inputs.
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Varying the pattern of excitation and inhibition in the direction domain has been previously proposed to sim-
ulate these subpopulations in linear-nonlinear feed-forward models (e.g. refs 13, 14 and 35). However, in these
feed-forward models, center-surround interactions (in direction space) can only change the weights of different
input directions from V1. These interactions are static and fitted to one type of input (e.g. ref. 14 for plaids) and
therefore cannot account for all tuning function properties. Only a handful of theoretical studies have proposed
that recurrent interactions implementing center-surround interactions in direction space could help solving the
motion integration/segmentation problem but they were restricted to implementing a soft winner-take-all mech-
anism'®2%3¢%7 For the first time, our model captures all currently known tuning properties of macaque MT sub-
populations when presented with different types of bidirectional motion patterns (e.g. refs 9-12) and condenses
several previous hypotheses on the role (and shape) of inhibition in motion integration and segmentation (e.g.
refs 7, 32, 38 and 39). It shows that different sensory tuning functions that are often arbitrarily opposed can be
seen as emergent properties of a single recurrent network where excitation/inhibition balance is dependent on
the statistical properties of its inputs.

We identified three key input parameters: the direction separation between input distributions, their width
and, also, their relative strength. These parameters are well known to control global motion perception and in
particular whether the two inputs will be integrated, segregated, repulsed or perceived as transparent surfaces
(see refs 1, 2, 39 and 40 for reviews). Given the strong links between the different neuronal tuning functions and
each of these percepts, our model could be extended with a simple decoding stage to account for human percep-
tual performance®. Recurrent networks have previously been proposed as a solution for solving some aspects of
the integration/segmentation problem (e.g. refs 18, 37, 41-43) and its associated perceptual multi-stability* 4.
Because it can reproduce all MT subpopulations and their dynamics across a generic description of the inputs,
the current ring model is a major step toward establishing the connection between low-level neural dynamics and
canonical computations associated with perceptual dynamics.

Context dependence of recurrent interactions.  An intriguing and controversial property of MT neu-
rons is that, as in many other sensory areas, their direction tuning would depend upon the detailed statistical
properties of the inputs'®!">2444 In a recent study, Xiao and Huang'® claimed that no simple rule can be used to
predict how a vector averaging cell identified with a random dot pattern would behave when presented with a
plaid pattern with the same motion component direction. Only some trends could be identified such as more VA
and WTA/SB cells would become pattern and component cells, respectively. However, even such a trend is con-
tradicted in another study that reported the opposite migration pattern in the marmoset monkey'!. These changes
in the behavior could be attributed to the differences in the spatio-temporal inputs (in particular the width of each
input) as well as by contextual network modulations in terms of lateral excitation and inhibition strength. Our
model provides, for the first time, a systemic method to investigate the role of each of these factors.

We reported some of the migration patterns described in macaque area MT'? and have shown that a single
network (with fixed connectivity parameters) can dramatically change its behavior when shifting from one input
to another of similar global and component motion directions but different precisions (widths). However, the
simulated proportions did not fully agree with the experimental data of ref 10. Our results would suggest that the
experimentally observed transitions with random dots and plaids are contingent on context-dependent changes
for recurrent interactions. For instance, the excitation/inhibition balance might be different for random dot stim-
uli and for plaids. Further work is needed to unveil the systematic dependence of the recurrent interactions that
are needed to predict how MT populations adaptively migrate from one tuning to another. To do so, our quali-
tative approach would be improved with a systematic fitting of the model parameters to a representative dataset.
More important, our study strongly suggests the existence of a context-dependent modulation of the network
connectivity parameters that would depend on the type of stimulus, an explanation that reconciles opposite views
on the motion integration/segmentation problem.

A functional consequence of network multi-stability?.  Our ring model relies on only four critical
parameters in the direction space: the properties of the motion inputs and the center-surround interactions. Our
systematic parameter investigation maps the organization of parameter regimes where each of the solutions is
stable. A bifurcation analysis revealed regions of the parameter space where multiple network states are possible,
leading to multi-stability without any specific plasticity mechanism such as adaptation®. To further characterize
the different behaviors of the network, we ran stochastic simulations with randomized initial conditions to obtain
a measure of the strength of the different stable solutions. This links multi-stability and fluctuations observed
at the single-cell level across trials. We found for instance that when the two inputs are symmetrical, we obtained
a lack of specific tuning behavior and high-variance in single-cell responses. This high variance only introduces
some minor fluctuations in the population activity. This result opens the door to several predictions that could
be tested theoretically. First, it would be important to compare population tuning with single cell behavior by
contrasting population and unitary recordings. Second, large variability in single cell tuning could be due to
network multi-stability. Recently, Ponce-Alvarez and colleagues®! demonstrated that rate variability and noise
correlation in MT neurons can be seen as emergent properties of a stochastic recurrent network for a set of con-
nectivity parameters that overlaps with a single-state solution and multi-stability. However, their model could not
explain the rich temporal evolution of neural response statistics. A further stochastic extension of our ring-model
would allow one to render the response variability over the same set of complex stimuli in order to understand
how network multi-stability and neuronal variability are related. It would also call for a re-examination of the
large proportion of cells that are unclassified in the different empirical classifications that have been used so far in
visual studies (e.g. refs 6 and 17). Third, we observed that a small asymmetry in the inputs seems to be critical to
stabilize some network solutions and reduce the single-cell variability. This may be critical in natural conditions
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where small imbalances in the afferent V1 component inputs pooled by MT are highly probable due to direction
encoding variability®!.

Recurrent models capture slow and fast temporal dynamics of sensory processing. One of the
strengths of recurrent network modeling, when compared with the classical feed-forward approach, is its ability
to simulate the dynamics of sensory processing. Phenomenological models, often geared towards reproducing
psychophysical observations, can capture dynamical characteristics of perceptual competition on slow timescales
(generally >10s). These models are either posed in a discrete (e.g. refs 33, 45 and 46) or a continuous setting (e.g.
refs 29, 42 and 47) and have typically focused on dynamical changes in perceived global motion direction or surface
motion organization over seconds after stimulus onset. We have previously studied both slow and fast dynamics
of motion integration in a continuous recurrent network featuring direction space. Our model can explain many
aspects of competitive integration of motion signal such as early vector averaging, transition to one component
direction and multi-stability between the different component directions®*2. However, we did not consider motion
transparency. Indeed, in our previous model as in nearly all of the existing models, the recurrent network operated
prominently in a soft winner-take-all mode?»*>?”. The different tuning behaviors in the current ring model would
thus allow investigation of, not only early temporal dynamics, but also population dynamics over slow timescales
leading to perceptual shifts between the pattern and transparency perceptual interpretations. We have also shown
here that the ring model can render the fast, initial dynamics of motion processing without postulating some spe-
cific delays or temporal sensitivities as in previous works?>3> 3% 41 Rather, the time course of inhibition is sufficient
to capture the main temporal development of MT direction tuning'> !¢ as well as the temporal migration from one
computation (e.g., VA) to another (e.g., WTA/SB)® °. This could further explain similar transitions from initial
integration to later segregation, which have been observed in both auditory and visual paradigms at the percep-
tual*® and physiological levels**°. This simple mechanism can easily account for other temporal aspects of MT
pattern/component cells such as their temporal integration window®! or their responses to triplaids®.

Thus, contrary to all previous models, the current ring network can account for all network states associated
with the different perceptual interpretations and can bridge slow and fast dynamics of motion integration and seg-
mentation. Moreover, it raises several predictions that can be tested both empirically and theoretically. First, the
tuning properties of particular cells would depend upon inhibition strength. Manipulating excitation-inhibition
balance is now made possible with new optogenetic tools (e.g. ref. 53). Strengthening surround inhibition should
change the temporal dynamics of motion segmentation as well as change the probability of migration patterns
when shifting from plaids to random dot patterns. At the theoretical level, the ring model allows for adjust-
ments of excitation-inhibition balance to obtain both of these dynamic properties, something not possible with
the existing feed-forward model that requires a set of excitation-inhibition weights for each tuning function'*.
Second, motion transparency can be coded by either neurons with two-peak tuning or by multiplexing of WTA/
SB neurons tuned for either one or the other components. Our model predicts that either of these neuronal
population codes can be found depending upon inhibition strength and input statistics. Recording MT neuronal
populations during perceptual transparent and non-transparent conditions would allow for the versatility of such
coding to be tested. At the theoretical level, all previous models worked in a soft-WTA regime and therefore
eliminated the TP solutions. The current ring-model predicts that two different inhibition regimes can lead to
perception of motion transparency. Third, we found that when the two inputs have the exact same strength,
competition yields across-trial fluctuations within the population tuning. Stabilizing the network can be achieved
by introducing a small difference between the two components. One consequence is that empirically increasing
component contrast or signal-to-noise ratio should affect both the proportion of untuned cells when tested with
plaids and the reliability of neuronal tuning of pattern cells in macaque area MT?!. Previous theoretical or phys-
iological studies have not investigated the role of relative input strength in segmentation/integration dynamics.
Input normalization of the classical feed-forward models would prevent investigating the role of relative contrast.
The ring-model can explore such perceptually relevant parameters and unveil how it impacts both network sta-
bility and the probability of observing different solutions.

Limits of the recurrent model.  The neural field equation describes neural activity in terms of a membrane
potential, which is transformed into a firing rate through a sigmoidal nonlinearity. By incorporating additive
noise in the model (see ref. 54 for a derivation), some of the variability inherent in a spiking neural network (e.g.
ref. 23) is captured despite the fact that a direct link between parameters controlling stochastic properties in
spiking and neural field models is not available. However, we expect that our extensive parameters investigation
with the current nonlinear model with additive noise has captured the possible dynamics that will be observed
with a spiking network. A direct comparison with a spiking network linked to our current model could be done
in future work, starting from a more rigorous mean-field description that can capture both the mean firing rate
and its variance®.

The recurrent network provides a more comprehensive description of motion integration and segmentation in
primate visual systems than feed-forward models. In particular, it can qualitatively account for the shift in response
tuning properties when shifting from plaids to random dot patterns. To our knowledge, our model is the first to
simulate these important aspects. Nevertheless, at present, it fails to capture some aspects of the observed dynam-
ics in macaque area MT. First, we did not observe the transition between broad VA and T/TP solutions as observed
by Xiao and Huang'® when shifting from plaids to dot patterns. This is explained by the low probability of observ-
ing T/TP across a wide range of inputs and the long temporal integration needed to reach this solution. At short
time scales, segmentation is dominated by the WTA solution and its variants (SB). Noise properties were constant
across the different types of inputs, a characteristic that may not be realistic. A more extensive investigation of
the interplay between noise and inhibition properties would unveil the details of the clustering between different
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subpopulations as characterized by different temporal dynamics when tested with plaid motion inputs!'> 1.
Introducing input modulated noise could impact excitation-inhibition balance and help better simulate the
migration patterns observed by Xiao and Huang'’. Finally, simulating the complex properties of the V1 process-
ing stage (i.e. variability for either random dots or plaid patterns) would improve model performance and better
account for the exact migration patterns observed in area MT.

Conclusion

We have shown that recurrent local interactions in the feature domain can reproduce a variety of tuning behaviors
that have been reported in the literature. A single ring network model with direction space center-surround con-
nectivity can capture all of the prototypical tuning curves observed in motion area MT. Interestingly, the attrac-
tion strength of different stable solutions and the delayed onset of inhibition, can explain dynamic changes in
tuning behavior observed in physiological experiments. These recurrent interactions can form a bridge between
models of motion integration and those that capture transparency since they eliminate the need for different
sub-populations and strong competition. Unveiling ring attractor dynamics offers a powerful computational
framework to simulate adaptive neural computations and paves the way for investigating their physiological
implementations across a broad range of neural systems®®.

Methods

Model description. We studied the behavior of direction tuned MT neurons using a continuous ring net-
work model. u(6, t) defines the activity of the neurons tuned to motion direction § € [—, 7] and the popula-
tion dynamics is given by the following neural field equation:

du(d, t) _

o —u(6, 1) j::](e = 9)S(uu(¢, 1), th)dd + k;l(6)

(€Y)
where, J is the connectivity kernel defined as a weighted difference of Gaussians (DoG)
J. Z,Je)g’_,ai((?) = gG(0, ) — g,G(0, g) with G(6, 0) a Gaussian function, g the excitatory strength, g, the extent of
the excitatory surround, g, the inhibitory strength and o; the extent of the inhibitory surround. 1,,, is the driving
input corresponding to a particular motion stimulus. S is a sigmoid function where parameter  controls the
sigmoidal gain. It is defined by the following equation:

! ! 1, th >0

S(uu, th) = - ,
1+ e—uuﬂh 1+ eth (2)

Representation of visual stimuli using /.,;. I, is defined as a linear combination of Gaussian bumps,
each one corresponding to one component motion direction. The peak width (PW) is defined as the standard
deviation of the Gaussian bump and renders the inherent uncertainty of the local motion estimation at the V1
stage that feeds the MT layer. The peak separation (PS) describes the difference in the motion direction of the
components (see Fig. 1b). These variables allow for a complete description of the two main classes of uni- and
bi-directional motion inputs used in empirical studies: gratings and plaids on one hand and random-dot patterns
on the other. It is then possible to compare the model dynamics across different widely used motion inputs.

Numerical study of the model.  Exploration of the connectivity space with J, ;. The impact of the main
parameters governing the nature of local recurrent interactions, the extent of lateral excitation and strength of
lateral inhibition were studied using a family of weighted DoG kernels 50) =T, ., ¢ +p.0(0) More specifi-

cally, we focused on the case of uniform lateral inhibition and therefore ; is fixed to a large value (¢; = 107). avis
a parameter that smoothly varies the extent of excitatory surround from a narrow g, to a broad o, bump, follow-
ing the equation:

o,

€

= Uea + a(Ueb - Uea) (3)
The other parameters describing the difference of Gaussian functions, ¢ and g, are estimated in a closed

form with the constraint that the first two Fourier coeflicients of fa,o are F(fa,o)[O] = —1land F(fa‘o)[l] =1,
which gives:

&, =¢? 4

1+ g,
o« 0.0797 (5)

&

[ is a free parameter to regulate the strength of lateral inhibition. While considering slow evolution of the inhibi-
tion, the inhibition strength g varies with time ¢ as follows:

—t
& =g + (g,»a +6 - gilaw)[l - expj]
1

(6)
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Parameter regimes supporting transitions. The parametric area supporting a particular transition of interest
across different types of inputs (plaids vs. random-dot patterns) is measured by identifying overlapping regimes
that support the respective solutions such as VA, WTA or TP. These computing steps are illustrated in the sup-
plementary Fig. S1. In brief, we repeated 100 trials for each input configuration in order to estimate the conver-
gence to each of the solution types. The obtained convergence map was then made binary in order to identify the
regimes in which a given solution type is supported. The intersection area of the obtained binary maps would
indicate the parameter space supporting the transition of interest. The intersection area relative to the full param-
eter space was defined as the transition percentage shown in Supplementary Fig. S1.

Population versus single unit tuning. In physiological experiments, directional selectivity is measured by sequen-
tially presenting stimuli moving in different directions in a random order. Single cell tuning curves are then con-
structed by averaging responses across trials. Population tuning is often obtained by aggregating tuning across
many neurons from either a single subgroup or the complete sample. Population tuning obtained by different
means (e.g., Local Field Potentials) is rarely compared to single cells/subpopulation selectivity, albeit with rare
exceptions®. Such motion direction selectivity are expressed either in terms of the directional preference of MT
neurons or in terms of stimulus motion direction, often assuming that these two dimensions are interchangeable’.
In a ring model, we can construct a joint representation (matrix) of population versus single unit tuning by sequen-
tially assimilating the population tuning to a stimuli at every motion direction within 0 to 360° along the columns
allowing us also to sample the single cell preference. As illustrated in Fig. 2(b0-b4), each column (or vertical cut)
shows the population tuning whereas each row (or horizontal cut) shows the single cell tuning. It is important to
notice that assuming recurrent interactions between cells tuned to different directions, the population tuning and
single cell selectivity are interchangeable only when the network is operating in a regime with a strong attractor bias.

Parameter values, initial conditions and numerical computations. 'The parameters used for the numerical simu-
lations are displayed in Table 1. In case of simulations without noise, standard ode solver, ODE23T was used with
absolute tolerance value set to 1072, For the simulations with noise, the Euler Maruyama method was used. Initial
conditions were set to a low level of random activity. In order to carry out numerical continuation and bifurcation
analysis, Auto07p package was used, allowing us to track the bifurcation point in one and two-dimensional param-
eter space. For bifurcation analysis computations were carried out in the absence of noise for a variety of combi-
nation of driving input and connectivity kernels. The continuous feature space was discretized into 404 samples.

References
1. Braddick, O. J. Segmentation versus integration in visual motion processing. Trends Neurosci. 16, 253-268 (1993).
2. Braddick, O. J. Local and global representations of velocity: transparency, opponency, and global direction perception. Perception
26,995-1010 (1997).
3. Grossberg, S., Mingolla, E. & Viswanathan, L. Neural dynamics of motion integration and segmentation within and across apertures.
Vision Res 41, 2521-2553 (2001).
4. Born, R. T. & Bradley, D. C. Structure and function of visual area MT. Annu Rev Neurosci 28, 157-189 (2005).
5. Adelson, E. H. & Movshon, J. A. Phenomenal coherence of moving visual patterns. Nature 300, 523-525 (1982).
6. Movshon, J. A. et al. The analysis of visual moving patterns. Exp Brain Res 11, 117-152 (1986).
7. Stoner, G. R. & Albright, T. D. Neural correlates of perceptual motion coherence. Nature 358, 412-414 (1992).
8. Qian, N, Andersen, R. A. & Adelson, E. H. Transparent motion perception as detection of unbalanced motion signals. III. Modeling.
J Neurosci 14, 7381-7392 (1994).
9. Treue, S., Hol, K. & Rauber, H. J. Seeing multiple directions of motion - physiology and psychophysics. Nature Neurosci 3, 270-276 (2000).
10. Xiao, J. & Huang, X. Distributed and dynamic neural encoding of multiple motion directions in transparently moving stimuli in
cortical area MT. ] Neurosci 35, 16180-16198 (2015).
11. McDonald, J. S. et al. Integration and segregation of multiple motion signals by neurons in area MT of primate. ] Neurophysiol 111,
369-378 (2014).
12. Rodman, H. R. & Albright, T. D. Single-unit analysis of pattern-motion selective properties in the middle temporal visual area (MT).
Exp Brain Res 75, 53-64 (1989).
13. Simoncelli, E. P. & Heeger, D. J. A model of neuronal responses in visual area MT. Vision Res 38, 369-378 (1998).
14. Rust, N. C. et al. How MT cells analyze the motion of visual patterns. Visual Neurosci 9, 1421-1431 (2006).
15. Pack, C. C. & Born, R. T. Temporal dynamics of a neural solution to the aperture problem in visual area MT of macaque brain.
Nature 409, 1421-1431 (2001).
16. Smith, M., Majaj, N. & Movshon, J. A. Dynamics of motion signaling by neurons in macaque area MT. Nature Neurosci 8, 220-228
(2005).
17. Chance, E S., Nelson, S. B. & Abbott, L. E Complex cells as cortically amplified simple cells. Nature Neurosci 2, 277-282 (1999).
18. Wang, R. A network model of motion processing in area MT of primates. ] Comput Neurosci 4, 287-308 (1997).
19. Ferrera, V. P. & Wilson, H. R. Perceived direction of moving two-dimensional patterns. Vision Res 30, 273-287 (1990).
20. Yo, C. & Wilson, H. R. Perceived direction of moving two-dimensional patterns depends on duration, contrast and eccentricity.
Vision Res 32, 135-147 (1992).
21. Ponce-Alvarez, A. et al. Stimulus-dependent variability and noise correlations in cortical MT neurons. Proc Natl Acad Sci USA 110,
13162-13167 (2013).
22. Joukes, J., Hartmann, T. S. & Krekelberg, B. Motion detection based on recurrent network dynamics. Frontiers System Neurosci 8,
1-13 (2014).
23. Quiroga, M. M., Morris, A. P. & Kerkelberg, B. Adaptation without plasticity. Cell Reports 17, 58-68 (2016).
24. Wang, H. X. & Movshon, J. A. Properties of pattern and component direction-selective cells in area MT of the macaque. J
Neurophysiol 115, 2705-2720 (2016).
25. Priebe, N. ., Cassanello, C. R. & Lisberger, S. G. The neural representation of speed in macaque area MT. ] Neurosci 23, 56505661
(2003).
26. Priebe, N. ], Lisberger, S. G. & Movshon, J. A. Tuning for spatiotemporal frequency and speed in directionally selective neurons of
macaque striate cortex. J Neurosci 26, 2941-2950 (2006).
27. Hansel, D. & Sompolinsky, H. Modeling feature selectivity in local cortical circuits. In Methods in neuronal modeling: From ions to
networks. Koch, C. & Segev, I. Eds, MIT Press. Pp 499-567 (1998).

SCIENTIFICREPORTS|7: 11270 | DOI:10.1038/541598-017-11373-z 14


http://S1
http://S1

www.nature.com/scientificreports/

28. Curtu, R. & Ermentrout, B. Pattern formation in a network of excitatory and inhibitory cells with adaptation. SIAM ] Appl Dynamical
Sys 3,191 (2004).

29. Rankin, J. et al. Bifurcation study of a neural fields competition model with an application to perceptual switching in motion
integration. ] Comput Neurosci 36, 193-213 (2014).

30. Kuznetsov, Y.A. Elements of applied bifurcation theory. Vol. 112. Springer, New-York (2013).

31. Shapley, R., Hawken, M. & Ringach, D. L. Dynamics of orientation selectivity in the primary visual cortex and the importance of
cortical inhibition. Neuron 38, 689-699 (2003).

32. Marshak, W. & Sekuler, R. Mutual repulsion between moving targets. Science 205, 1399-1401 (1979).

33. Huguet, G., Rinzel, J. & Hupé, J.-M. Noise and adaptation in multistable perception: noise drives when to switch, adaptation
determines perception choice. J Vis 14, 19 (2014).

34. Ben-Yishai, R, Bar-Or, R. & Sompolinski, H. Theory of orientation tuning in visual cortex. Proc Natl Acad Sci 92, 3844-3848 (1995).

35. Perrone, J. A. & Krauzlis, R. J. Spatial integration by MT neurons: a closer look at pattern-to-component effects and the role of speed
tuning. J Vis 8, 1-14 (2008).

36. Wilson, H. R, Ferrera, V. P. & Yo, C. A psychophysically motivated model for two-dimensional motion perception. Visual Neurosci
9,79-97 (1992).

37. Raudies, E, Mingolla, E. & Neumann, H. A model of motion transparency processing with local center-surround interactions and
feedback. Neural Comput 23,2868-2914 (2011).

38. Grunewald, A. & Lankheet, M. J. Orthogonal motion after-effect illusion predicted by a model of cortical motion processing. Nature
384, 358-360 (1996).

39. Baddick, O. J. & Qian, N. The organization of global motion and transparency. In Motion Vision — Computational, neural and
ecological constraints. Zanker, J. M. & Zeil, J. Eds Springer, New-York, Pp 86-112 (2001).

40. Nishida, S. Advancement of motion psychophysics: a review 2001-2010. J Vis 11, 1-53 (2011).

41. Tlapale, E., Masson, G. S. & Kornprobst, P. Modelling the dynamics of motion integration with a new luminance-based diffusion
mechanisms. Vision Res 50, 1676-1692 (2010).

42. Rankin, ], Tlapale, E., Veltz, R., Faugeras, O. & Kornprobst, P. Bifurcation analysis applied to a model of motion integration with a
multistable stimulus. ] Comput Neurosci 34(1), 103-124 (2013).

43. Miller, K. D. Canonical computations of cerebral cortex. Curr Opin Neurobiol 37, 75-84 (2016).

44. Khawaja, F & Pack, C. C. Responses of MT neurons to type II plaid stimuli. J Vis 10, 932 (2010).

45. Pastukov, A. et al. Multi-stable perception balances stability and sensitivity. Frontiers Comput Neurosci 7, 1-18 (2013).

46. Moreno-Bote, R., Rinzel, J. & Rubin, N. Noise-induced alternations in an attractor network model of perceptual bistability. ]
Neurophysiol 98, 1125-1139 (2007).

47. Meso, A. L. et al. The relative contribution of noise and adaptation to competition during tri-stable motion perception. J Vis 16, 1-26 (2016).

48. Hupé, ].-M. & Pressnitzer, D. The initial phase of auditory and visual scene analysis. Phil Transac Roy Soc B 367, 942-953 (2012).

49. Micheyl, C. et al. Perceptual organization of tone sequences in the auditory cortex of awake macaques. Neuron 48, 139-148 (2005).

50. Recanzone, G. H. & Wurtz, R. H. Shift in smooth-pursuit initiation and MT and MST neural activity under different stimulus
conditions. ] Neurophysiol 82, 1710-1727 (1999).

51. Kumbhani, R. D., El-Shamayleh, Y. & Movshon, J. A. Temporal and spatial limits of pattern motion sensitivity in macaque MT
neurons. ] Neurophysiol 113, 1977-1988 (2015).

52. Jazayeri, M., Wallisch, P. & Movshon, J. A. Dynamics of macaque MT cell responses to grating triplets. ] Neurosci 32, 8242-8253 (2012).

53. Xue, M., Atallah, B. V. & Scanziani, M. Equalizing excitation-inhibition ratios across visual cortical neurons. Nature 511, 596-600 (2014).

54. Bressloff, P. Spatiotemporal dynamics of continuum neural fields. ] Physics A: Mathematical and Theoretical 45, 033001 (2012).

55. Touboul, J. Mean-field equations for stochastic firing-rate neural fields with delays: Derivation and noise-induced transitions.
Physica D: Nonlinear Phenomena 241, 1223-1244 (2012).

56. Kim, S. S., Rouault, H., Druckmann, S. & Jayaraman, V. Ring attractor dynamics in the Drosophilia central brain. Science 356,
849-853 (2017).

57. Patterson, C. A., Wissig, S. C. & Kohn, A. Adaptation disrupts motion integration in the primate dorsal stream. Neuron 81, 674-686 (2014).

Acknowledgements

GSM and AIM are supported by a grant from the Agence Nationale de la Recherche (SPEED, ANR-13-
SHS2-0006) and by the Centre National de la Recherche Scientifique. NVKM and PK were supported by the
European Union Seventh Framework Programme (FP7/2007-2013, grant agreement n° 318723, MATHEMACS).
JR was partially funded by a Swartz Foundation postdoc grant. Some results from this computational study have
been presented in international conferences (AREADNE and ICMNS 2016).

Author Contributions
All authors designed the study. N.V.K.M. and J.R. elaborated the ring model and ran the simulations. N.V.K.M.
and G.S.M. wrote the paper.

Additional Information
Supplementary information accompanies this paper at doi:10.1038/s41598-017-11373-z

Competing Interests: The authors declare that they have no competing interests.

Publisher's note: Springer Nature remains neutral with regard to jurisdictional claims in published maps and
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

& License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the Cre-
ative Commons license, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons license and your intended use is not per-
mitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from the
copyright holder. To view a copy of this license, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2017

SCIENTIFICREPORTS|7: 11270 | DOI:10.1038/541598-017-11373-z 15


http://dx.doi.org/10.1038/s41598-017-11373-z
http://creativecommons.org/licenses/by/4.0/

	Recurrent network dynamics reconciles visual motion segmentation and integration

	Results

	Network behavior. 
	Local recurrent interactions lead to prototypical tuning behaviors found in macaque area MT. 
	Fluctuations in component selection and population tuning reliability. 
	Temporal dynamics. 
	Predicting tuning behavior for different types of bidirectional motion inputs. 

	Discussion

	Recurrent interactions allow multiple behaviors from the same network. 
	Context dependence of recurrent interactions. 
	A functional consequence of network multi-stability?. 
	Recurrent models capture slow and fast temporal dynamics of sensory processing. 
	Limits of the recurrent model. 

	Conclusion

	Methods

	Model description. 
	Representation of visual stimuli using Iext. 
	Numerical study of the model. 
	Exploration of the connectivity space with . 
	Parameter regimes supporting transitions. 
	Population versus single unit tuning. 
	Parameter values, initial conditions and numerical computations. 


	Acknowledgements

	Figure 1 Ring model behavior and likelihood of convergence.
	Figure 2 Recurrent interactions lead to prototypical tuning behaviors found in MT.
	Figure 3 Tuning behavior changes with respect to the asymmetry in the input.
	Figure 4 Four examples of temporal evolution of MT tuning functions.
	Figure 5 Temporal tuning behavior.
	Figure 6 Responses properties change with input statistics.
	Table 1 Model parameters and simulation values.




