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ABSTRACT

A fundamental characteristic of human visual perception is the ability to group together
disparate elements in a scene and treat them as a single unit. The mechanisms by which humans
create such groupings remain unknown, but grouping seems to play an important role in a wide
variety of visual phenomena. I propose a neural model of grouping; through top-down control of
its circuits, the model implements a grouping strategy that involves both a connection strategy
(which elements to connect) and a selection strategy (spatiotemporal properties of a selection
signal that segments target elements to facilitate identification). With computer simulations I
explain how the circuits work and show how they can account for a wide variety of Gestalt
principles of perceptual grouping. Additionally, I extend the model so that it can simulate visual
search tasks. I show that when the model uses particular grouping strategies, simulated results
closely match empirical results from replication experiments of three visual search tasks. In these
experiments, perceptual grouping was induced by proximity and shape similarity (Palmer & Beck,
2007), by the spacing of irrelevant distractors and size similarity (Vickery, 2008), or by the
proximity of dots and the proximity and shape similarity of line figures (Trick & Enns, 1997).
Thus, I show that the model accounts for a variety of grouping effects and indicates which grouping

strategies were likely used to promote performance in three visual search tasks.
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INTRODUCTION

Spatially disconnected visual elements can appear to form a perceptual group, and much
effort over the last century investigated how groups form (Wagemans et al., 2012). For example,
Koéhler (1929) proposed that any observer who “looks passively” at Figure 1 will see two groups

of patches.

LI 4 ¢
» 1

Figure 1. A redrawing of Figure 1 in Ko6hler (1929, p.154).

The example was used to argue against the possibility that observers group elements when
they have previous experience of these elements behaving as a unit, e.g., we perceive a pencil as a
unit because it behaves as a single unit when we use it. Since an observer looking at the image has
not seen the left three patches behaving as a unit, Kohler argued that grouping was not learnt from
experience. As a member of the Gestalt School, Kohler proposed that these groupings can be
accounted for by some rule, e.g., grouping by proximity, that generalizes to other cases.

Kohler’s argument includes the following assumption: for a given stimulus, perceptual
groups are, in some sense, primitives. In other words, it is assumed that there is one way to group
the six patches, and everyone will perceive them as forming a group of three patches on the left
and another group of three patches on the right. A similar assumption is relied on for the
demonstrative examples throughout Wertheimer’s (1923/1950) seminal paper on perceptual
organization (Wertheimer did identify some possible roles of experience; for discussion see
Wagemans, 2018), and it continues to be presupposed in modern experimental work on grouping
(Palmer & Beck, 2007; Trick & Enns, 1997; Vickery, 2008) and in examples of grouping rules
given in textbooks (e.g., Palmer, 1999).

However, Kohler’s argument involves a subtle qualification: everyone who looks passively

at Figure 1 perceives two groups of patches. This statement does not rule out the possibility that
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perceived groups can be task-dependent, i.e., the way in which an observer groups stimulus
elements may depend on the particular task at hand. Other Gestalt psychologists were less flexible
about the role of experience in perceptual grouping, which was vigorously debated (Braly, 1933;
Gottschaldt, 1926/1950; Koffka, 1935/1963; Moore, 1930; Wertheimer, 1923/1950). For example,
experiments by Gottschaldt led him to conclude that experience has a negligible effect on
perceived organization, e.g., seeing a figure repeatedly has little impact on whether an observer
reports seeing this figure when it is embedded in a larger figure. His conclusion continued to be
contested through the 1950s (for overviews, see Bevan, 1961; Bevan & Zener, 1952). This issue
of whether past experience influences perceived groupings continues to be experimentally
investigated (e.g., Kimchi & Hadad, 2002; Vickery & Jiang, 2009; Zemel et al., 2002; for a review
see Peterson & Kimchi, 2013).

The present project explores the implications of rejecting the implicit assumption that for
a given stimulus there is only one way to group its elements. If this assumption is rejected, then
we are in a better position to investigate what grouping strategy(s) observers may use to promote
performance on a particular task and stimulus set. However, rejection of this assumption does not
entail ignoring or reducing the impact of bottom-up information from the stimulus. Indeed, for a
given stimulus, an observer may use bottom-up information about, e.g., size, proximity, shape, and
position, to group its elements in several possible ways. Moreover, it seems that such groupings
can be tuned to promote performance for a given task, e.g., if asked to find the pair of nearby
squares in a row of shapes, an observer may group the items by proximity and shape such as to
allow for easier selection and segmentation of the target pair. In effect, bottom-up information in
conjunction with top-down processes can be used to promote a perceived grouping of particular
elements in accord with a learned strategy for performing some task efficiently, e.g., finding a
target among distractors as quickly as possible.

The properties and mechanisms of the formation of perceptual groups have been rigorously
investigated (Elder & Goldberg, 2002; Thorisson, 1994; Wagemans et al., 2012), and low-level,
neuroscience-based algorithms have been proposed (Roelfsema, 2006; Roelfsema & Houtkamp,
2011; Ward & Chun, 2016). Although it is clear that the computations to form groups are
influenced by both bottom-up and top-down information (Vecera & Behrmann, 2001), accounts

of perceptual grouping tend not to integrate bottom-up and top-down processes in detail.
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This project aims to address these gaps, i.e., the lack of an account of grouping that both
integrates bottom-up and top-down information and the lack of an account of grouping strategies
given particular stimuli and tasks, by: (1) developing a computational model that both integrates
bottom-up and top-down processes and can run simulations of previous experiments investigating
grouping, (2) making predictions from the simulated results regarding, e.g., possible grouping
strategies that would augment or inhibit performance given the task and stimuli, (3) conducting
experiments on human participants to test these predictions, and, ultimately, (4) offering a
mechanistic explanation of such phenomena. Specifically, this project aims to study perceptual
grouping by modelling experiments that use visual search tasks.

This project focuses on visual search tasks, where an observer must locate a target item in
a static display, because such tasks have been used to investigate different aspects of perceptual
grouping (Wagemans et al., 2012). Additionally, under the approach to grouping explored here,
i.e., observers use learned grouping strategies that are dependent on the particular task and stimulus
set, apparently simple tasks and stimulus sets turn out to be more complex than was intended. For
example, prima facie one experiment simulated below only varies the proximity of stimulus
elements along a row. However, the optimal strategy appears to be more complex than just
grouping nearby target elements; in view of the model, an optimal grouping strategy seems to
depend upon proximity, shape, and total width of the row of elements. In turn, it is necessary to
conduct experiments that, e.g., control for width of the row of stimulus elements, in order to tease
apart different features that are, according to the model, likely to play a role in beneficial grouping
strategies.

The computational model used and developed in this project is the version of LAMINART
implemented in Francis et al. (2017). Francis et al. (2017) showed how a neural circuit for
grouping and segmentation explains several visual uncrowding effects. When a target vernier does
not group with flankers, the circuit can segment out the flankers and, thereby, free the target from
crowding effects. However, this model is limited in two ways that prevent it from being applied
to visual search tasks. First, whether elements in a scene formed a perceptual group was strictly
determined by fixed parameter values. In other words, if two stimulus objects were within a
particular distance apart and appropriately aligned, they would always group. Otherwise, they
would not group. Although this may be sufficient if we accept the assumption that there is only

one possible perceived grouping of the elements of a given stimulus, it lacks both the flexibility
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needed if there are alternative groupings and a top-down grouping control process. Second, the
model’s segmentation circuit was not designed to simulate the search process involved in visual
search tasks. This circuit has a selection signal, which, as explained further below, acts as an
attentional spotlight that falls on a particular area and selects stimulus elements that fall under it.
On each trial in the simulations conducted by Francis et al. (2017), each selection signal had a
fixed location for the duration of the trial. Although reasonable for vernier judgement tasks, this
segmentation circuit lacks the dynamic selection process characterizing visual search tasks.

In order to run simulations of experiments that investigate grouping, this project develops
modified grouping and selection circuits that address the two limitations of LAMINART
mentioned above. In particular, developing LAMINART’s selection process provides a way of
investigating segmentation strategies used in visual search tasks. Further, altering LAMINART’s
grouping and selection circuits to enable different possible groupings of visual elements allows
the model to simulate experiments that investigate grouping and to make testable predictions about
grouping strategies given a specific task and stimulus set. After introducing the model, describing
modifications made to it, and elaborating on what a task-dependent grouping strategy is, I apply
the model to three experiments designed to investigate grouping with a visual search task, namely
Experiment 1 of Palmer and Beck (2007), Experiment 2a of Vickery (2008), and Experiment 2 of
Trick and Enns (1997). Since these experiments used small sample sizes, I conducted replication
experiments of these studies to provide better estimates of performance. Similarities between the
results of the replication experiments and those of simulations when the model implements
particular grouping strategies suggest that human observers may be using similar grouping

strategies to promote performance on the tasks.
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PREVIOUS WORK: LAMINART

The LAMINART neural network model (Cao & Grossberg, 2005; Francis et al., 2017;
Grossberg & Raizada, 2000) consists of bottom-up circuits modelling areas of the human visual
cortex and novel grouping and segmentation circuits. Input to the model consists of black-and-
white images that could be shown to a participant (e.g., left panel of Figure 2, and top panels of
Figures 3 and 4). For each pixel in the image, a network of neurons is created with a layered
structure similar to that found in brain areas V1 and V2 (Figure 2, panel b2). Output of the model
is presented as an image (Figure 2, panel c), in which the color of each pixel indicates the spike
counts of orientation-tuned cells in the final layer of V1 or V2 at that location. A bright green pixel
indicates that the cell sensitive to horizontal edges at that location was firing rapidly, a red pixel
indicates vertically-tuned cell activity, blue indicates diagonally-tuned cell activity, and black
indicates that no neurons are firing at that pixel location.

The version of LAMINART in Francis et al. (2017) featured a grouping circuit and a novel
top-down segmentation mechanism. Following Grossberg and Mingolla (1985a, b), grouping
occurs in the model when illusory contours connect spatially separated elements, e.g., the four
flankers on either side of the vernier in Figure 3. The grouping circuit causes illusory contours to
form between two elements in a stimulus if their edges are of a particular alignment and distance
apart. In this context, the term “illusory contours” refers to the boundary signal in V2 that does
not correspond to bottom-up luminance signals from the stimulus. In other words, illusory
contours are contours in a V2 output image that do not reflect contours in the stimulus image.
These illusory contours are often amodal, meaning that an observer would be aware of them yet
not explicitly see them as producing a modal experience (e.g., color or brightness). Although
Grossberg’s illusory contours have been used to (at least partially) explain illusory contours
exemplified by the Kanizsa triangle, i.e., the well-defined luminance edges connecting the pac-
men that most observers report seeing in this illusion (Grossberg & Mingolla 1985b; Kogo et al.,
2010), Grossberg’s illusory contours refer to a particular pattern of model V2 cell activity and are
more general than the illusory contours experienced in typical visual illusions, e.g., nearby flankers
in Figure 3 may be perceived as grouped/connected even where there are no visible lines

connecting them.
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(a) Input: 7x7 (b1) Circuits (b2) Subset of (c)_Output: 8x8 pixel
pixel image Modeling V1 V1 Circuits image of orientation-
tuned cell activity

S <—LGN Input

Figure 2. Example of the bottom-up circuits created in LAMINART for the input of a white square line figure on a
black background (panel a). Panels b1 and b2 are visualizations of these circuits sandwiched between the input
image (bottom) and V1 output image (top). Each pixel in the input and output images is a grid cell. To provide a
sense of its complexity, panel bl shows the entire V1 network created for the input image shown in panel a. Panel
b2 shows only a subset of this network, i.e., the circuits created for three pixels of the input, with the layers labelled.
Panel c illustrates what the output represents: the spikes of orientation-tuned neurons in layer 2/3 of V1 (The output
is an 8x8 image because an extra row and column are added in the simulation to avoid edge effects). In panel c, the
cells elongated along the x-axis (y-axis) are sensitive to horizontal (vertical) edges. Note that this visualization of V1
is simplified: there are also cells tuned to diagonals at 45° and 135°, making the model have double the number of
V1 cells that are represented here.

0-50 ms 50-100 ms 100-150 ms  150-200 ms  200-250 ms

>
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Figure 3. Example of the top-down segmentation process for the stimulus in the top row. The selection signal is
represented by the translucent white circle in segmentation layer 0. Any boundaries directly under the selection
signal or connected to boundaries under the selection signal are segmented out of layer 0. The sum of the activity
over 50 milliseconds in each layer is represented in each non-stimulus image.
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The segmentation mechanism uses a selection signal and segmentation layers (Figure 3) to
perform a kind of figure-ground processing.

The selection signal is represented by the gray circle in segmentation layer 0. The
segmentation mechanism segments V2 output into different layers depending upon the location of
the selection signal. In effect, a selection signal acts as an attentional spotlight with location-based
and object-based features: if an element in the stimulus falls under the selection signal or is
connected to an element that falls under the selection signal, then over time the element is
segmented out and put into a different layer, e.g., the left flankers connected by horizontal illusory

contours in Figure 3.

Proposed Developments

Conceptual Shift

This project further develops the model of Francis et al. (2017). These model
developments are outlined in the next subsection. However, this project involves a conceptual
shift that includes a change in terminology for clarificatory purposes. Francis et al. (2017)
proposed that illusory contours group stimulus elements, and that these groups of elements could
be segmented out by a selection signal. So, in their model there are two mechanisms: one that
creates groups via illusory contours, and the other that allows for the selection and segmentation
of these groups.

Rather than assuming that the illusory contour mechanism alone explains grouping, I
propose that grouping involves both of these mechanisms, namely a connection mechanism that
can join stimulus elements together via illusory contours, and a selection mechanism that selects
and segments out stimulus elements. This proposition is motivated by the possibility of multiple
stimulus elements not being joined by illusory contours yet being selected and segmented, e.g.,

Figure 4.
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Figure 4. An example where a selection signal segments multiple unconnected stimulus elements
and seems to thereby group the two far right lines.
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In this example, two unconnected flankers happen to fall under the selection signal and,
thus, are segmented out and isolated from the other elements. With such selection and isolation,
it seems reasonable to conclude that these two flankers form a group, which suggests that separate
stimulus elements can be grouped by a segmentation process and that connections between
stimulus elements are not necessary for groupings of nearby elements. Thus, the segmentation
process alone can result in groupings of elements.

So, for the sake of clarity, I will henceforth refer to illusory contours as ‘V2 connections’
or simply as ‘connections’ (depending on the context) and the circuit called ‘the grouping circuit’
above as ‘the connection circuit’. This is because I propose that this circuit is only a part of a
grouping circuit that includes both the connection circuit and the selection circuit. In turn, this
project explores the relations between the connection mechanism (i.e., the grouping mechanism of
Francis et al., 2017) and the selection mechanism, both of which are subject to top-down control,
and the roles they play in perceptual grouping. I contend that, given a particular stimulus set and
task, an observer uses a grouping strategy, which is constituted by a connection strategy, i.e., a
particular way of joining stimulus elements by V2 connections, and a selection strategy, which

involves determining where and when to place selection signals.
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Overview of Model Development

In this project I develop the model of Francis et al. (2017) in two fundamental ways.

First, (1) I introduce a trial-wise dynamic selection process that enables the model to
impose a real-time search strategy for visual search tasks. (1) is necessary in order to simulate
tasks that require scanning a display for a target. To simulate experiments with vernier
discrimination tasks, the simulations in Francis et al. (2017) used a single pair of selection signals
on each trial. Each selection remained fixed in one position for the entire trial. They used pilot
simulations to determine the best pixel coordinates at which to place the center of each selection
signal, and noise was added to each pair of coordinates. In contrast, visual search tasks involve a
more dynamic and strategic selection process. Thus, modification of the segmentation circuit is
required.

Second, (2) I introduce top-down control over parameter values that determine whether
stimulus elements connect. The connection circuit introduced in Francis et al. (2017) only allows
elements that are within a certain distance and alignment to connect, which is too rigid to allow
for alternative connections of a particular set of elements in a scene. To motivate the need for this

kind of circuit, consider the row of squares in Figure 5.

Figure 5. An example to illustrate multiple ways in which the elements of a single image may be
grouped.

There are a number of ways that an observer may perceive the squares as forming groups,
e.g., as three pairs of nearby squares, a group of four squares on the left and a pair on the right; a
single group of six squares; or, they may be regarded as six individual squares. A fixed set of
receptive field parameters in the Francis et al. (2017) connection circuit only allows for one of
these grouping options. In turn, the top-down control is necessary to allow the model to flexibly
capture different ways in which an observer may use, e.g., shape, size and proximity, to group the

elements of a given stimulus.
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As indicated in the introduction, the approach taken here is to reject the assumption that
there is only one way in which an observer groups the elements of a given stimulus. So, to explore
the implications of rejecting this assumption, the model must be flexible enough to connect
stimulus elements in a number of different ways. Additionally, I propose that an observer uses a
grouping strategy to group stimulus elements to promote performance on a particular task and

given stimulus set. For example, consider the row of shapes in Figure 6.

Figure 6. An example to motivate the claim that groupings can be task-dependent.

Suppose the task is to count the number of elements that are in the row. In this example,
there are seven shapes. Some researchers have argued that one way to speed up performance on
this task is to group nearby elements and add up the elements in each group (Starkey & McCandliss,
2014; van Oeffelen & Vos, 1982). Recall that I propose that a grouping strategy consists of a
connection strategy and a selection strategy. One connection strategy that would promote
performance on this task is to connect the three squares on the left and connect the four shapes on
the right. These connections will allow the observer to more quickly select and segment out the
shapes that are to be counted, add up the elements in each group and, thereby, count the shapes
faster. If, in contrast, the task is to count the number of squares only, this connection strategy
would be detrimental to performance since it would cause the distractor circles to be selected along
with the target squares on the right. Instead, it seems likely that an observer would adopt a different
connection strategy, e.g., group by proximity and shape so that only nearby squares are connected.
In turn, the model must have the flexibility to promote different connections among stimulus
elements, and the model should incorporate a connection circuit that is subject to top-down control

in order to simulate the top-down control of observers over which groupings are perceived.
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MODEL SUMMARY AND BOTTOM-UP CIRCUITS

Model Summary

In this project, I developed the LAMINART model such that it can be used to run
simulations of existent experiments that use visual search tasks to investigate perceptual grouping.
The main modifications necessary to simulate such experiments are provided in the next two
chapters. Additionally, the bottom-up circuits are presented in the next section because they have
been modified from those presented in Francis et al. (2017) mainly to simplify the network. But,
before getting into the details of the model, consider the Circuit Overview in Figure 7 to get a

sense of the structure and operations of the main components.

Top-down connection control Top-down selection control
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Figure 7. A schematic overview of each component of the model.

Starting at the bottom left and working upwards, LGN input, which represents brightness
and darkness information from the input stimulus image indexed by each pixel coordinate, is fed
in through an oriented convolutional filter to V1, which consists of two layers: layer 4 and layer
2/3. The activity of V1, layer 2/3, passes to V2, which also consists of two layers. V1 and V2
comprise the bottom-up circuit of the model.

The green Connection Circuit in Figure 7 consists of three modules: Spread Controller,
Long Controller, and Short Controller. The latter two modules use activity from V2, layer 4, plus

an observer-specified input current, to prevent the spread of long or short connections in V2, layer
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2/3, while the former encourages the spread of these connections for a specified time. I propose
that an observer on a given task with a particular set of stimuli can learn to tune the parameters of
each module, i.e., the onset and duration of the Spread Controller and input current into the Short
and Long Controllers, such as to group particular stimulus elements via V2 connections in a way
that allows them to efficiently perform the task. This ability of an observer to tune these parameters
is what is labelled as ‘Top-down connection control’ in Figure 7.

V2, layer 2/3, feeds into the blue Selection Circuit consisting of segmentation layers and
the Boundary Segmentation Circuit. This circuit models the ability of an observer to strategically
search for a target using particular features of the target, e.g., if the target is a diamond and the
distractors are squares, an observer may use diagonal signals to guide placement of the selection
signals. The location of these selection signals is fed into the Boundary Segmentation Circuit.
The Boundary Segmentation Circuit functions to separate boundary signals in segmentation layer
0, which is essentially the output from V2, layer 2/3, that either falls under the selection signal or
is connected to boundaries that fall under the selection signal, into another segmentation layer, as
exemplified in Figure 3 above.

Finally, each segmentation layer feeds into a V4 layer. In each V4 layer, activity represents
the results of a filling-in process and the resulting segmentation that occurs via surfaces. Since I
did not develop these circuits, I do not describe the V4 circuits (for more details, see the surface
segmentation process explained in Francis et al., 2017). However, I use the signal in V4 layers to
determine whether a target has been selected or not using a simple algorithm tailored to the targets
in each experiment.

To ensure biological plausibility, I developed and simulated the model within the NEST
2.14.0 simulator program (Gewaltig & Diesmann, 2007; Peyser et al., 2017), which provides
models of various neurons and synapses and a framework to simulate networks constructed by
these elements. All of my simulations used leaky integrate-and-fire neurons with alpha-function
shaped synaptic currents and static synapses with manually set weights. Inputs to the network were
provided by simulated direct current within the NEST program. Grossberg and Raizada (2000)
previously provided links to known neurophysiology for much of the bottom-up circuit, so I do
not repeat that discussion here. As detailed in the next section, the bottom-up circuit is simpler
than the version described in Grossberg and Raizada (2000) and Raizada and Grossberg (2001).

So, many of their links should apply here as well. The proposed top-down control circuits are novel,
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and I am not aware of neurophysiological investigations that reveal these precise circuits. However,
there is overwhelming neurophysiological evidence (at least in mice) that top-down control
influences local circuits for visual perception (Zhang et al., 2014) and modulates figure-ground

perception (Kirchberger et al., 2021).

Bottom-Up Circuits

The V1 and V2 circuits used in this model are simplified versions of the circuits used in
Francis et al. (2017), which are based on earlier work that modelled the computations performed
by components of the human visual cortex (Raizada & Grossberg, 2001). Unlike the circuits of
Francis et al. (2017), the current circuits lack cells representing layer 6, feedback connections from
layer 2/3 cells to layer 6 cells, and pooling neurons in V2, layer 2/3. These pooling neurons have
been replaced by more synapses between nearby cells and by locally defined weights between each
V2, layer 2/3 cell and its immediate neighbors, which will be explained in more detail below.

V2 detects edges and connections, and the output of its bipole cells, i.e., cells at V2, layer
2/3, represents edges at particular retinotopic locations. To explain how this circuit operates, I first
present the structure of the circuit created for a single pixel location where competition occurs
between cells tuned to opposite orientations, which highlights the functions of intra-position
synapses. Then, I explain how these cells are connected to cells tuned to the same orientation at
neighboring V1/V2 circuits, highlighting the functions of inter-position synapses.

Consider the V1/V2 circuit created for one pixel in a network that only has cells tuned to
horizontal and vertical edges. This circuit is depicted in Figure 8, left column, where horizontally-
tuned cells are represented by ovals elongated along the x-axis and vertically-tuned cells by ovals
extended along the y-axis. This is a dipole circuit (Grossberg, 1980) in which the activity in V2,
layer 4, is the result of competition between V1 complex cells (i.e., cells in V1, layer 2/3) that are
tuned to edges of opposite orientations. So, for example, if the input is a horizontal edge, the
corresponding horizontally-tuned V1 complex cell will have more activation than the vertically-
tuned V1 complex cell. In turn, the vertically-tuned V2, layer 4 cell becomes inhibited while the

horizontally-tuned V2, layer 4, cell will be quite active.
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Figure 8. A schematization of the circuits representing V1 and V2. Left column: This illustrates cells and the
synapses between them that are created for one pixel i in the input image. Here, there are cells tuned to two
orientations, with the cells tuned to horizontal contours represented by the ovals elongated along the x-axis, and cells
sensitive to vertical contours represented by ovals elongated along the y-axis. Right column: This shows the
synapses that are between horizontally-tuned cells and their immediate neighbors, i.e., the bottom-up circuits created
for neighboring pixels in the image. Excitatory synapses are represented by arrows, while an inhibitory connection is
represented by a dashed line with a square head.

Next, consider the synapses between this circuit and neighboring cells. Figure 8, right
column shows connections between this circuit (located at position i) and neighboring circuits
(located at positions i-/ and i+/) for horizontally-tuned cells. The inhibitory synapses from the
neighboring V1 simple cells (i.e., cells in V1, layer 4) to the V1 complex cell corresponding to the
pixel at location i induces spatial inhibition within orientation. This functions to clean up edges
and promote end-cutting. For example, if there is a rather weak input into the horizontally-tuned
simple cell at location i but a strong input into the horizontally-tuned simple cell at location i-/
and/or i+/, they will inhibit the horizontally-tuned cell at i in V1, layer 2/3 and, thus, promote a
clean edge or gap at location i.

After the activity of V1 complex cells is pruned, they feed into the V2, layer 4, cells, which
feed into the V2 bipole cells (i.e., the cells depicted as ovals or circles with white fill in V2, layer
2/3). The interneurons (i.e., the cells depicted as gray filled circles in Figure 8) and bipole cells

32



neighboring the V2 bipole cell at position i are connected by synapses. The interneurons play a
key role in the model due to their two interrelated functions. First, the interneurons prevent
runaway spread. Figure 9 provides an illustration of this process given a simple stimulus with two

squares.

With Without
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Figure 9. A demonstration of how the interneurons prevent runaway spread. The three green
boxes on each stimulus image corresponds to three pixels, and the circuit diagrams for V2
horizontally-tuned cells are shown to their right.
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Figure 9 shows V2, layer 4, cell activity (middle row) and bipole cell activity (top row)
from two simulations with the same stimulus image (bottom row). To simplify the example, the
simulations were run with only cells sensitive to horizontal and vertical edges. The left column
illustrates how the intact bottom-up circuits of the model (i.e., when the model includes
interneurons) operate, while the right column depicts what happens when the interneurons are
removed and the model is run with the same stimulus. V2, layer 4, cell activity is the same, but
the V2 bipole cell output in the top row is different because, without the interneurons, the activity
from every cell spreads to neighboring cells tuned to the same orientation via lateral connections
between them. The right circuit diagram provides an example of this behavior. To explain this
example, I must first present how these circuit diagrams relate to the stimulus image and V2 output.
Due to the pruning of the V1 complex cells described earlier, there is little horizontal or vertical
signal for cells corresponding to the corners of the squares. In turn, there is no signal propagated
to V2, layer 4, cells at the corners. The circuit diagrams show the activation of the layer 4 and

bipole cells in V2 for two pixels of the top edge of the right square plus a cell to the right of the
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square, indicated by the three green boxes. In Figure 9, the color of the horizontally-tuned cells
indicates its activation, where black indicates no activation and bright green indicates that the
horizontally-tuned cell at that location is firing rapidly. In the circuit diagram on the right of Figure
9, although the V2 bipole cell at the corner position has no input from its V2 simple cell, it becomes
active due to the lateral connection between it and the V2 bipole cell on the right. The net effect
of this unchecked V2 bipole cell activity is the extended horizontal activation across each row
where there is an active horizontally-tuned bipole V2 cell. To explain how the interneurons
prevent this runaway spread of activation and to explain the circuit diagram on the left of Figure
9, it is necessary to explain the second key function of the interneurons.

Their second function is to form an AND-gate, which is established by how interneurons

and V2 bipole cells are connected by synapses. This is illustrated by Figure 10.
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Figure 10. An example to illustrate the AND-gate function of interneurons. The input image
consists of three white squares on a black background. Each of the squares has a pixel-wide gap
along the top edge. The three green squares on each white square indicate which pixel locations

hat the circuits on the right correspond to.
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Figure 10, left column, provides output from the model given a stimulus consisting of three
squares. Square a has a gap in the center of its top edge, and the corresponding V2 simple cell
output image also has a gap, i.e., although the vertically-tuned cells in the gap are firing a bit, there
is little to no horizontal signal. However, the corresponding V2 bipole cell output indicates that
the horizontal cells at the gap location are active. The left-most circuit diagram provides an

idealization of how the AND-gate function of the interneurons facilitates this behavior: if both of



the neighboring V2 bipole cells are similarly active, then both interneurons will be inhibited and,
thus, the interneurons do not inhibit the bipole cell at the gap location. Thus, the gap is bridged
by horizontal activity in this case.

Squares b and c provide cases in which the interneuron AND-gate greatly reduces or shuts
down activity of V2 bipole cells. Unlike the example in Figure 9 above, the V2 simple cell activity
in the corners and gaps is not entirely negligible when gaps are added to the squares. To simplify
this illustration of the properties of the interneurons, suppose that the corners have weak but non-
negligible horizontal V2 simple cell activity, which is represented in the Figure 10 circuit diagrams
by the dark green fill, while the gaps have no activity. The middle circuit diagram illustrates cell
activity for three pixels at the top of square b: a pixel to the left of the gap, the gap, and the pixel
corresponding to the top right corner of square b. The right-most circuit diagram illustrates cell
activity for three pixels at the top of square c: a pixel to the left of the gap, the gap (which was
created by removing the pixel at the top right corner of the square), and a pixel to the right of the
square corresponding to the background. In both of these cases, one of the neighboring bipole
cells, i.e., the left V2 horizontally-tuned bipole cell, is much more active than the other. In turn,
the interneuron on the left that it feeds into it will be excited and, thus, strongly inhibit the bipole
cell at the gap. These examples illustrate that if the V2 bipole cell activity to the left and right of
the gap are not similar in strength, the interneuron AND-gate will greatly reduce or eliminate the
activation of the V2 bipole cell corresponding to the position of the gap.

So, given the bottom-up circuit presented thus far, neighboring cells must both be active
and have around the same strength of activation for V2 bipole cell activity to spread across
neighboring cells. Otherwise, the interneuron AND-gate will prevent the spread of activity to
neighboring cells that are tuned to the same orientation. Returning back to Figure 9, the left circuit
diagram (which is quite similar to square c), it is the AND-gate function of interneurons that
prevents the runaway spread of V2 bipole cell activity: the strong activation of the left interneuron
from the left V2 horizontally-tuned bipole cell causes the interneuron to strongly inhibit the V2
bipole cell at the corner. In turn, this strong inhibition offsets any activation sent from the left
bipole cell to the bipole cell at the corner.

Although somewhat simplified, this circuit functions very similarly to the bottom-up
circuits of Francis et al. (2017). However, in the version used here, the dedicated long-range

pooling cells of the Francis et al. version have been replaced by: locally defined weights, and
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interneurons and V2 bipole cells that now effectively pool input from neighboring V2 bipole cells
as a function of a parameter for grouping speed. For example, when grouping speed is set to 1,
which is schematically depicted in Figure 11, bipole cells at i-/ and i-2 both have excitatory
feedforward connections to the left interneuron, inhibitory feedforward connections to the right
interneuron, and bidirectional excitatory connections to the bipole cell at location i.

At higher grouping speed values, the number of pooled neighboring neurons is higher, but
the same basic synapses are used, i.e., bidirectional lateral synapses from the central cell to its
neighbors (brown arrows, Figure 11), an excitatory synapse from each neighboring bipole cell to
one of the interneurons (magenta arrows, Figure 11), and an inhibitory synapse from each
neighboring bipole cell to the other interneuron (blue synapses, Figure 11). Note, however, that
this parameter is not considered to be subject to top-down control. Rather, it is regarded as set by

the neural architecture and, in each simulation below, its value was fixed.
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Figure 11. In the current version of the model, the dedicated pooling cells of the 2017 version
have been replaced with grouping speed, which involves more synapses between nearby V2
bipole cells. Colors are used here to highlight the different synapse types that are added for each
neighboring cell that is involved, the number of which is a function of grouping speed.
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TOP-DOWN CIRCUITS I: THE CONNECTION CIRCUIT

To introduce top-down control of V2 connections into the model, we created a connection
circuit with three component circuits: Spread Controller, Long Controller, and Short Controller
(see Figure 12 for an overview, but each component will be presented and explained in detail
below). These circuits allow for top-down control of the range of V2 connections by adjusting
two timing parameters, which allows boundary signals to spread, and two size parameters, which
prevent the spread of either long or short boundaries. A version of the Spread Controller Circuit
was originally implemented by Francis and Bornet (2019). (Although the structure of this version
is the same in the present model, I modified some weights and filters due to its interaction with the
other components of the connection circuit.) I implemented the Long and Short Controller circuits.

In the next two sections, I present each component of the Connection Circuit in turn.

Spread Controller Circuit

Spread is encouraged by the Spread Controller Circuit, shown in green in Figure 13. Top-
down control of the Spread Controller cell consists of tuning two timing parameters: the onset of
top-down input, and the duration of this input. To introduce this circuit, I initially focus on the
impact of top-down control duration on connection formation. Onset is here fixed at 0 milliseconds
(ms), i.e., top-down control begins at the same time as stimulus onset. Later in this section I explain
how varying the onset can impact connection formation.

When the Spread Controller cell is excited, it inhibits the interneurons and thereby allows
for uninhibited spread of activity among bipole cells. When the Spread Controller is no longer
active the interneurons return to their default function, i.e., they halt the spreading of connections
and, eventually, eliminate any created connections that have not formed a closed set.

To understand the dynamics of the circuit, consider its behavior in Figure 14.
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Figure 12. A schematized depiction of the entire Connection Circuit. As explained below, though, this is simplified
for the sake of clarity: the Short Control Accumulator cell pools input from all V2, layer 4, cells tuned to the same
orientation that are in positions i£5 relative to the position of the simple cell at i. Similarly, the Long Control
Accumulator cell pools activity from simple cells at positions i+24. Each arrow from “Top-down connection
control” represents the value of the connection parameters, i.e., onset and duration of the Spread Controller and a
constant non-negative current into the Short and Long Controllers. The remainder of the arrows represent synapses:
excitatory synapses are represented by arrows with triangular heads, while an inhibitory connection is represented

by a dashed line with a square head. Color of synapses and cells indicate that they constitute a particular module of
the Connection Circuit.
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Top-down Connection Control
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Figure 13. Horizontally-tuned V2 cells (ovals) and interneurons (gray circles) with the Spread Controller Circuit
(green). The Spread Controller Circuit allows for top-down control of the spread of connections between bipole cells
via the inhibition of the interneurons for a particular period of time. The longer the interneurons are inhibited by the

Spread Controller cell, the farther the signal from active bipole cells can spread.
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Figure 14. An illustration of the temporal dynamics of connections for a simulation where the Spread Controller cell
is excited for a duration of 80 ms with onset at 0 ms. Each image shows the activity of V2 bipole cells for a 50 ms
interval, e.g., the first image represents activity from the time period 50-100 ms after stimulus onset.
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Here, the stimulus is the set of squares from Figure 5. Top-down control is imposed for a
duration of 80 milliseconds (ms) beginning at the appearance of the stimulus. Because it takes time
for neurons to respond to changes in stimulation (in particular for the interneurons in Figure 13 to
recover from the inhibition provided by the top-down control), connections are able to spread for
around 200 ms. With these parameters, the horizontal bipole cells aligned with the top and bottom
edges of the four leftmost squares connect and so do the two rightmost squares. However, not
enough time has elapsed for the two groups to connect. Once the effects of top-down control have
dissipated, the interneurons start to block spreading of signals. This is due to the interneurons
resuming their AND-gate function described above: asymmetric contours are inhibited, and
symmetric contours are maintained. In more detail, wherever there is sufficient imbalance between
the inputs to the left and right interneurons of a given bipole cell, one of the interneurons will be
activated and will inhibit its associated bipole cell. In essence, this means that the end of a line of
connections erodes back to wherever there is bottom-up stimulation (Francis et al., 1994). This
erosion can be seen in Figure 14 by observing how the green (horizontal) connections on the far
right shrink back to the edges of the rightmost square. In contrast, connections that link stimulus
driven edges remain active because each adjacent bipole cell along a connection provides nearly
equivalent excitation and inhibition to each interneuron, so the interneurons hardly inhibit their
bipole. For example, the connections between the middle two squares on the left remain active.

Figure 15 shows equilibrium results, i.e., the contours that are maintained after the system
settles down, from four simulations, each with a different duration of top-down control excitation

of the Spread Controller cell.
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Figure 15. Altering the duration of excitation to the Spread Controller cell produces different connections between
the detected edges for this stimulus. For each simulation, onset of top-down control excitation is at onset of the
stimulus, i.e., at 0 ms. Here each image shows bipole cell activity summed over 50 ms at 1700 ms after stimulus

onset. Each of these simulations was run for 1700 ms (model time) because this was the time at which the simulation
with the longest Spread Controller duration (220 ms) settled down in to an equilibrium state.

42



For a 0 ms duration, there is no top-down control at all, and no connections form between
the elements; the only boundaries are those generated by the stimulus edges. In this case, no
inhibitory signal is sent to the interneurons, which results in V2, layer 2/3, operating as described
in the previous section: V2 connections do not spread because they are kept in check by excitatory
input from neighboring bipole cells to the interneurons. For a positive duration, the connections
spread unchecked for a period of time before the interneurons resume their AND-gate function.
The longer this duration, the farther the connections can spread. For a duration of 15 ms, each
square connects to its nearest neighbor. For a duration of 80 ms, connections form among the four
leftmost squares and between the two rightmost squares. For 220 ms, all six squares connect with
each other. Thus, by altering a single timing parameter, the Spread Controller Circuit in Figure 13
allows for flexible groupings that emulate how observers can perceive Figure 5 in different ways.

So far we have seen how stimulus elements can be linked using horizontal connections.
The Spread Controller Circuit is orientation specific, i.e., it can encourage the spread of active
bipole cells that are tuned to a specific orientation independently of active bipole cells with
different preferred orientations. Figure 16 shows the connections resulting in five simulations
where top-down control duration was varied for horizontal and vertical orientations.

With different combinations of durations for these orientations, the circuit can promote a
wide variety of connections.

Recall that the Spread Controller Circuit is influenced by two top-down control parameters:
duration and onset. So far in this discussion, onset has been kept fixed at 0 ms. Depending on the
stimulus, varying Spread Controller onset may or may not alter what connection patterns are
possible. For some stimuli, shifting the onset of the top-down control excitation to the Spread
Controller cell can produce the same set of connections provided that the excitation duration is
also changed. For example, Figure 17 shows that different connections can be formed among pairs

of horizontal and vertical lines.
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Figure 16. Demonstration that the spread of V2 connections is orientation specific and, additionally, that each
orientation has its own duration of top-down control. The images show bipole cell activity summed over 50 ms at
700 ms after stimulus onset. The top-down control excitation began at stimulus onset, i.e., at 0 ms.
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Figure 17. An example of how different combinations of onset and duration of the top-down
control excitation can produce the same patterns of connections. Each image shows bipole
activity summed over 50 ms from 700-750 ms after stimulus onset.

The same connections can be produced with an early onset of Spread Control excitation (0
ms, stimulus onset) or with later onset of Spread Control excitation (25 ms after stimulus onset).
To produce equivalent connections, the later onset requires a shorter duration of Spread Control
excitation. This is because it takes time for activity to propagate through the system after the
stimulus is shown and, in turn, bipole cell activity is relatively weak during the first 50 ms of
stimulation. Due to this initially weak bipole signal, a longer duration of Spread Control input is
needed to produce the same connections when control input onset is at 0 ms compared to a
simulation where input onset occurs after stimulus onset.

For other stimuli, a different onset will sometimes produce different connection

possibilities. For example, consider the stimulus consisting of equidistant shapes in Figure 18.
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Figure 18. An example of how varying the onset of the top-down control duration can produce
different patterns of connections. The images in row 4 have different connection patterns. Each
image shows bipole cell activity summed over 700-750 ms after stimulus onset.

Each column shows the possible connections for a particular Spread Controller onset.
Compare the images in each row. The connections in all but the fourth row are identical, which is
similar to the results in Figure 17, where different combinations of onset and duration produce the
same connections. In row 4 of Figure 18, the left image has connections between the square and
circle, while the right image does not. Moreover, the left image lacks connections between the H
and X, while there are such connections in the right image. In fact, there is no duration with onset
at 0 ms that produces the connections shown in row 4 of the right column, and similarly for an
onset of 25 ms and the connections in row 4 of the left column. This is due to the boundary signal
being relatively weak at the beginning of a simulation. The single pixel horizontal edge of the H
top/bottom is quite weak for a longer period of time than the top/bottom of the circle. Thus, a
longer top-down control duration is required to connect the (weak) H and X (e.g., Figure 18,
column 1, row 5), but this long duration also causes the top and bottom of the (strong) circle to
connect with the squares. In contrast, with a 25 ms onset of the Spread Controller, the horizontal
top/bottom of the H is strong enough to spread to the X before the top/bottom of the circle spreads

to the square (because the connections from the circle must travel a longer distance). Thus, with a
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0 ms onset, the relative strength of the circle signal allows it to overcome the handicap imposed
by distance since here the H top/bottom is handicapped by being very weak. Similarly, differences
in the activity of neurons near stimulus onset compared to later in the simulations explain why
settings with the same top-down control duration but different onset do not produce identical
connections. For later onsets, even with different durations, the circuits would produce nearly
identical connection patterns.

Figure 19 contains parameter maps that demonstrate the abilities and limitations of the

Spread Controller for the images shown at the top of each map.
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Figure 19. Parameter maps describe the possible connection patterns for a small image of squares
and circles (left) and H’s and X’s (right). A simulation was conducted for each pair of duration
and onset plotted here, where duration and onset values ranged from 0 to 60 ms in increments of
1 ms.

Each parameter map was created by running a simulation for each pair of values in the map.
For the Figure 19 maps, the values for onsets and durations ranged from 0 to 60 ms in increments
of 1 ms. Each simulation was run for 750 ms because the system reached an equilibrium state by
this time. I identified sets of parameter values that produced the same connection pattern and used
these to produce the parameter maps. Simulations for all parameter maps were run in parallel on
three systems: a virtual machine running Ubuntu 20.04.2 (24 cores, 60 GB RAM) on XSEDE
Jetstream (Stewart et al., 2015; Towns et al., 2014), a 2021 M1 Max MacBook Pro (10 cores, 64
GB RAM), and a 2019 Intel MacBook Pro (8 cores, 32 GB RAM). Checks of the different

computing systems indicate that they give the same results. All simulations were programmed
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using Python scripts with the package NEST 2.14.0 (Peyser et al., 2017) for creating the cells and
synapses and for managing network dynamics.

Each pixel in a parameter map corresponds to a pair of onset and duration values. The color
of a pixel indicates the resulting connections produced by these parameter values, and the image
on/near each colored area shows the resulting bipole activity (700-750 ms after stimulus onset)
and connection pattern at equilibrium. Consider the parameter map on the left. Consistent with the
description of the Spread Controller, when Spread Controller duration is small, no elements
connect with any other element (the black region on the bottom of the parameter map), regardless
of the Spread Controller onset. When the Spread Controller duration is long (the red and green
regions), every element connects with its nearest neighbor (in slightly different ways for the red
and green regions, respectively). The other colored regions indicate parameter pairs that produce
slightly different connections involving how the elements connect (or not) with each other.

These Spread Controller parameters play a similar role in the connection patterns for the
stimulus image on the right of Figure 19. With a short Spread Controller duration, elements do not
connect with each other (black region on the bottom of the parameter map). With a long Spread
Controller duration all elements connect with their neighbors (burgundy, dark blue, purple, light
purple, cyan, and magenta regions) in different ways. A discussed above, delayed onset of the
Spread Controller signal promotes more connections even for short Spread Controller durations
(as indicated by the negatively sloped boundary between different colored regions). The other
colored regions (intermediate Spread Controller durations) indicate connection patterns where
some elements do not connect with their neighbors.

At least for these stimuli, a given connection pattern is generally produced by a relatively
large set of similar Spread Controller parameter values. This property suggests that such
connections are not “fragile” and that top-down control could reasonably be defined, even with
some noise, in such a way as to promote a desired set of connections. However, there are a few
esoteric connection patterns, such as the pattern corresponding to the brown pixels near the lower
right of the H’s and X’s parameter map, that should be difficult to produce because they depend
on a precise set of parameters.

Unsurprisingly, the Spread Controller seems to implement the Gestalt principle of grouping
by proximity, where “close” elements are defined in various ways by the onset and duration of the

Spread Controller, e.g., it can form groups based on proximity for the row of squares in Figure 15.
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However, the variability provided by this circuit is not enough to account for how humans seem
to group some sets of visual elements. In the example stimulus in Figure 17, manipulation of the
Spread Controller cannot lead to “grouping by orientation,” where there are connections only
between lines of the same orientation, with no connections between any horizontal and vertical
lines. The problem is that horizontal Spread Controller durations that allow connections to form
between the tops/bottoms of the vertical lines on the left also lead to connections between the upper
horizontal lines with the top of the rightmost vertical line. The stimulus in Figure 18 provides
another example of how the Spread Controller Circuit is insufficient to capture some perceived
groupings, e.g., connect only each pair of same-shaped elements. This ability is oftentimes labeled
an instance of the Gestalt “similarity principle.” Proximity control afforded by the Spread
Controller Circuit does not support such an ability for this stimulus because there seems to be no
top-down Spread Controller onset and duration that leads to connections only between same-
shaped pairs.

To deal with these kinds of limitations, I speculate that there are two additional circuits: a
Long Controller and a Short Controller. For particular kinds of elements, they each reduce the
spread of connections induced by the Spread Controller and, in turn, can be used to control which
elements connect. I describe both of these connection circuits below and then explain how all three

circuits work together to support different kinds of connection patterns.

Long and Short Controllers Overview

To provide even greater flexibility in the formation and control of connections between
elements, I introduce two additional circuits that reduce the contribution to connections of bottom-
up edges of specified lengths. Both of these circuits interact with the Spread Controller by exciting
the interneurons that shut down connection formation. For the Long Controller, such excitation
prevents boundaries of “sufficiently long” edges from spreading connections while allowing
boundaries of shorter edges to spread. For the Short Controller, such excitation prevents
boundaries of “sufficiently short” edges from spreading while allowing boundaries of longer edges
to spread. In each circuit, the term “sufficiently” is established by the strength of top-down control
input. Like the Spread Controller, the Long and Short Controllers are both orientation specific.

Typically, the top-down input for the Long or Short Controller is set to a fixed value for

the duration of a stimulus, making the Short and Long Controller Circuits active for an entire
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simulation. However, the impact of these circuits depends on the timing of the Spread Controller,
because neither the Long nor Short Controller has much influence when the Spread Controller
fully inhibits the interneurons (then connections spread from edges of all lengths). Thus, the Long
and Short Controllers typically influence the formation of connections by affecting the
interneurons before and shortly after onset and after offset of top-down excitation to the Spread
Controller. If Spread Controller onset occurs with stimulus onset, the Long and Short Controllers
typically influence connection formation only after Spread Controller offset, which, as is discussed

in the next two subsections, can alter what set of connections form.

Long Controller Circuit

The Long Controller prevents a long edge (consisting of many pixels) in a stimulus from
generating the outward spread of connections. Figure 20 shows how the Long Controller integrates
into the connection circuit described in Figure 13.

The new components are emphasized with thick lines and orange color. A Long Control
Accumulator at each pixel for each orientation has a large receptive field that gathers inputs from
many oriented cells along the direction of the preferred orientation. The size of the large receptive
field only needs to be big enough to cover long enough edges. The simulations shown here
accumulated inputs from a receptive field of plus/minus 24 pixels around a given bipole cell pixel.
If the Long Control Accumulator receives sufficient excitatory input, then it activates the bipole
interneurons, and their activity shuts down the connection spreading process at that pixel. Without
any top-down control signal, the Long Control Circuit prevents any sufficiently strong boundaries
from spreading connections.

Top-down control, i.e., Long Controller input, enables the spread of connections from a
long edge by exciting the Long Controller Cell, which inhibits the Long Control Accumulator. If
this inhibition is sufficiently strong, then the Long Control Accumulator does not drive the
interneurons and connections can spread from a long edge of input signals. For moderate values
of Long Controller input, connections will spread for short edges but not for long edges. The effect

of different Long Controller input values can be seen in Figure 21, left column.
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Figure 20. The components of the Long Controller Circuit for a horizontally-tuned bipole cell at a particular pixel
location are shown in orange. Although (for the sake of reducing clutter in the image) only two cells (bottom row) to
the left and right of this bipole cell are shown here, the horizontal Long Control Accumulator cell pools activity

from 24 horizontally-tuned complex cells to its left and right.
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Stimulus

Spread controller onset at 25 ms,
and duration of 40 ms

Spread controller onset at 0 ms,

Long controller and duration of 66 ms

Long controller

Input Input
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Figure 21. The connections resulting from simulations with different input to the Long Controller cell. The Long
Controller Circuit is effectively off when the input to the Long Controller is very high, e.g., 1000, and has maximum
restriction when the input is 0. For each simulation in the left column, Spread Controller onset was at 25 ms after
stimulus onset and had a duration of 40 ms. For the simulations in the second column, Spread Controller onset was
at 0 ms and the duration was 66 ms.

Here, the horizontal Spread Controller onset and duration were 25 ms and 40 ms,
respectively. The vertical Spread Controller duration was set to 0, so no vertical connections form.
For high Long Controller input (e.g., 1000), the Long Controller Circuit is effectively off: length
of the input edges does not impact the formation of connections (the top-down control signal
completely inhibits the Long Control Accumulator regardless of the number of signals feeding into
its large receptive field). For the given Spread Controller duration, the very small horizontal edges
at the top of each vertical line connect with their nearest neighbor. The top of the rightmost vertical
line also connects with the longer horizontal lines on the far right.

With a weaker Long Controller input of 1.0, the spread from the long horizontal lines is
reduced and can no longer reach to the top of the rightmost vertical line. This occurs because the
long horizontal lines contribute a quite strong signal to the Long Control Accumulator neurons
through their long range receptive fields. These strong signals can activate the Long Control
Accumulator and thereby excite the interneurons, which then shut down the formation of
connections. Thus, long edges do not form connections, but short edges (such as the tops of vertical
lines) do form connections. For a slightly weaker input of 0.95, the long horizontal lines do not

connect with each other.



With an even weaker value of 0, there is some “bleed” over to the top of the rightmost
vertical line. The Long Control Accumulator cells for this line register the long horizontal edge to
its right due to their large receptive fields. Figure 22, which shows V2, layer 4, activity over 50
ms, helps to visualize the location of these receptive fields for two bipole locations indicated by
the center orange box of each ‘star’. For a given horizontally-tuned bipole cell, the pool consists
of the 24 V2, layer 4 cells to the left and right of it that are horizontally-tuned, e.g., the horizontally-
tuned cells that correspond to the positions of pixels in the horizontal white boxes in Figure 22.
(On the other hand, if the cell at this location was vertically-tuned, it would pool from vertically-
tuned V2, layer 4 cells above and below this location, e.g., from the vertically-tuned cells that
correspond to the positions of pixels in the magenta boxes. Each diagonal Long Control

Accumulator cell at that location pools V2, layer 4, activity, indicated by the relevant cyan box.)

Figure 22. V2, layer 4, output from the grouping by orientation example to illustrate the difference between activity
pooled by the Long Control Accumulator cell for a cell at the top of a vertical bar that is near the horizontal lines
(right set of boxes) and that of a cell that is at the top of a vertical bar farther from the horizontal lines (left set of

boxes). The white pair of boxes on the right overlaps with more active horizontally-tuned V2, layer 4 cells, and the
Long Control Accumulator cell at the location indicated by the orange pixel at the center of these white boxes has
stronger input since it pools from this set of cells. In contrast, the white pair of boxes on the left overlaps with far

fewer and weaker horizontally-tuned cells. Since the Long Control Accumulator cell at the location indicated by the
orange pixel between these white boxes is weakly excited, it does not excite the V2 interneurons as much. Thus, the
Long Controller will more strongly excite the interneurons at the position on the right than the position on the left,
and this prevents V2 connections forming between the far right vertical bars only given a Long Controller input of
ZEero.

Regarding Figure 21 when input to the Long Controller is at 0, although the horizontal
edges at the top of the vertical bars are quite short, the top edges of the far-right pair of vertical
bars are near to and aligned with the top left horizontal bar. In effect, the Long Control
Accumulator cells at these locations pool this signal along with that from the top left horizontal

bar, an example of which is indicated in Figure 22 by the green pixels in the right white box. This
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causes strong excitatory signals to be sent to the horizontally-tuned interneurons at the tops of the
far-right pair of vertical lines that, in turn, inhibits their horizontal spread and prevents them from
connecting. The ends of all other vertical lines, on the other hand, although also pooled by Long
Control Accumulator cells, may only slightly excite the interneurons at those locations because
the horizontal signal that these Long Control Accumulator cells end up pooling is quite weak
(which is indicated by the green pixels in the left white box); yet this small excitation is not enough
to prevent these short edges from connecting. In turn, the top edges of the rightmost pair of vertical
do not generate connection spreading, while the other pairs of vertical lines maintain their
connections even with a Long Controller input of 0.

In the simulations discussed thus far, the Spread Controller onset was fixed at 25 ms after
stimulus onset. However, the Spread Controller onset interacts with the Long Controller to
determine what connections are possible. For example, when Spread Controller onset is the same
as stimulus onset, i.e., is at 0 ms, a somewhat different set of connections can be produced as
shown in the right column of Figure 21. The connections in the top two rows are essentially the
same (even when having slightly different values for the Long Controller).

With a Spread Controller onset of 25 ms, the simulations on the left side of Figure 21 show
that it is possible (with Long Controller input between 0 and 0.95) to connect the vertical lines
without connecting the long horizontal lines. Such a connection pattern is not possible when the
Spread Controller has an onset of 0 ms and a duration of 66 ms (simulations on the right side of
Figure 21). With the earlier appearance of Spread Controller inhibition, the interneurons are almost
fully inhibited before signals from the Long Controller come in to play. With such strong inhibition,
both long and short edges contribute to connection formation even when the Long Controller is at
its maximum with an input of 0 (Figure 21, right column, last row). In contrast by delaying the
Spread Controller onset by 25 ms and having 0 Long Controller input, long edges tend to generate
excitation from the Long Control Accumulator to the interneurons just before the Spread
Controller cell inhibits the interneurons. Thus, for a short time, the long edges cannot contribute
to the formation of connections. Should the Spread Controller remain active long enough,
eventually even the long edges would contribute to connection formation. But here, the Spread
Controller turns off before the interneurons corresponding to long edges would be fully inhibited,

so the long edges never get a chance to contribute to connection formation.
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In sum, generally when the Long Controller Circuit is on, the connections that spread from
long edges do not travel as far as those from shorter edges. This is due to the way in which the
Spread Controller Circuit and Long Controller Circuit interact and the design of the Long
Controller Circuit. In the Figure 21 example with Spread Controller onset at 0 ms, the Spread
Controller inhibits the V2 interneurons for all horizontal edges for 40 ms and thereby encourages
the spread of all horizontal edges, while the Long Controller constantly excites these interneurons
in proportion to the length of the edge. In other words, the longer the horizonal edge (or, more
precisely, the more horizontal signal that the Long Control Accumulator cell pools), the more the
spreading of horizontal connections is inhibited. In turn, the Long Controller Circuit allows the
Connection Circuit more flexibility: an observer can tune this parameter to connect pairs of vertical
lines and horizontal lines without connections between vertical and horizontal lines and, at least
for this stimulus, group elements by orientation.

While the specific connection patterns can vary a lot for different combinations of Spread
Controller duration and Long Controller input, the parameter maps in Figure 23 demonstrate that

the circuit behavior follows fairly simple rules that govern the connection patterns.
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Figure 23. Parameter maps for the stimulus shown at the top of each plot. To provide a fine-grained picture of
connections possible with different Long Controller inputs, Spread Controller duration ranged from 0 to 60 ms in
increments of 1, and Long Controller input ranged from 0 to 3.50 in increments of 0.01. For all simulations here, the
Spread Controller input was turned on 25 ms after stimulus onset.
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Longer Spread Controller durations and larger Long Controller input values allow for more
connections to form between elements (e.g., the red region in the upper right of the parameter map
on the left side of Figure 23). With some fine tuning of the parameter pair (e.g., the yellow, olive
green, and magenta regions), it is possible to form connections between squares and between
circles, but not between a circle and a square. For very specific parameters values (e.g., the orange
region around input 2.5 and duration 18 ms), it is possible to form connections between a square
and a circle but not between same-shaped elements. I suspect that such a connection pattern would
be difficult to maintain due to cortical noise.

The parameter map for the H’s and X’s image on the right side of Figure 23 shows similar
relationships between Spread Controller duration and Long Controller input. Most connection
patterns can be produced by a set of similar parameters, but a few connection patterns are very
fragile.

Although it enables a variety of connection patterns, the Long Controller still has some
limitations. The parameter maps indicate that the Long Controller may be adjusted so as to connect
all and only same-shaped pairs in the stimulus with squares and circles (the yellow, olive green,
and magenta areas in the left map of Figure 23), but there is no pair of parameters that form
connections between the H’s and connections between the X’s, while not connecting the middle
X and H. Thus, a connection circuit with a Long Controller cannot connect the elements so as to

facilitate grouping by shape similarity for this stimulus.

Short Controller Circuit

The Short Controller Circuit reduces the spread of connections from short edges. Figure 24
shows how the Short Controller Circuit integrates into the bipole circuit described in Figure 20.

The new components are drawn with thick red lines. Similar to the Long Controller, the
Short Controller Circuit operates by exciting the interneurons of the modified bipole circuit to
prevent connection spreading. This excitation is provided by the Short Control Trigger cell, which
exists at each pixel location. The trigger cell receives excitation from the complex cell at its pixel
location (indirectly through an interneuron in order to equate the number of synapses for other
inputs, which allows the inhibition from the Short Control Accumulator and the excitation from
the gray interneuron with a red border to reach the Short Control Trigger at roughly the same time).

The trigger cell also receives inhibition from the Short Control Accumulator. The accumulator
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gathers excitatory input from nearby pixels that align with the bipole cell’s orientation preference.
The size of the accumulator receptive field does not matter much; I used 5 pixels on either side of

the bipole cell in my simulations.
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Figure 24. The components of the Short Controller Circuit are shown in red for a horizontally-tuned bipole cell.
Although, for the sake of simplicity, this schematization indicates that the Short Control Accumulator only pools the
activity from two complex cells corresponding to locations neighboring that of the bipole cell (and the complex cell
that feeds into the bipole cell), in the simulations each horizontal Short Control Accumulator cell pools activity from

the five horizontally-tuned complex cells (bottom row) that are to the left and right of the bipole’s pixel location.

Let us first consider the circuit’s behavior with no top-down control (input equals zero).
Suppose the bipole cell of interest is in the middle of a long set of edges that covers the full
receptive field of the Short Control Accumulator. The Short Control Accumulator will be strongly
excited and will strongly inhibit the Short Control Trigger. Since the Short Control Trigger only
receives input from a single complex cell (the cell at the same corresponding pixel location as the
bipole cell, which is directly below the cell labelled “Bipole Cell” in Figure 24), it is inhibited by
the Short Control Accumulator, which receives stronger net input. Thus, in this case, the Short
Control Trigger does not excite the bipole circuit’s interneurons, so connections spread normally

(depending on whether the Long Controller or the Spread Controller Circuits are excited). Now,
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suppose the horizontally-tuned bipole cell of interest is nearly isolated (say, it is the top of a thin
vertical line). Then, the Short Control Accumulator receives little excitation that is nearly
equivalent to what is received by the Short Control Trigger cell. The synapse strength between the
complex cell and the Short Control Trigger is fairly weak, so the trigger is inhibited, in net. Thus,
without any top-down control, i.e., without any input to the Short Controller cell, the Short Control
Circuit allows spreading of both long and short edges.

The top-down short control input influences spreading by inhibiting the Short Control
Accumulator. Figure 25 demonstrates the Short Controller’s effects when this circuit is applied to

the grouping by orientation example.

Stimulus

Short controller
Input

0.0

1.0

3.5

Figure 25. Connections formed for different top-down inputs to the Short Controller cell. Each image shows the
activity of bipole cells for 50 ms of model time after 700 ms of a simulation. For each simulation, the other
connection parameters were fixed: Spread Controller duration was set to 40 ms (beginning at 25 ms), and the Long
Controller Circuit was effectively turned off with an input of 1000.

Horizontal Spread Controller onset and duration are fixed at 25 ms and 40 ms, respectively.
The delayed onset allows the Short Controller Circuit to influence the interneurons as the Spread
Controller starts to allow connections to form. As the simulations show, increasing the Short
Controller input blocks short edges from contributing to connection formation. This control

happens because the excitatory bottom-up input to the Short Control Accumulator needs to exceed



the inhibitory top-down input in order to prevent the Short Control Trigger from halting connection
spread. As shown in Figure 25, when the top-down Short Controller input is 1.0, the short
horizontal edges at the end of each vertical line do not generate connections. This occurs because
such short edges do not provide sufficient excitatory input to the Short Control Accumulator to
overcome the inhibition from the excited Short Controller cell, so the Short Control Trigger halts
connection spreading. In essence the magnitude of the top-down Short Controller input determines
the definition of “short” for a given stimulus. As shown in Figure 25, with a value of 3.5, the
horizontal lines on the far right are deemed “short” and do not generate connections.

Together, the Long and Short Controllers can capture some sense of “similarity” between

elements. Figure 26 shows simulation results for the row of shapes in Figure 18.
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Input
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1.0 2.5

0 3.0
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Figure 26. The impact of different inputs to the Long Controller (left column) and Short Controller (right column)
for the stimulus at the top. For each simulation, Spread Controller duration was 30 ms and Spread Controller onset
was at 25 ms, i.e., Spread Controller parameters at which at least all similarly shaped pairs were connected. For the
left column, which demonstrates the effect on connections of different Long Controller input values, the Short
Controller (Long Controller) was turned off for each simulation by having the top-down Short Controller input set at
0. To demonstrate the effect of different Short Controller input values, the Long Controller was turned off for each
simulation in the right column by having the top-down Long Controller input set at 1000.

For all of these simulations, the Spread Controller onset is 25 ms with a duration of 30 ms.
As we saw before, these Spread Controller parameters are insufficient, by themselves, to connect

all and only each same-shaped pair. The simulation results on the left side of Figure 26 vary the
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input to the Long Controller while keeping the Short Controller input at 0 (so that the Short
Controller does not influence connection spreading). With large values of Long Controller input,
all edges (both short and long) can easily spread connections, so elements connect both within and
between pairs. For smaller Long Controller inputs, long edges are less able to spread connections.
This impact is most notable for the value 1.0, where the long edges of the squares no longer connect
but the small horizontal edges at the tops of the X’s are able to connect (but they also connect with
the nearby H).

The simulation results on the right side of Figure 26 vary the input to the Short Controller
while keeping the Long Controller with an input of 1000 (so that the Long Controller does not
influence connection spreading). For small top-down inputs to the Short Controller, both short and
long edges can spread connections, so elements connect both within and between pairs. With large
values of Short Controller input, only long sets of edges can spread connections. This impact is
especially noticeable for the value 2.5, where the pair of squares and the pair of H’s connect, but
the pair of circles and the pair of X’s cannot connect. For a large enough input value to the Short
Controller (for these stimuli a value of 3.5 is sufficient), essentially all edge sets are deemed “short”
and cannot spread connections.

The Short Controller interacts with the Spread Controller. Figure 27 plots two parameter
maps, for different stimuli, that categorize different connection patterns for various combinations
of Spread Controller duration and Short Controller input.

For these simulations, the Spread Controller onset was always 25 ms and the Long
Controller was off. The resulting connections are robust in the sense that each possible pattern of
connections can be produced by many pairs of duration and Short Controller input values, as
indicated by the relatively large areas in the Figure 27 parameter maps.

Although the short and Long Controllers capture some aspects of grouping by shape
similarity, they are insufficient, on their own, to impose some desired groupings. In particular, if
an observer wanted only the same-shaped pairs in Figure 26 to connect, they would not be able to
do so only by manipulating one parameter. The next section shows how combinations of

parameters allow for complex connection patterns that facilitate a variety of Gestalt groupings.
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Figure 27. Parameter maps of Short Controller input and Spread Controller duration for the stimulus shown at the
top of each plot. To provide a fine-grained picture of connections possible with different Long Controller inputs,
Spread Controller duration ranged from 0 to 60 ms in increments of 1, and Long Controller input ranged from 0 to
3.50 in increments of 0.01. For all simulations, Spread Controller onset was 25 ms after stimulus onset and, thus, the
second column of Figure 26 provides some examples of parameter values and resulting connections that are shown
in these maps.

Combining Connection Controllers to Promote Gestalt Groupings

By adjusting the onset and duration of the Spread Controller and the top-down inputs for
the Long and Short Controllers, an observer can influence what elements in a scene form
connections, and thereby influence perceived groupings. For example, we already saw in Figure
21 that a combination of Spread Controller onset and duration and Long Controller input can result
in connections that can be described as grouping by orientation for this stimulus. With Spread
Controller onset at 0 ms and a duration of 66 ms, and with Long Controller input of 0.8, only the
lines of the same orientation are connected together.

Figure 28 shows a situation where a combination of Spread Controller onset and duration
and Short Controller input can connect stimulus elements in a way characterized by the Gestalt
principle of size similarity, i.e., each adjacent same-sized pair is connected but there are no

connections between the pairs.
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Figure 28. Model output for two simulations that have a Spread Controller onset of 0 ms and a duration of 55 ms for
a stimulus that can be grouped by similarity of size. For the model to form connections between all and only same-
sized elements, the Short Controller must be on with an input of around 0.95 in order to prevent the connections that
result between the pairs of same-sized circles shown in the middle image.

Here, the stimulus consists of a pair of large squares, a pair of small squares, a pair of large
circles, and a pair of small circles. For the squares, size grouping is easy to achieve even with no
Short Controller input because the bipole connections spread only in the direction of the orientation
preference (e.g., horizontal connections only spread horizontally). Due to their difference in size,
the tops/bottoms of the small squares do not line up with the tops/bottoms of the large squares, so
they cannot connect. However, due to the somewhat fuzzy response of an oriented filter to the top
of a circle, there is some alignment in the horizontal responses to the large and small circles. When
the Short Controller input equals 0, these weak horizontal signals connect across pairs. Such a
grouping cannot be controlled simply by lowering the Spread Controller duration (here set to 55
ms with an onset of 0 ms) because doing so would prevent the formation of connections within the
same-sized circle pairs.

Setting the Short Controller input to a value of 0.95 makes the weak/fuzzy horizontal signal
generated at the top of a circle too weak to promote connections. The input value is chosen so that
just the weakest parts of the fuzzy response are blocked; the stronger responses along the circle
edge are “long” relative to the top-down controlled Short Controller input value, and so they form
connections within each circle pair. As can be seen in Figure 28, with these top-down parameters,
it is possible to form connections within each pair but not between pairs. It is the combination of

top-down parameters that supports such groupings.
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For the stimulus in Figure 18, all three connection circuits are needed to connect elements
in accord with the Gestalt principle of grouping by shape similarity, i.e., all and only same-shaped
adjacent pairs are connected. As can be seen in the simulation results in Figure 29, a combination
of Spread Controller onset and duration and long and Short Controller inputs connects same-

shaped pairs while preventing connections between pairs.

Stimulus

OO OHHXX

Spread controller only (onset 25 ms; duration 30 ms)

Spread controller (onset 25 ms; duration 30 ms)

Spread controller (onset 25 ms; duration 30 ms)
and Long controller (2.0)

and Short controller (0.8)

Spread controller (onset 25 ms; duration 30 ms),
Long controller (2.0), and
Short controller (0.8)

Figure 29. Model output for four simulations with different combinations of connection parameter values. For each
simulation, Spread Controller duration is 30 ms with an onset of 25 ms. The Long Controller input of 2.0 eliminates
connections between the square and circle, while the Short Controller input of 0.8 eliminates connections between
the H and X. By combining these connection parameters, the model can produce connections that effectively group
the stimulus elements by shape as shown in the bottom image.

Thus, with the appropriate top-down control parameters, it is possible to group the elements

in this stimulus by shape similarity.

Figure 30 demonstrates that different combinations of the top-down parameters for the
Spread Controller, Long Controller, and Short Controller Circuits can lead to connections that

largely emulate the Gestalt principles of grouping for a variety of stimuli.
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Top-down connection parameters

Spread Spread Long Short
i . . controller controller controller  controller
Grouping by Row Stimulus Bipole cell activity onset duration input input
0 70 Off Off
Proximity
0 30 Off Off
0 66 0.80 Off
Similarity of
orientation 0 5 Off 2.00
0 55 Off 0.95
Similarity of size
0 75 Off 0.80
0 45 2.00 0.80
Similarity of shape
0 45 2.00 Off
0 9 1.20 Off
Closure
0 30 Off Off
Symmetry 0 20 Off Off

Figure 30. Grouping rules that can be accounted for by tuning the top-down control parameters of the connection
circuits. The first proximity stimulus (row 1) is similar to examples in Kohler (1925). The stimuli with filled shapes
(rows 2, 6, and 8) and the orientation stimuli (rows 3 and 4) are adapted from examples of “classical principles of
grouping” listed by Palmer (1999; 2002). The first closure stimulus (row 9) appears in Kohler (1925), and the
second (row 10) is from Pomerantz and Kubovy (1986). The symmetry stimulus (row 11) is adapted from Palmer
(1999; 2002). Spread Controller onset was at 0 ms for all stimuli. For the Long Controller input, “off” means that a
large value (1000) is provided. For the Short Controller input, “off” means that a value of zero was provided.

Rather than being “principles” in an absolute sense, I propose that such groupings reflect
task-specific characteristics. For example, the stimulus in row 8 of Figure 30 may be regarded as
exemplifying grouping by shape similarity (Palmer 1999; 2002). I hypothesize that such a
statement motivates observers to search for top-down parameters that form connections between
shape pairs and not form connections between different shapes. The ease with which such
parameters are identified may be an indication of how well the given stimulus exemplifies the
principle.

The parameter maps in Figures 19, 23, and 27, suggest that it should be fairly easy for
observers to identify parameters that produce desired connection patterns. If current parameter
values are insufficient to produce a desired connection pattern, the observer can change the values
with a pretty good understanding of the impact. Indeed, this is precisely what I have done when
producing the simulations presented in this section. To generate the parameter values in Figure 30,

I fixed the onset of the Spread Controller to match stimulus onset and then found the shortest
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Spread Controller duration where all elements of a stimulus that I wanted to connect were
connected. Then, depending on whether long and/or short edges had undesired connections, I tuned
the input parameter to the Long and/or Short Controller Circuit(s) to eliminate those connections.
I speculate that human observers are quite skilled at tuning such parameters and do so more or less
automatically.

Although sometimes used as a prescription for how elements in a scene group together, I
believe the Gestalt principles are better understood as a high-level description of the output of
simpler underlying mechanisms. (In the final chapter, I elaborate more on the relation between
Gestalt grouping principles and the model.) With this view in mind, it is worthwhile to explain
how the connection circuits are able to emulate the principles. In general, there are often several

ways to form a desired connection pattern.

Proximity

The role of proximity on grouping reflects the way connections spread outward from an
edge and must connect with another edge in order to maintain its representation. For the two
proximity examples in Figure 30, it is easy to control the extent of spreading with the Spread
Controller Circuit so that connections form between nearby neighbors and not between farther

away elements.

Similarity of Orientation

Elements of a similar orientation tend to group together. This property reflects that the cells
in a bipole circuit represent a preferred orientation. The stimulus in row 3 of Figure 30 was
previously discussed at length. For the stimulus in row 4, Spread Controller duration for each
orientation was set to 5 ms. The Short Controller is on to prevent short aligned horizontal edges
from connecting between the top of the upper vertical line segment and top of the diagonal line

segment.
Similarity of Size
For the stimuli in rows 5—6 of Figure 30, connections form only between elements of a

similar size because only such size matches have edges that are appropriately aligned. The bipole
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connections cannot form between misaligned edges. With other orientations, it would be
straightforward to generate other kinds of groupings for the circles in row 6. For example, a small
circle could connect with a large circle at some orientation tangent, respectively, to each circle
such that they would be joined by diagonal connections. Nevertheless, it is easy to find top-down
connection parameters for horizontally-tuned cells that group stimuli in a way that matches the

similarity of size principle.

Similarity of Shape

As discussed above, forming connections to reflect similarity by shape requires careful
setting of the top-down parameters, at least for some stimuli. Even so, for the stimuli in rows 7-8,

it is not difficult to find parameters that connect pairs of similar shapes but not different pairs.

Closure

In the model, elements can be grouped together if such grouping results in a “closed” set
of contours. For some stimuli, such as that in row 10, this property is just a variation of the principle
of proximity. Here, careful tuning of Spread Controller duration allows the ends of the parentheses
to connect with each other in the traditional way (open on the left, closed on the right) rather than
with their (slightly farther away) neighbor (e.g., closed on the left and open on the right).

Tuning of the Spread Controller does not fully account for the groupings in row 9, where
each bracket has the same edge-to-edge separation with its neighboring brackets. However, the
presence of a vertical edge on the outside of the bracket slightly alters the response of orientation
filters at the top and bottom corners of each bracket. In particular, the response of a horizontally-
tuned cell at the corner of a bracket is slightly weaker than the response of a horizontally-tuned
cell at the end of a horizontal line. This difference in strength means that a connection is more
readily formed between the inside ends of brackets compared to the outside corners of brackets.
This difference can be exaggerated with the Long Controller Circuit, and this influence enables an
observer to tune the Spread Controller duration and Long Controller input to find parameters that

allow only the relatively stronger signals to connect.
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Symmetry

Some experimental work suggests that particular symmetric elements are more likely to
group together than asymmetric elements (Locher & Wagemans, 1993; Machilsen et al., 2009).
Row 11 of Figure 30 shows an example stimulus from Palmer (1999; 2002). Here people often
report that mirror symmetric lines group together into pairs, with the element on the far right not
being grouped with anything. Symmetry is an inherent part of the bipole circuits (as indicated in
the AND-gate exposition above). If the left and right sides of input to a horizontally oriented bipole
cell are not of similar magnitude, the interneurons will inhibit the bipole cell and thereby not form
a connection. On the other hand, the model operates on local information and so is only indirectly
influenced by large-scale symmetry.

For this stimulus, the bipole cell activity in Figure 30 can connect the mirror symmetric
lines into distinct pairs. These connections are formed by tuning the Spread Controller. The mirror
symmetric lines have some parts that are closer than any non-symmetric lines. By setting the
duration of the Spread Controller Circuit, it is possible to form short horizontal connections

between symmetric neighbors but not between asymmetric neighbors.

Summary

In sum, the Connection Circuit provides a model of how an observer can use top-down
control to group elements of a single stimulus in a multitude of ways via V2 connections. By
tuning four connection parameters, two of which are timing parameters that promote the spread of
V2 connections while the other two reduce this spread from edges that are relatively long or short,
an observer can group particular stimulus elements. Additionally, as illustrated above, the
connection parameters can be tuned such that elements of a given stimulus can form connections
and, thereby, group in accord with a number of different Gestalt grouping principles, which are
summarized in Figure 30.

Finally, I should highlight the fact that this demonstration is consistent with my rejection
of the assumption that there is only one way to group elements of a given stimulus. Although it is
important that the model is flexible enough to group the shapes in the table in accord with classic
Gestalt grouping principles, it is not restricted to producing only these particular groupings via V2

connections.
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TOP-DOWN CIRCUITS II: THE SELECTION CIRCUIT

Before presenting the Selection Circuit, it is useful to first develop the notion of a grouping
strategy, which I am introducing in this project, and highlight its dependence on a particular task
and stimulus set.

Generalizing from Francis et al. (2017), I propose that the overarching goal of an observer
when performing some visual tasks, e.g., looking for or tracking a target, is to isolate the target in
a segmentation layer, which allows for easy identification of the target. Exactly how this isolation
is accomplished depends on the stimulus details and the task. Thus, an observer must develop a
strategy that utilizes connection and selection processes in a way to quickly find and identify the
target stimulus.

In terms of strategies, the main aim of a grouping strategy is to promote performance on a
given task and stimulus set. Recall that I propose that a grouping strategy consists of a connection
strategy and a selection strategy. As will become more evident in the simulations of experiments
that study grouping, the connection strategy one chooses, i.e., how an observer tunes the four top-
down input parameters to the Spread Controller, Long Controller and Short Controller Circuits to
join the elements of a given stimulus, can depend on the particular task and stimulus set. For
example, suppose the task is to find the location of a pair of adjacent I’s in a row of I’s and H’s,

e.g., Figure 31, first image from the left.

Stimulus Connect target pair only No connections Connect all letters

I T THTH TS T THTIH TRTHT T T T T T ]|

Figure 31. A toy example stimulus, i.e., a row of letters (left image), and task, i.e., identify the
location of the pair of repeated Is, to illustrate connection and selection strategies in this chapter.
The simulation images show three possible ways to connect the elements of this stimulus.

Suppose that on a given trial, the target pair could appear in any position, e.g., the target
pair happens to be in the third and fourth positions from the left in the stimulus image in Figure
31. Given this stimulus and task, there seems to be only one connection strategy that would
promote performance, i.e., tune the connection parameters such that only the nearby I’s connect

(Figure 31, second image). With a Spread Controller onset of 0 ms, this can be achieved by having
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a positive Spread Controller duration (30 ms), turning off the Long Controller Circuit, and having
a Short Controller input of 2.0 (which prevents spreading from the tops of H’s). By connecting
the I’s, the observer may more easily select and segment out the target pair of letters.

In contrast, consider the alternative of connecting no letters (Figure 31, third image). If no
letters are connected, then the selection process would have to do all the work in grouping,
selecting and segmenting out the target pair, e.g., the observer would have to rely upon a selection
signal that could overlap with both target letters. However, for this alternative strategy to work,
the selection signal must be fairly large and/or placed quite precisely so that it overlaps with both
target letters and no distractors. Additionally, unless it was known in advance where in the row
the target pair will be located, it would be difficult for an observer to consistently place the
selection signal so that it would both group and select the target pair only, on each trial. So,
although this alternative is possible, it is not optimal given this task and stimulus set in which the
target pair could appear at any location in the row. At the other extreme, an observer may connect
all letters (Figure 31, fourth image). However, if all letters are connected, it is very difficult for a
selection signal to segment out only the target pair since a selection signal segments out any
boundary signal it falls on and any boundary signal that is connected to the boundary signal it falls
on. Thus, it seems that the connection strategy in which only the target pair is connected will best
promote performance on this task.

So, suppose the observer chooses to use the connection strategy in which only the target
pair of letters group via V2 connections. How might an observer use this connection strategy to
more easily find the target pair? I propose that the observer uses the connection strategy in tandem
with a selection strategy to quickly find target elements.

In broad terms, the Selection Circuit models the selection and segmentation of stimulus
elements into different layers with the aim of segmenting target items from distractors efficiently.
The main components of this circuit, i.e., segmentation layers, selection signals, a reset, and a
feature filter, will be presented in detail in the next section. For the present purpose of providing
an overview of the task-dependent strategies investigated by the model, a selection strategy
involves a strategy for determining the size, location, number, and timing of selection signals. The
model’s Selection Circuit allows for top-down control of these features and, thus, allows us to
simulate possible selection strategies that an observer may be using given a particular task and

stimulus set. For example, in the above toy example task of finding a pair of adjacent I’s that are
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among H’s in a row, suppose that the observer uses the connection strategy that connects only the
target pair of I’s. Given this connection strategy, the target pair will tend to have a substantial
horizontal signal since the V2 connections between them are horizontal. In turn, a possible
selection strategy that would allow the observer to quickly select and segment the target pair is to
place the selection signal on areas where more horizontal signal is detected and to choose a size
for the selection signal that, say, will not cover more than two letters in the stimulus. Thus, an
observer may use a connection strategy in tandem with a selection strategy to promote performance
on a given task and stimulus. So, the next step in model development is to create a Selection

Circuit subject to top-down control that can generate such selection strategies.

The Selection Circuit

The Selection Circuit is presented in somewhat general terms in the sense that, although
this project focuses on visual search tasks, the circuit’s main components may be used to simulate
other visual tasks, e.g., multiple object tracking tasks. The toy example stimulus introduced in
Figure 31 and a simple visual search task, i.e., find the location of the adjacent repeated I’s, are
used in this section to demonstrate some of this circuit’s features. So, although this circuit has the
potential to simulate a variety of visual tasks, the example used below is a visual search task due
to the focus of this project.

The segmentation process in Francis et al. (2017) could perform two sorts of segmentation:
boundary segmentation and surface segmentation. The present model only has boundary
segmentation because surface segmentation is not required in the simulations conducted for this
project.

The Selection Circuit as developed in this project (Figure 32) consists of five main
components: segmentation layers, selection signals, a Boundary Segmentation Circuit, a reset, and
a feature filter. Although the first three of these components are largely the same as those used in
Francis et al. (2017), it is worth explaining how they function since they play a central role in the
Selection Circuit.

The structure of the Boundary Segmentation Circuit, which is given in Figure 32, has been
simplified compared to that of Francis et al. (2017), but its function is generally the same: to shift
selected boundaries from the base segmentation layer to a different segmentation layer, which was

described in the second chapter.
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Figure 32. A schematization of the Selection Circuit. Again, excitatory synapses are represented by arrows with
solid shafts, while an inhibitory connection is represented by a dashed line capped with a square. Arrows with
dotted shafts represent the flow of information, and the purple arrow to Reset represents a timed, positive current
input to a reset cell. The bottom gray interneuron receives constant excitatory input, which can be inhibited when
there is activity at the corresponding position in V2, layer 2/3. In turn, the bottom interneuron prevents runaway
spread of the selection signal. The Boundary Segmentation Circuit box shows the circuit created for the V2 bipole
cell that corresponds to position i. This circuit involves the boundary segmentation cell (labelled ‘7+1”) for its
neighboring cell that corresponds to position i+/.

In the models of both Francis et al. (2017) and this project, the bipole cell activity in V2,
layer 2/3, feeds directly into one or more segmentation layers. Selection signals are applied to one
layer, i.e., segmentation layer 0, which will also be referred to as ‘the base segmentation layer’,
via the Boundary Segmentation Circuit. There is one such circuit for each non-base segmentation
layer. This circuit, shown in Figure 32, operates as follows. If there is no selection signal present,
strong inhibition to each pixel in segmentation layer 1 from the corresponding pixel in the base
segmentation layer prevents any activity in segmentation layer 1.

Next, consider a segmentation signal placed in the base segmentation layer. This is
achieved by creating a map that has the same dimensions as V2, layer 2/3, with the location of the
selection signal having a constant non-zero value. This map will be referred to as a ‘selection
signal map’. In Figure 32, this selection signal map is labelled ‘Selection signal location’, and

Figure 33 provides an example of this map, consisting of a white circle. (It is shown overlapped
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with the stimulus image to give a sense of the signal’s location relative to the stimulus elements.)

If location 7 in this map has a non-zero value, then the boundary segmentation cell labelled i in

Figure 32 receives constant excitatory input. In this case, cell i will eventually inhibit the activity

of the cell that corresponds to position i in segmentation layer 0, which, in turn, reduces the

inhibition from this segmentation layer 0 cell to the segmentation layer 1 cell that corresponds to

position i. This allows the signal from V2, layer 2/3, at this position to effectively shift from

segmentation layer 0 to segmentation layer 1. In effect, a selection signal transfers activity from

the base layer to layer 1 by sending excitatory signals to all cells in the locations it ‘covers’, which

is achieved by sending excitatory input to each boundary segmentation cell at those positions.

Figure 32 shows the components of the Boundary Segmentation Circuit for one such cell labelled

by its position i.
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Figure 33. The activity, feature filters and selection signal map of two successive 50 ms
timesteps in a simulated trial.
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Additionally, edges that are not covered by a selection signal but connected to an edge that
the selection signal covers are also eventually pushed into segmentation layer 1. To see how the
selection signal can spread along boundaries that are not ‘covered by a selection signal’, e.g., to
locations with boundary signal that are adjacent to a location in the selection signal map with a
non-zero value, suppose there is a horizontal edge at locations i, and i+1. So, the V2, layer 2/3,
horizontally-tuned bipole cells are active at the corresponding retinotopic locations. Further
suppose that the selection signal covers location 7, but not i+1. The selection signal does not cover
i+1 and, thus, the boundary segmentation cell labelled i+1 does not receive the same constant
excitatory input directly from the selection signal map that cell i receives (i.e., there is no excitatory
input from ‘Selection signal location’ to the boundary segmentation cell labeled i+1 in Figure 32).
However, the selection signal input to boundary segmentation cell i will spread to boundary
segmentation cell i+1 via the bidirectional arrows between these neighboring boundary
segmentation cells to the gray interneuron: over time, activity from a neighboring location, e.g.,
cell 7, that is covered by a selection signal can spread to, e.g., cell i+1 via the interneuron.

To see how this spread of selection signal occurs, refer to Figure 32. In the example above,
recall that an edge is detected at positions i and i+1. So, the bipole cells in V2, layer 2/3, that
correspond to these locations are active. In turn, the bipole cell corresponding to position 7, will
inhibit the bottom interneuron, which also receives constant excitatory input by default. In turn,
the inhibition of the top interneuron is reduced and, thus, selection signal can spread from boundary
segmentation cell i to its neighbor, i.e., to boundary segmentation cell i+1. If this activation is
strong enough, the boundary segmentation cell i+1 will behave as if there is a selection signal at
that location. More specifically, boundary segmentation cell i+1 can: (a) functionally move signal
at the corresponding location in segmentation layer 0 to segmentation layer 1 by inhibiting activity
in segmentation layer 0 at a particular location, and (b) cause selection signal to spread to its
neighboring boundary segmentation cell corresponding to location i+2 via the bidirectional
synapses and top interneuron. Thereby, the Boundary Segmentation Circuit allows the activation
from the selection signal at a particular location to spread from active cells at that location to
neighboring active cells. Additionally, due to the architecture of the Selection Circuit, this spread
of selection signal can result in the selection and segmentation of, e.g., connected lines (Figure 3)

and entire lines (Figure 4), rather than only the edge(s) that is covered by the selection signal.
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Thus, the Boundary Segmentation Circuit is designed to promote spread of the activation from a
localized selection signal along boundaries that are connected to boundaries that the signal covers.

While only a single selection signal and associated non-base layer are presented in Figure
32, it is possible to have multiple selection signals and corresponding segmentation layers. Indeed,
the simulations in both Francis et al. (2017) and reported below use multiple selection signals.
Following Francis et al. (2017), the structure shown in Figure 32 is extended as follows to
implement multiple selection signals. For each non-base segmentation layer, a separate Boundary
Segmentation Circuit is created. And, each additional segmentation layer is inhibited by all
previous layers, e.g., segmentation layer 2 would be inhibited by both layer 0 and layer 1. The
selection signal associated with segmentation layer 2 would pull boundary signals it covers and
any activity connected to it from layer O to layer 2. (Examples of resulting segmentation layer
output when the model implements multiple selection signals are provided below in applications
of the model to various experiments as well as in Francis et al., 2017.)

Several modifications were required to allow the model to simulate different visual tasks,
e.g., visual search tasks, in which an observer typically scans a stimulus to find or track a target
(or targets). Notably, the circuit has the ability, through top-down control, to make the selection
signals more dynamic. In other words, this circuit can model a shift in the observer’s attention
from one area of a stimulus to another. It does so by allowing for different selection signal maps
over time. For example, in a visual search task where the task is to find a target as quickly and as
accurately as possible, the selection signal map changes after every 150 ms of model time, which
shifts the selection signal to a different location every 150 ms. This time was chosen because it
seems the shortest period of time that can produce a clear enough signal in model V4 for a target
identification algorithm to determine whether the segmented boundaries are from a target. If the
selection signal is at the position for a shorter time, the V4 signal is often too weak to determine
whether a target has been detected. And, since these visual search tasks typically emphasize speed
and accuracy and measure reaction time, it seems inefficient to choose a longer time before shifting
a selection signal if the target was not selected. I refer to an interval in which a selection signal is
at a particular location as a ‘selection cycle’. For example, the 150 ms interval used in the
preceding example is referred to as a ‘150 ms selection cycle’ since the selection signal map is the

same, i.e., the selection signal remains in the same place, for 150 ms.
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This shifting selection signal gives rise to two issues. First, a dynamic selection signal has
to be moved to other areas of the stimulus. How is it determined where the selection signal will
move if it did not isolate the target in a non-base layer? Second, if a selection signal changes
location, the boundaries that it selected, which often comprise shapes with closed edges, can cause
positive feedback loops to occur in the non-base segmentation layer. In other words, a selected
object will stay selected and remain in the non-base segmentation layer even if the selection signal
has moved and no longer covers any part of the object (e.g., the bottom row of Figure 36). In a
task where, say, one is to count target items in a stimulus image where there are no distractors, this
buildup of selected elements may be advantageous: eventually the shifting selection signal could
segment out all target elements. However, in a visual search task, for example, where the task is
to find a target item, such a buildup of stimulus elements could be detrimental to performance. If,
say, the initial selection signal overlapped with a distractor but subsequently shifted to the target,
then the selected distractor would be segmented along with the target and, thus, would prevent the
observer from easily segmenting the target from the distractor.

To address these two issues and, in turn, allow the model to simulate a wider variety of
visual tasks, I have incorporated feature filters and a reset signal into the Selection Circuit. A third
factor, namely selection signal size, is also relevant to selection strategy; as will be discussed below,
larger selection signals allow for faster segmentation yet are more likely to overlap with distractors,
while smaller selection signals offer more precision yet tend to take more time. In the model, these
three components (i.e., choice of feature filter, timing of reset, and choice of selection signal size)
are subject to top-down control, which allows for more options in choosing a selection strategy
that is suitable for the visual task at hand. To again emphasize the flexibility of this circuit
(although the examples below are visual search tasks since that is the focus of this project), the
addition of these features allows the Selection Circuit the potential to simulate a number of

different selection strategies that are likely used in a variety of visual tasks.

Feature Filters

To guide the placement of a selection signal during each trial, I implemented an algorithm
that functions as a feature filter. Something like a feature filter is an integral part of many theories
of visual perception (e.g., Itti & Koch, 2001; Wolfe, 1994), where it is used to guide attention and

can be used to classify scenes or elements.
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Figure 33 shows how feature filters are integrated within the Boundary Selection Circuit
and segmentation layers introduced above.

To better organize my presentation of this circuit, numbered yellow circles are provided in
Figure 33. These indicate (somewhat) sequential steps that occur in this process. This figure has
two columns labelled ‘Time 1’ and ‘Time 2’, which show model output during two consecutive
time steps of a simulation using the toy stimulus and implementing the connection strategy where
only the pair of adjacent I’s connect. In this section, I go through each step, explaining relevant
components of the model, and subsequently show how the feature filters can be used to
strategically place selection signals so as to promote performance on our example task.

At Time 1 (Figure 33, left column), during Step 1 the activity of V2 bipole cells feeds into
the Selection Circuit, as described above. At Step 2 information from the base segmentation layer
is used to create a probability distribution represented by the red curve in the plot above the circuit

diagram. To see how this distribution is generated, consider Figure 34a.
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Figure 34. Examples of different feature filters given the stimulus image at the top and the
connection strategy where only adjacent letter I’s connect.

The image in Figure 34a below the plot shows activity in segmentation layer 0 over 50 ms.
Here it is quite similar to V2 bipole activity. Along the x-axis are the x-coordinates of the stimulus.
In this case the stimulus is 271 pixels wide, and so there are 271 ticks along the x-axis. The plot
has two distributions. The red distribution is created as follows. The height of each point

represents the ratio
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where V, is sum of the activity of horizontally-tuned bipole cells in column ¢ during 50 ms, and
Y. V. is the sum of this activity across all columns, i.e., the sum of horizontal activity across the
entire image during 50 ms. For each column in the image, the value of this ratio is plotted above
the coordinate on the x-axis that corresponds to the column. Thus, the red curve in Figure 34a
depicts the ratio of horizontal activity in each column to the horizontal activity in the entire image
during 50 ms. As is obvious in this plot, the highest peaks are above columns with a lot of
horizontal signal, i.e., at columns where the letter I’s are located. These peaks are roughly twice
as high as those over the horizontal H bars because letter I’s have twice much horizontal activity
at each column, i.e., they have two horizontal bars rather than one. Since it only uses activity of
horizontally-tuned V2 cells, I call it a ‘horizontal feature filter’. Other feature filters are possible.
For example, Figure 34b shows a vertical feature where the red curve was generated using the
same calculation described above except activity from vertically-tuned cells, rather than horizontal,
was used. Hence, it is a ‘vertical feature filter’. Here each vertical bar in the output results in a
very high peak in the red curve. Figure 34c shows the diagonal feature filter for this image, and
Figure 34d shows the distribution generated if activity from all cells is used. Other feature filters
are possible, e.g., a horizontal-vertical feature filter that uses activity from horizontally-tuned and
vertically-tuned cells.

In each plot shown in Figure 34, the blue curve was generated by smoothing the red curve
using a 1D Gaussian filter. The blue curve plays a key role in Step 3 shown in Figure 33. An x-
coordinate is produced by generating a random sample from the distribution represented by the
blue curve (the Python library numpy has a function, random.choice(), that performs this kind of
sampling). This x-coordinate is used as the x-coordinate for the center of the selection signal for
the next 50 millisecond time step. (In this case where the stimulus elements are along a single row,
the y-coordinate was fixed to half of the height of the stimulus for simplicity.) In the example
depicted in Figure 33, this x-coordinate is indicated by the green rectangle at the bottom of the
plot. Here the randomly sampled x-coordinate happened to be at the left target . An appropriate
selection signal map is created, shown under Selection Signal Location in Figure 33 and overlaid

on the stimulus image to make clearer over what region the selection signal falls.
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The selection signal map is then input at Step 4 to the Boundary Segmentation Circuit,
which was described earlier. The effects of this circuit can be seen at Time 2 (Figure 33, right
column) at Step 5 where the pair of I'’s is starting to become segmented into layer 1. Further, the
edges of the target pair have just begun to move to V4 layer 1. Additionally, to highlight the
dynamic nature of the model, the probability distributions at Time 2 are shown even though, as
explained above, the selection signal will stay at the same location until the next selection cycle
begins at Time 5 (i.e., 150 ms after the first selection cycle, which began at Time 2), the location
of which will be sampled from the probability distribution at Time 4. It’s also important to
highlight the change in the feature filter distribution at Time 2. Since the distributions are created
using activity in segmentation layer 0 only, the distribution changes when a selection signal is
applied to this layer that pulls activity down into a non-base segmentation layer.

How do these feature filters allow the model to strategically guide the placement of
selection signals so as to promote performance on a given task? Consider the example task of
identifying the location of the adjacent pair of I’s given the toy stimulus. As discussed above, a
good connection strategy is to connect only the target pair of I’s. That way, if one of the I's is
selected, then both will be segmented, isolated in a layer and, thus, easier to identify. If a horizontal
feature filter is used in conjunction with this connection strategy, then the model will tend to guide
selection signals to the location of the target pair. As shown in Figure 34a, the horizontal feature
filter results in a distribution with a relatively high and wide peak at the location of the target pair.
Since the connected target pair has a lot of horizontal signal, it is likely that the horizontal feature
filter will guide the selection signal to this location, i.e., it is more likely that the sampled x-
coordinate will be at its location. In turn, the use of a horizontal feature filter seems to be a good
choice for performing this task efficiently; it is more likely that the resulting selection signal will
fall on this location, which will tend to result in the observer finding the target pair faster. Thus,
this horizontal signal filter models how an observer may guide attention to areas with more
horizontal signal so as to quickly find the target and perform well on this task.

Of course, since the feature filter uses a random sample to determine selection signal
location, the observer may not always immediately find the target pair. For example, consider the

simulation shown in Figure 35.
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Figure 35. An example of a horizonal feature filter given the toy example discussed at the beginning of this chapter
where the connection parameters are tuned such that only the target pair of nearby letter I’s connected. Left column
shows the layer O activity and resulting feature filter distribution from which the selection signal’s x-coordinate at
the next time step was sampled. Right column shows the resulting location of the selection signal at the subsequent
time step, which is superimposed on the layer 0 activity to show its position relative to layer 0 activity. The green
arrow indicates that the sampled x-coordinate is used as the x-coordinate of the selection signal center on the
subsequent time step.

At this point in the simulation, a coordinate above a distractor letter I was randomly
selected from the horizontal feature filter distribution. This is to be expected since this distribution
also has relatively high peaks above distractor I’s given this image and connection strategy. Here
this resulted in the selection of a distractor, rather than the target pair. Since the model (like human
observers) does not always immediately select and find the target in a visual search task, it was

necessary to add a reset signal that allows search to proceed.

The Reset Signal

The reset signal, labelled ‘Reset’ in Figure 32, is inhibitory input to the Boundary Selection
Circuit. Its function is to provide the observer with the option of periodically, i.e., at the start of

each selection cycle, resetting each non-base segmentation layer (e.g., Figure 36, top row).
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Figure 36. Examples of how the selection process operates over time. In both examples the feature filter uses horizontal signal. Top row: An example of the
selection process with the reset of segmentation layer 1, which occurs at the beginning of the 50 millisecond time step indicated by a red box. Bottom row: An
example of the selection process without a reset. Even though the selection signal moves to a different location at 650 milliseconds, the pair of letters selected

earlier remain in layer 1.



Such a reset is needed to ‘clear’ the non-base segmentation layer; since the reset signal
eliminates the activity of all boundary selection cells, they can no longer inhibit segmentation layer
0, which, in turn, returns to strongly inhibiting the non-base segmentation layer. Without such a
reset, items that have been selected and segmented by selection signals in other locations remain
in non-base segmentation layers (e.g., Figure 36, bottom row).

For an example of a task in which this reset would be part of a selection strategy that
promotes performance, consider a visual search task where both speed and accuracy are
emphasized. For such a task, it would be beneficial for performance to use the quickest possible
reset that completely clears the non-base segmentation layers so that no items previously selected
yet not identified as targets would remain segmented from the base segmentation layer. For all of
the visual search tasks simulated in this project, it turned out that a reset of 5 ms at the beginning
of each 150 ms selection cycle was the shortest amount of time in which the contents of a non-
base segmentation layer could be cleared and a shifted selection signal could segment an element
to V2 and still produce enough V4 signal for a target identification algorithm to determine whether
a target was selected. With this setup only elements covered by (and connected to elements
covered by) the selection signal during a selection cycle are shifted to a non-base segmentation
layer; elements that the selection signal segmented during previous selection cycles are cleared
from the non-base segmentation layer by this periodic reset such that accuracy and speed are both

maintained and, thus, likely subject to some sort of top-down control.

Selection Signal Size

I propose that selection signal size is another top-down controlled component of an
observer’s task-dependent and stimulus-set-dependent selection strategy. To see the costs and
benefits of different selection signal sizes, consider the running toy example of a row of letters in
which the task is to identify the location of the pair of adjacent letter I’s. Three simulations were
run, each of which had a selection signal of a different size centered at the same location, as shown

in Figure 37.
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Figure 37. An illustration of how selection signal size impacts the speed of segmentation through a comparison of the segmentation layers of three simulations,
each of which only differed in the size of selection signal used, which are indicated by the white circles. Each selection signal was centered at the same location
(on the left target I). The smallest selection signal has a diameter that is half the width of a letter. The medium selection signal diameter is the width of a letter.
And, the large selection signal diameter is twice the width of a letter. A comparison of segmentation layer 1 at 500-550 ms for each simulation shows that the
segmentation process is faster, i.e., there is more boundary signal in layer 1 for the simulation with the large selection signal, than for the other simulations.



An advantage of using a smaller selection signal is better precision. Consider the example
of finding a pair of nearby letter I’s with the connection strategy of only connecting the target pair
and a selection strategy that involves a horizontal feature filter. The smallest selection signal is
unlikely to overlap with a neighboring distractor. In turn, it is highly likely that a small selection
signal that lands on a target letter will segment out the target pair only, which will make it easier
for the observer to identify the location of target pair. The largest selection signal, on the other
hand, has a greater chance of landing on a target letter yet also overlapping with a distractor. For
example, the large selection signal in the simulation above is quite close to the distractor even
though it is centered on a target. So, if this large selection signal landed slightly off center of this
letter I and to the left, this selection signal would likely overlap with a distractor. In such cases, a
target pair and a distractor would be selected and segmented out, making it difficult to identify the
location target pair. So, smaller selection signals are more precise in that it is less likely for them
to overlap with distractors.

However, there is also a cost with using small selection signals. As shown in Figure 37, it
takes an additional time step, i.e., 50 milliseconds, for the smallest selection signal to segment out
the target pair from the distractors compared to the medium and large selection signals; at 550-600
ms, the boundary signal corresponding to the right letter I is not completely in layer 1 for only the
simulation with the small selection signal. This is because the small selection signal only covers
a small portion of the connected target pair and, in turn, it takes more time for the selection signal
to spread across edges that are connected to edges covered by the small selection signal. Thus,
smaller selection signals can be more precisely placed yet can take more time to segment out a
target, while larger selection signals take less time to segment out a target yet are more likely to
overlap with a distractor. In turn, a choice of selection signal size involves something like a speed-
accuracy tradeoff but at the segmentation level: larger selection signals can result in faster
segmentation yet are more likely to segment a non-target item, while smaller selection signals can

result in slower segmentation yet are more precise and, thus, more likely to segment only targets.

Application to Other Stimulus Images

Thus far we have only considered stimuli in which elements are in a row, but the selection
process can be generalized to elements in a grid (which is similar to stimuli used in the Trick &

Enns, 1997, experiment simulated below). For elements in a row, the feature filter distribution
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presented above provides a way to determine the x-coordinate of the selection signal’s center. For
stimuli that involve elements in a grid, the simplifying assumption that the y-coordinate of the
selection signal is fixed to, e.g., half the height of the stimulus image, may not provide a reasonable
selection strategy. For these cases, the x- and y-coordinates can be randomly sampled from a 2D
distribution that is smoothed using a gaussian kernel, e.g., Figure 38.

Similar to the example of the selection process for a row of shapes, for a stimulus in a grid
a particular pixel location is randomly sampled from these smooth distributions (the sampling
process was done with the random.choice() function, which was also used for the 1D distribution,
after I converted the probability assigned to each coordinate into a 1D array). The x- and y-
coordinates of this pixel location determine the location of the center of the selection signal for the

next time step.

Summary

In sum, according to the model, a selection strategy involves determining placement and
timing of the selection signal. Selection signal placement is broken down in the model in terms
of: choice of a feature filter, which determines where a selection is more likely to be placed, and
choice of selection signal size, which involves a segmentation speed-precision tradeoff. Timing
of the selection signal involves when to start selection signals, the duration of selection cycles, and
when to use the segmentation reset signal. Just as for a connection strategy, what selection strategy
an observer uses depends on the given task and stimulus set. Further, a selection strategy is chosen
in conjunction with a connection strategy, e.g., in the above two examples, a horizontal feature
filter was chosen partly because horizontal connections united target pairs due to the chosen
connection strategy. Within the framework of the model, a connection strategy and selection
strategy, which are chosen in tandem so as to promote performance on a given task and stimulus

set, comprises a grouping strategy.
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Figure 38. An example of the selection process for a matrix of shapes where a smoothed probability distribution is constructed from V2 signal. Here the feature
filter used diagonal signal. Thereby, areas with diagonal signal are more likely to be the center coordinate of the selection signal. As in the previous figure, the
red box indicates a reset of layer 1.



This modified Selection Circuit, with top-down controlled feature filters and reset, allows
the model to implement a wide variety of selection strategies and, thus, gives it the ability to
simulate many kinds of visual tasks compared to the model of Francis et al. (2017). For example,
it is now possible to simulate visual search tasks in which observers likely use a dynamic and
strategic segmentation process in which each selection signal tends to go to locations where a
stimulus has particular feature(s). In the simulations below and, foreseeably, simulations of other
visual search tasks where one must respond as quickly and accurately as possible, if the target pair
is not segmented out after a 150 millisecond selection cycle (which was chosen to emphasize speed

and accuracy), the selection signal shifts to another location and the segmentation process repeats.

87



APPLICATION OF THE MODEL TO THREE EXPERIMENTS THAT USE
VISUAL SEARCH TASKS TO INVESTIGATE GROUPING

In the previous two chapters, I presented model modifications in detail. Modifications to
the Connection Circuit give the model the flexibility to group stimulus elements by V2 connections
in a variety of ways. The addition of a dynamic selection circuit that can use features to guide
selection signals to areas with contours of particular orientations enable the model to simulate
visual search tasks. Further, I developed the concept of a grouping strategy in terms of the
mechanisms of the model, i.e., a grouping strategy is a combination of a connection strategy and
a selection strategy that promotes performance on a given task. In the next three chapters, I apply
the model to three visual search experiments designed to investigate grouping. For each
experiment, I conducted a replication experiment and several sets of simulations in which the
model used particular grouping strategies. In some cases, I conducted additional experiments to

test model predictions.

General Experiment Methodology

Three experiments designed to investigate grouping with a visual search task were
replicated, i.e., experiment 1 of Palmer and Beck (2007), experiment 2a of Vickery (2008), and
experiment 2 of Trick and Enns (1997). I conducted two additional experiments to test model
predictions. Methodological procedures common to all experiments are as follows, and additional

details are indicated under the Methods section of the relevant experiment.

Participants

To identify an appropriate sample size for each experiment that I compared with simulation
results (i.e., Experiments 1, 5, and 6), I first determined that I generally wanted to measure each
mean response time with a precision that would have a standard error of 10 milliseconds. Response
time standard deviations across observers for identification tend to be around 100 milliseconds, so
I planned for a sample size of around 100 observers because this would give a standard error of
100/4/100 = 10. For other experiments, justification for sample size is given below. All

participants were naive undergraduates from Purdue University who took part in exchange for
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course credit. All participants provided informed consent in accordance with Purdue’s Institutional

Review Board.

Apparatus

All experiments were conducted online. I programmed each experiment in custom
JavaScript and HTML scripts and uploaded them to a local server. Participants used a computer to
navigate to the webpage and take an experiment, and those who attempted to use a tablet or phone
were prompted to switch to a laptop or desktop computer. Participants used keys on their keyboard
to register responses. Specific keys used are indicated under the Methods section for each

experiment below.

Stimuli

All stimuli were generated by the JavaScript program. Since the study was conducted
online, a participant’s distance from the monitor and the monitor’s size are unknown, and, thus,
the visual angle subtended by the stimuli is also unknown. To provide some sense of the size of
stimulus elements, below I provide the degrees of visual angle that stimulus elements would
subtend for a hypothetical participant who used a laptop on a desk with the monitor 18 inches
away. The hypothetical participant’s laptop has a 13.3-inch (diagonal) monitor with a width of
around 11.25 inches and resolution of 2560x1600 (making pixel density 227 pixels per inch).

Procedure

In all experiments, participants navigated to a webpage. After providing consent,
participants began by reading instructions at the top of a webpage and subsequently scrolled down
to a black rectangle where the experiment took place. The instructions encouraged participants to
enlarge their browser, if needed, so they can view the entire black rectangle. The rest of the

procedure varied by the task and is detailed below for each experiment.

Simulation Methodology

All simulations were programmed using Python2 scripts and used the package NEST

2.14.0 (Peyser et al., 2017) for creating the cells and synapses and managing network dynamics.
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A single cell type (iaf psc_alpha, which is a leaky integrate-and-fire neuron model with alpha-
function shaped synaptic currents) and synapse type (static_synapse) were used, but synapse
weights were manually set. For the simulations conducted, each trial takes approximately 12 — 40
minutes, depending on the size of the stimulus and on the time at which a trial was terminated due
to a target or set of targets being found.

Stimuli for each simulation were made using custom Python3 scripts with standard
packages (numpy, random). For the Palmer and Beck and Vickery simulations, the stimuli were
written to BMP files using the package ImagelO (Klein et al., 2018). For the Trick and Enns
simulations, on each trial a stimulus image was generated in the main LAMINART code to better
match the stimuli used in the experiment, where the location (and added jitter) of each stimulus
element was randomly generated on each trial.

To reduce overall runtime, the simulations were run on several systems in parallel: a 2019
MacBook Pro (8 cores, 32 GB RAM), a 2018 Linux running Ubuntu (6 cores, 16 GB RAM), two
virtual machines with each running Ubuntu 20.04.2 (44 cores, 120 GB RAM) on XSEDE Jetstream
(Stewart et al., 2015; Towns et al., 2014), and a local computer cluster that runs Linux with Debian
(24 nodes with 20 cores and 64 GB RAM per node). Batches of trials for particular simulations
were run on the cluster (Trick & Enns) and virtual machines (Vickery), which was merely due to
having access to these systems at the time. Checks of the different computing systems indicate that
they give the same results.

Each stimulus was presented until the trial was terminated. Every 50 ms following onset
of the selection signals, the program summed the neural action potentials in V4 in the non-base
segmentation layer(s). This activity was used to determine whether a target was detected using a
target identification algorithm, which is described below for each simulated experiment. If a target
was detected in the Palmer and Beck and Vickery simulations, the trial terminated and the
simulated time until target detection, which corresponds to reaction time, was recorded. For each
target detected in the Trick and Enns simulation, a counter was increased by one. If this counter
remained the same after 250 ms, then the trial terminated and the value of the counter, which
corresponds to the number of targets enumerated, and simulation time, which corresponds to
reaction time, were recorded. Otherwise, the simulation continued for another 50 ms increment.
For the Palmer and Beck and Vickery simulations, a trial terminated when either a target was found

or a maximum time was reached.
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The results of model simulations will be qualitatively compared with the empirical results
for human subjects who performed the same task. Because the model simulations occur over time,
the model time for each condition can be averaged across simulated trials and can be directly
compared with the averaged reaction time of human subjects measured in each of the target
experiments. Similarly, accuracy can be measured in terms of whether elements segmented out
from the base segmentation layer are identified as targets or not, or, for the Trick and Enns
simulation, whether the final value of the counter on each trial matches the number of targets in

the stimulus.
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PALMER AND BECK (2007)

Palmer and Beck (2007) developed a visual search task meant to provide an “objective”
measure of grouping. Each stimulus in their experiment 1 consisted of a row of nine shapes. Along
the row the circles and squares alternated except for one repeated pair, which was the target and
was either a pair of adjacent circles or a pair of adjacent squares. The task was to press a key
corresponding to the target pair shape as quickly as possible. An element of the target pair could
appear in any position in the row except for the outer two positions. There were nine spacing
conditions, which are shown in Figure 39 above the dashed line for a square target pair in positions
5 and 6 (counting from the left).

The spacing conditions were specifically designed to investigate effects of proximity by
varying target pair separation (the distance between target pair elements) and nontarget pair
separation (the distance between a target element and the neighboring nontarget shape). In each
condition, spacing between the shapes was varied to form three grouping conditions. In the neutral
conditions, each shape was equidistant from its neighbors (conditions numbered 1, 5 and 9, in
Figure 39). In within-group conditions, the target pair was relatively close together (conditions 2,
3 and 6). In between-group conditions, the target pair was relatively far apart (conditions 4, 7, and
8).

For this experiment, Palmer and Beck predicted that proximity should bias the target pair
in within-group conditions to be perceived as a group. For between-group conditions, they
predicted that proximity should bias the target elements to be perceived as part of two different
groups. For the neutral conditions, they claimed that proximity should not bias the target pair in
either direction. Generally, they expected the target pair to be detected more quickly when it is
perceived as part of the same group. In turn, they predicted that response times will tend to be
highest for between-group trials, lowest for within-group trials, and somewhere in between for
neutral trials.

Palmer and Beck’s results (Figure 40, top left plot, n» = 11, and Figure 41a, left set of bars)
indicated that performance tends to be best (fastest) for the within-group conditions (white bars,
i.e., conditions 2, 3, and 6), middling for the neutral conditions (gray bars, i.e., conditions 1, 5, and

9), and worse for between-group conditions (black bars, i.e., conditions 4, 7, and 8).
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Figure 40. Results by spacing condition. Top row: results from the Palmer and Beck (2007) experiment and Experiment 1 for each spacing condition. No error
bars are shown for the original data since Palmer and Beck did not provide any measure of variability. Bottom row: results from simulations with three different
grouping strategies. Error bars represent one standard error of the mean. Each spacing condition is numbered from 1-9 (see Figure 39), and each spacing
condition falls under one of three grouping conditions, i.e., neutral, within-group, and between-group, indicated by gray, white, and black bars, respectively.
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Figure 41. Results by grouping condition. Plot (a) shows mean response times for grouping conditions for the
original data (which are an estimate given mean response times for spacing conditions reported by Palmer & Beck,
2007; means for grouping conditions were not provided) and Experiments 1-3. Plot (b) shows grouping condition

mean response times for each simulated grouping strategy. Error bars represent one standard error of the mean.

Their prediction that grouped pairs of repeated elements would be discriminated faster than
ungrouped pairs was supported by these results: the targets in within-group conditions could form
groups by proximity. Their prediction about the relative performance on within-group and neutral
conditions was also supported: performance for neutral conditions was worse than the within-
group conditions. However, even though their results indicated that the difference in response
times between the neutral and within-group conditions was statistically significant, they noted that
the mean response times for these grouping conditions were relatively similar and speculated that
this similarity was due to the target pair in neutral conditions being perceived as a group due to

shape similarity.

Experiment 1: Replication of Palmer and Beck (2007)

Due to the original experiment’s small sample size, I conducted a replication of experiment
1 in Palmer and Beck (2007). Deviations between the original experiment and the replication
experiment are as follows. First, the replication, unlike the original lab-based experiment, was
conducted online. This format led to the following modifications to the experiment: (a) the
replication used participants’ keyboards to register responses rather than a button box, (b) the

replication was self-paced where the participant was prompted to press a key to start each trial
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instead of having the next trial start automatically after completion of the previous trial (This was
done to reduce the risk of participants who become distracted by something in their environment
from giving incorrect and/or very slow responses for multiple consecutive trials; with self-paced
trials, participants should still be able to get in to a similar rthythm as for automated paced trials
without the risk of environmental distractions impeding performance on multiple trials.), and (c)
the total number of experimental trials was reduced from 576 (in 8 blocks) to 144 (the equivalent
of 2 blocks) to keep the entire experimental session within a 30 minute time slot with the aim of
increasing the likelihood that participants complete the experiment and maintain focus throughout.

Second, rather than providing auditory feedback (a beep) for incorrect responses, I used
visual feedback (the word ‘Incorrect’). Third, although the original experiment counterbalanced
between left and right keys on a button box, I used the T-key and Y-key to register responses and
did not counterbalance them between participants. Finally, the original experiment used black line
figures on a white background, but for the model simulations it was better to use white line figures

on a black background. So, I used the same coloring for the experiment.

Method

Participants. Recall that since my aim is to measure each response time with a precision
that would have a standard error of 10 milliseconds, I planned for a sample size of 100 observers.
(This is an estimate based on similar studies; Palmer & Beck, 2007, do not provide the standard
deviations for their data.) Due to excess sign-ups for the experiment, a total of 130 observers
participated in the experiment. Data from 25 participants who had an error rate greater than 10%
was removed from analysis. In the original and similar experiments (Beck & Palmer, 2002; Palmer
& Beck, 2007) subjects with an error rate above 5% were excluded. In the present replication
experiment, the data from this subset of subjects (n = 80) largely followed the same pattern of
results for each spacing condition as those from the set of subjects (n = 105) with an error rate of
10% or less.

Apparatus. Participants used the T-key and Y-key on their keyboard to register responses
for circle and square target pairs, respectively. The keys were chosen since they are close together

and relatively centered on most keyboards.
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Stimuli. Examples of stimuli used in the experiment are provided in Figure 39 above the
dashed line. As in the original experiment, there were two possible target shapes (square or circle),
four possible positions of the target pair (3-4, 4-5, 5-6, 6-7) and 9 spacing conditions (conditions
numbered 1-9 in Figure 39). For the hypothetical participant described in the “General Experiment
Methodology” section above, the diameter of a circle subtended approximately 1.0° of the visual
angle, a separation of 0.5 entailed that there was a gap between two shapes that was half the width
of a square (i.e., the gap subtended approximately 0.5°), and the width of the entire row of figures,
i.e., the distance from the leftmost shape to the rightmost shape, subtended between approximately
13.0° to 20.8° depending on the spacing condition. The row was in a black rectangle with a
constant width and height that subtended approximately 22.2° and 14.8°, respectively.

Procedure. After reading instructions that explained the task, encouraged them to make
responses as quickly and as accurately as possible, participants scrolled to the bottom of the
webpage, where the experiment took place. Figure 42 schematizes what occurred on a trial. A
participant initiated the first trial by pressing the B-key on their keyboard. 500 milliseconds after
this key was pressed, the stimulus appeared and was shown until the participant responded. The
participant was to respond by pressing the T-key if the target pair were circles or the Y-key if the
target pair were squares. Since the original experiment used a button box and asked participants
to place an index finger on each button, this was emulated by instructing participants to rest their
left finger on the T-key and right finger on the Y-key for the duration of the experiment. After
completing 36 practice trials in which all spacing conditions were experienced, the participant
completed a total of 144 experimental trials. All conditions were randomly interleaved. If a
response was incorrect, too fast (if the response time was less than 100 ms), or too slow (if the
response time was greater than 3000 ms), participants were given feedback at the end of a trial and
subsequently were prompted to press the B-key to initiate the next trial. Otherwise, i.e., if a correct
response was given and the response time was not too fast or slow, the participant was prompted
to press the B-key to start the next trial. Incorrect trials and trials with reaction times lower than

100 ms or greater than 3000 ms were omitted from analysis.
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Figure 42. The left column shows the time course of a correct trial with a between-group stimulus, and right column
shows the time course of an incorrect trial with a within-group stimulus. This trial structure was used for
Experiments 1-3. The black rectangle has been cropped to take up less room here.
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Results and Discussion

Mean response times for correct trials for each spacing condition are shown in the top right

plot of Figure 40 and in Table 1.

Table 1. Experiment 1 Descriptive Statistics and Correlations for Spacing Conditions

Response Time (ms)

Condition M SD 1 2 3 4 5 6 7 8
1 731.45 113.12 —
2 721.17 122.03 7 —
3 741.32 116.90 g5 5 —
4 839.37 132.97 66 72 .67 —
5 725.58 99.04 g8 15 s 71 —
6 734.60 115.02 80 78 72 .69 75 —
7 993.09 178.32 62 67 62 73 65 .60 —
8 818.35 127.05 g7 731 g3 76 .69 .68 —
9 777.50 127.60 g8 1 68 75 76 76 68 74

Note. M indicates mean, SD indicates standard deviation, and columns 1-8 indicate correlations

across spacing conditions.

The spacing conditions were pooled by grouping condition. Mean response times for

correct trials for each grouping condition are shown as the second set of bars in Figure 41a and in

Table 2.

Since I am interested in whether there is a significant difference in mean response times

for grouping conditions, I ran an ANOVA model with three contrasts. This and all ANOVA

models below were run in R (version 4.0.2; R Core Team, 2020) using the ez package (Lawrence,

2016).
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Table 2. Experiment 1 Descriptive Statistics and Correlations
for Grouping Conditions

Response Time (ms)

Condition M SD Within Neutral
Within 732.47 107.96 —

Neutral 744.67 104.45 .88 —
Between 882.89 130.82 .82 .84

Note. M indicates mean, SD indicates standard deviation, and
columns labelled “Within” and “Neutral” indicate correlations
across grouping conditions.

A repeated measures ANOVA showed grouping condition had a significant effect on
response time, F(1.73, 179.45) = 328.71, p < .001 (since Mauchly’s test indicated a violation of
sphericity, ¢ = .86, Huyn-Feldt corrected results are reported). Planned contrasts indicated that
response times were significantly higher for the between-group condition compared to the within-
group condition, #208) = —23.08, p < .001, and for the between-group condition compared to the
neutral condition, #(208) =—21.21, p <.001. There was no significant difference in response times
for the neutral condition compared to the within-group condition, #208) = 1.87, p = .063.

The pattern of results for the spacing conditions of this experiment largely replicates that
in Palmer and Beck (2007). A key similarity is that the mean response times for the between-
group condition are significantly higher than the neutral condition. A difference is that the
response times for neural and within-group conditions did not significantly differ. The low sample
size of the original experiment and the results of their experiment 3 (in which they used color,
rather than proximity, to investigate differences in performance by grouping condition), which
indicated no significant difference between performance on neutral and within-group conditions,
suggest that this discrepancy could be the result of sampling variations. Additionally, response
times are compressed for my experiment, which probably reflects differences in equipment and

context.
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Model Simulations of Experiment 1

Simulated Grouping Strategies

To explore the impact of V2 connections and selection signal size on performance,
simulations implementing three grouping strategies were conducted. Recall that a grouping
strategy consists of a connection strategy (what elements are connected) and a selection strategy
(size, location and timing of selection signals). The simulations differed in their connection
strategy and selection signal size strategy as indicated in Figure 43b. These components of the
grouping strategies and as well as the selection signal timing strategy common all of these grouping

strategies will be presented in the next two subsections.

Connection strategies. A connection strategy that would facilitate selection,
segmentation, and identification of the target pairs would be to connect only the target pairs if
possible. Since target pairs are always the same shape and next to each other, this strategy can be
implemented by, in terms of Gestalt grouping principles, grouping by shape. In terms of the model,
an observer can tune the four connection parameters so as to promote connections only between
nearby same-shaped objects provided that these objects are appropriately aligned and spaced, e.g.,
equidistant from each other and objects of other shapes (which was demonstrated in the grouping
by shape example in the “Combining Connection Controllers to Promote Gestalt Groupings”
section above). With such connection parameter values, i.e., with at least a positive Spread
Controller duration value, which promotes connection spread, and the Long Controller Circuit on,
which can be used to connect nearby same-shaped objects only, the model is able to connect only
target pairs in the neutral (spacing conditions 1, 5, 9) and within-group (spacing conditions 2, 3,
6) conditions. Since there is a different minimum inter-shape distance in each of the within-group
conditions, there were a total of three sets of parameters. In other words, the further apart the
target pair is, the longer the Spread Controller needs to be on to allow the connections to spread
far enough to bridge the space between them. The set of parameters used for each spacing
condition is indicated by the Roman numerals next to each image in Figure 43¢ (see the caption

for the connection parameter values used in these simulations).
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(a) Stimuli (b)
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Figure 43. (a) All of the stimuli for the Experiment 1 simulations. (b) A table summarizes the differences in
grouping strategies, which references (c) and (d). Box (c) shows two connection strategies, and box (d) indicates
two selection signal size strategies. The connection parameter sets numbered by i-iv in box (c) correspond to the

following values for the horizontal connection circuits: (i) Spread Controller duration 30 ms, Long Controller input
2.0, Short Controller input 0.8; (ii) Spread Controller duration 60 ms, Long Controller input 1.7, Short Controller
input 0.8; (iii) Spread Controller duration 95 ms, Long Controller input 1.0, Short Controller input 0.8; (iv) Spread
Controller duration 0 ms, Long Controller input 1000, Short Controller input 0.8. Spread Controller onset was fixed
at 0 ms for all simulations.
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For the between-group conditions (spacing conditions 4, 7, 8), targets and distractors are
too close to prevent them from connecting while also connecting target pairs; there is no set of
connection parameters that connects target pairs only for the between-group conditions. So, the
most advantageous connection strategy for the between-group conditions is to have no connections.

This connection strategy gives rise to two related questions. First, do we need an additional
set of connection parameters for the between-group conditions, i.e., a set in which the Connection
Circuit is turned off so there are no connections? Second, how might an observer know when to
apply a particular set of connection parameters? There are at least three sets of connection
parameters, but the stimuli are randomized. So, an observer would not know whether, e.g., a
stimulus from the neutral condition with a target pair separated by half a square width (i.e., spacing
condition 1) or by 1.5 square widths (i.e., spacing condition 9) will be presented on the next trial,
or whether a neutral or between-group stimulus will be presented on the next trial. So, how does
the observer know which set of connection parameters to use for any given trial?

To answer the second question for the neutral (spacing conditions 1, 5, 9) and within-group
(spacing conditions 2, 3, 6) conditions, I propose that an observer applies a particular set of
connection parameters based on the smallest inter-shape distance between the shapes. For example,
if the smallest inter-shape distance in a given stimulus image is half a square width, then the
observer implements connection parameter set (i) in Figure 43a. If we apply connection
parameters (i) to the between-group conditions, e.g., apply connection parameters set (i) if the
smallest inter-shape distance for any stimulus image is half a square width, it turns out that this set
of parameters not only connects target pairs in the within-group condition, e.g., condition 2, and
in the neutral conditions, e.g., condition 1, but also deters connections in the between-group
conditions, e.g., condition 4 (see Figure 43¢ under ‘Strategic Connections’ for the connections that
form when this strategy is used). So, to answer the first question, only three sets of connection
parameters are needed to implement this connection strategy. In turn, one connection strategy that
an observer might learn to promote performance on this task is to associate the smallest distance
between elements in a stimulus with the connection parameters that promote V2 connections
among target pairs if it is possible to connect them. If it happens to be a between-group stimulus,
there is no disadvantage in using this strategy: the target pair in these cases will never connect

together in a way that allows only the target pair to be selected and segmented out.
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To see how these strategic connections impact performance, simulations were conducted
with (Grouping Strategies 1 and 2 — see Figure 43b) and without connections (Grouping Strategy
0). The V2 bipole activity is shown in Figure 43c under ‘No connections’, which used connection

parameter set (iv) that effectively turned off the connection circuit.

Selection strategies. To explore the impact of different selection signal sizes on
performance, two selection signal size strategies were used. Grouping Strategies 0 and 1 used the
Single Size Strategy where a selection signal of a single size was used for all conditions, while
Grouping Strategy 2 used the Multiple Sizes Strategy. For each size strategy, Figure 43d shows
the selection signal maps overlaid on to the stimulus image to provide a sense of size of the
selection signal relative to stimulus elements. The size for the Single Size Strategy was chosen to
be large enough to possibly select and segment out the unconnected target pair in between-group
conditions and, thereby, promote grouping via selection signals. Additionally, the selection signal
was not made so large that it might overlap with a distractor in the spacing conditions where the
shapes are relatively close and, thus, reduces such interference. The sizes for the Multiple Sizes
Strategy were chosen in view of the results of pilot simulations. As for the Strategic Connections
Strategy, which involves three sets of connection parameters, a similar question arises for the
Multiple Sizes Strategy: How does an observer know which selection signal size to use on a given
trial? I propose that observers who use the Multiple Sizes Strategy select a particular size by using
gist information about row width, i.e., the smallest size is used for stimuli with a relatively short
distance from the extreme elements in the row (spacing conditions 1, 2, 4), the largest size for rows
with elements that span a relatively long distance (spacing conditions 6, 8, 9), and a medium size

of rows of intermediate width (spacing conditions 3, 5, 7).

Apart from this difference in selection signal size, the selection strategy implemented in
each grouping strategy was the same. The model used a feature-based strategy for determining
the position of selection signals. A horizontal feature filter was used because targets, which tend
to be united by horizontal connections via the Strategic Connections strategy, often have more
horizontal signal. This can be seen by comparing the feature filters produced using bipole cell
activity with Strategic Connections compared with those from No Connections shown in Figure

44,
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Figure 44. Horizontal feature filters for spacing conditions 4, 5, and 6. Top row provides those
for Strategic Connections, and bottom row for No Connections.

With Strategic Connections, there are relatively wide and high peaks in the distribution
above the target pair due to the horizontal connections between them in the neutral and within-
group conditions. So, given this connection strategy, this feature filter was chosen since it will
tend to guide selection signals to the area where a connected target pair is located for the majority
of spacing conditions.

There were two selection signals, which is the same number used by Francis et al. (2017)
in simulations of vernier discrimination tasks. Unlike the simulations conducted by Francis et al.
in which location of selection signals were at a fixed location for the duration of a trial, here each
selection signal shifted every 150 ms to a location sampled from the probability distribution
created by smoothing the sum of horizontal activity in each column of the V2 output from the
previous 50 ms. 150 ms was chosen because this is the shortest time possible for V2 to elicit V4

signals that are strong enough to identify whether the selected element was a target. The selection
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signals were temporally staggered, e.g., the first started at 100 ms of simulation time and the second

started at 150 ms (Figure 45).

Target identification algorithm. Once an element was selected and segmented into a
segmentation layer, the associated V4 activity was checked for symmetry: if the segmented
element was (nearly) symmetrical and of appropriate width, e.g., wider than a single shape, then it
was identified as a target pair and the trial ended. If the segmented element did not meet these
conditions, then the non-base segmentation layer was reset and the trial continued (for examples,
see Figure 46).

Layer 1 Layer 2

Selection signal 1
in one location
for 150 ms

aw

Figure 45. Tllustration of the timing of selection signals used for the simulations of Experiment 1. Two selections
signals are used but are temporally staggered: the selection signal represented by a yellow circle begins 50 ms after
the pink selection signal. After 150 ms at one location, i.e., after a 150 ms selection cycle (which was defined in
Section 5.1), each selection signal shifts to a different location and its segmentation layer is reset.
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Condition 6, Trial 7 Condition 5, Trial 2
v4 Actlwty from 550-600 ms V4 Activity from 300-350 ms

Figure 46. Examples of V4 activity that are input to the target identification algorithm. Left column: The target
identification algorithm identified a target in layer 1 because the V4 activity is generally symmetrical and of suitable
width. In turn, the trial ended at 600 ms. Right column: Layer | has activity that is of suitable width yet is not
symmetrical. Layer 2 has a single object. Although this activity is symmetrical, it is not of suitable width for a
target pair. So, the target identification algorithm did not detect a target in either V4 layer, and the trial continued.

Simulation Stimuli, Method, and Procedure

The stimuli for the simulations were the set of stimuli shown in Figure 43a. These are
BMP files I created using a custom Python script and were used as input for the model. I attempted
to make the proportions of stimulus elements and spacing as close as possible to those used in
Experiment 1 while also reducing the size of the stimuli to facilitate faster runs of simulations.
The diameter of a square was 19 pixels, and the distance from the edges of the farthest shapes in
the row varied from 251 to 403 pixels, depending on the spacing condition. Target pairs were
always in the same positions, i.e., in positions 5-6. Palmer and Beck (2007) reported slower
reaction times for targets in positions 3-4 and 6-7; however, since, among other things, the model
lacks a retina that might explain better central acuity, the positions of the targets are irrelevant for
the simulations.

On each simulated trial, a stimulus was shown to the model until either the target
identification algorithm indicated that the target pair was detected or a 750 ms maximum time was
reached. For each spacing condition, 120 trials were conducted (60 trials with a circle target pair,
and 60 with a square target pair). Simulations were run in batches of 10 trials due to a memory
leak that occurs when using NEST 2.14.0, but such batch runs do not impact model performance.
Since the order of presenting the conditions is irrelevant for model performance, a single stimulus
image with a particular spacing condition and specific target pair (e.g., spacing condition 1 with a
square target pair) was input to the model on each batch.

Three sets of simulations were conducted, and each set implements one of three grouping
strategies, which are summarized in Figure 43b. Grouping Strategy 0 implemented a connection

strategy where no connections formed and used a fixed selection signal size for all conditions.
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Grouping Strategy 1 also used a fixed selection signal size but implemented the Strategic
Connection Strategy shown in the top set of images in Figure 43c. Like Grouping Strategy 1,
Grouping Strategy 2 used strategic connections, but it used the Multiple Sizes selection signal

strategy indicated in the top set of images in Figure 43d.

Model Results and Discussion

For each condition, the time it took for the model to find a target or time out on each trial
was averaged across simulated trials to provide a measure of mean response time that can be
compared with that of human observers. Model results for each spacing condition are shown in
Figure 40, bottom row. Model results from Grouping Strategies 1 and 2 are well correlated with
the results from my Experiment 1 (» = .81 and r = .88, respectively) relative to Grouping Strategy
0 and Experiment 1 (» =.53).

As shown in Figure 40, bottom row, Grouping Strategy 0 has much higher response times
overall compared with the other grouping strategies, and performance tends to decrease as distance
between the target pair increases. The latter trend is to be expected since, due to the fixed selection
signal size that can just barely cover two stimulus elements at 1.5 target-pair separation, it is less
likely that the observer simultaneously selects both unconnected target elements as their separation
increases.

Unlike Grouping Strategy 0, Grouping Strategies 1 and 2 result in relatively good
performance for the within-group and neutral conditions (bottom row of Figure 40, white and gray
bars, respectively) compared to the between-group conditions (black bars). The patterns of results
more closely resemble those of human observers in Experiment 1 (Figure 40, top right plot). In
turn, it seems the connection strategy used in these grouping strategies, i.e., connect target pairs
only (if possible), promotes performance for within-group and neutral conditions.

Interestingly, the pattern of results for Grouping Strategy 1 reflects Palmer and Beck’s
prediction that response times should be lowest for within-group conditions (2, 3, 6), middling for
neutral conditions (1, 6, 9), and highest for between-group conditions (4, 7, 8). This can be readily
seen in Figure 41b, middle set of bars, which shows results for each grouping condition. However,
the pattern produced for Grouping Strategy 2 more closely resembles the results from Experiment
1 in that response times for neutral and within-group conditions are similar (compare Figure 41a,

second set of bars, with Figure 41b, third set of bars). In turn, out of the grouping strategies
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simulated, Grouping Strategy 2, which had a strategic connection strategy coupled with a selection
signal size strategy with multiple sizes, leads to results that best match those of human observers.
This suggests that for this apparently simple task, participants are using a somewhat complicated
grouping strategy that combines a connection strategy that involves three sets of connection

parameters with a selection signal size strategy that involves multiple selection signal sizes.

Experiment 2: Same Task, Different Stimulus Set

One of my main claims is that the grouping strategy an observer adopts depends on the
task and stimulus set. I investigated this claim by conducting Experiment 2, which is a variation
of Experiment 1 that has the same task, number of spacing conditions, and number of possible row
widths, i.e., distance from the leftmost to the rightmost stimulus elements. However, rather than
having the majority of stimulus images being spaced such that an observer could group them by
shape, i.e., 2/3 of the stimulus images were either within-group or neutral in Experiment 1,
Experiment 2 has 2/3 of its stimulus images from the between-group condition. According to the
model, an observer should group stimulus elements such as to promote performance. In
Experiment 1 it seems beneficial to connect target pairs (if possible) since this will promote
performance for 2/3 of the stimuli. For the other 1/3 of the stimulus images, i.e., for the between-
group condition, this connection strategy was not detrimental to performance since, although target
pairs were too far to connect, target elements did not connect to distractors. This connection
strategy coupled with a horizontal feature filter, led to lower performance in the between-group
conditions, consistent with the empirical data.

Since 2/3 of the stimulus images in Experiment 2 are of the between-group condition, the
model predicts that an observer will likely not use the same grouping strategy; since this strategy
will only promote performance for 1/3 of the stimuli, it seems likely that an observer would use
an alternative grouping strategy. If, as for Experiment 2, the connection strategy causes the
elements in the between-group conditions to not connect, then a possible selection strategy is to
attempt to select a single element, perhaps using stimulus element features to guide attention to
the location of an element, and then use a location-based placement strategy to guide attention to
the element at the opposite side of the relatively wide gap. The two selected elements can thereby
be isolated and compared to see if they are of the same shape. This should cause faster response

times for the between-group conditions where the target elements are separated by a relatively
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wide gap. (The mechanics of this selection strategy would have to be worked out, but it does not
prima facie seem to be an unreasonable strategy. Small selection signals would probably work best
here to avoid also selecting the closest nearby element)

Assuming No Connections are used, the model predicts an increase in response time for
the within-group and neutral conditions. If the aim is to initially select a single item, then having
no connections would facilitate such selection; however, given the hypothetical selection strategy
that involves directing attention to the neighboring object across the wider gap, the relatively
nearby target in within-group conditions would be less likely to be selected and identified. Thus,
if No Connections are used, we should see an increase in response times for the within-group and
neutral conditions.

Would Strategic Connections promote performance for this stimulus set? This would
connect target elements only in the within-group and neutral conditions, and it would result in no
connections in the between-group conditions. It’s possible for a step to be incorporated into the
selection strategy described above: after the first item is selected, the segmented signal is checked
to see whether a pair of same-shaped items was selected. If so, then the trial stops since the target
pair was found. If not, then a second selection signal is directed to the neighboring element that
is farther away from the selected element. So, if Strategic Connections are used, the model
predicts similar performance on within-group and neutral conditions for this experiment as for
Experiment 1. A cost of this connection strategy is that it may be more difficult to select a single
element at the beginning of a trial with a between-group condition due to the spread of boundary
signal before the system settles down to equilibrium; a selection signal may overlap with spread
from a neighboring circle and, thereby, select a nontarget pair, especially when a target element is
very close to a distractor.

In sum, the model predicts that between-group response times should be lower in
Experiment 2 than Experiment 1. If a connection strategy with no connections is adopted, then
response times for within-group and neutral conditions should be higher in Experiment 2 than
Experiment 1. If a connection strategy in which target pairs only are connected (if possible) is
adopted, then within-group and neutral response times should be similar across both experiments.

I generated additional between-group spacing conditions by expanding the set of spacing
conditions (Figure 39, fourth row of stimuli) used in Experiment 1. Experiment 2 uses the set of

spacing conditions numbered 4-12 in Figure 39, which consists of one within-group (spacing
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condition 6), two neutral (conditions 5 and 9), and six between-group (conditions 4, 7-8, and 10-

12) spacing conditions.

Method

Participants. For ease of comparing data from this experiment with that of Experiment 1,
I aimed to gather data from the same number of participants as in Experiment 1 who had error
rates no greater than 10% (n = 105). I ended up with a total of 121 participants, 105 of which had
an acceptable error rate and were used in the analysis.

Apparatus, stimuli, and procedure. All aspects were identical to those of Experiment 1
except the spacing conditions are those numbered 4-12 in Figure 39. For this set of stimuli, the
width of the entire row of figures, i.e., the distance from the leftmost shape to the rightmost shape,
subtended between approximately 15.0° to 22.8°, depending on the spacing condition, for the

2

hypothetical participant described in the “General Experiment Methodology” section above.
Additionally, to accommodate the widest spacing condition, the width of the black rectangle
(where the experiment took place on the webpage) was increased so that it subtended

approximately 27.0°.

Results and Discussion

Mean response times for correct trials for each spacing condition are shown in Table 3.

Spacing conditions were also pooled by grouping condition. Mean response times for
correct trials for each grouping condition are shown as the third set of bars in Figure 41a and in
Table 4.

As in Experiment 1, I ran an ANOVA model with three planned contrasts to compare

performance by grouping condition.
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Table 3. Experiment 2 Descriptive Statistics and Correlations for Spacing Conditions

Response Time (ms)

Condition M SD 4 5 6 7 8 9 10 11
4 803.81 150.40 —
5 739.29 137.11 .82 —
6 747.83 122.69 .83 .82 —
7 922.85 184.58 86 .82 .80 —
8 789.43 145.86 87 84 84 85 —
9 744.36 119.31 87 86 86 86 91 —
10 991.67 194.15 g8 73 71 .83 g8 78 —
11 862.57 167.14 .85 81 .83 87 .83 82 78 —
12 807.29 153.58 .80 .83 82 77 85 84 78 .77

Note. M indicates mean, SD indicates standard deviation, and columns 4-11 indicate correlations
across spacing conditions.

Table 4. Experiment 2 Descriptive Statistics and Correlations
for Grouping Conditions

Response Time (ms)

Condition M SD Within Neutral
Within 747.83 122.69 —

Neutral 741.79 123.34 .87 —
Between 862.05 151.94 .87 .93

Note. M indicates mean, SD indicates standard deviation, and
columns labelled “Within” and “Neutral” indicate correlations
across grouping conditions.
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A repeated measures ANOVA showed grouping condition had a significant effect on
response time, F(1.86, 193.11) = 223.90, p < .001 (since Mauchly’s test indicated a violation of
sphericity, ¢ = .86, Huyn-Feldt corrected results are reported). Planned contrasts indicated that
response times were significantly higher for the between-group condition compared to the within-
group condition, #208) = —17.84, p <.001, and for the between-group condition compared to the
neutral condition, #(208) =—18.78, p <.001. There was no significant difference in response times
for the neutral condition compared to the within-group, #(208) = —0.94, p = .347.

Regarding the grouping conditions, the results of Experiment 1 are replicated in this
experiment. However, because the main purpose of Experiment 2 is to test whether performance
is dependent on the stimulus set, I compared mean response times for spacing conditions that
appeared in both Experiment 1 and 2. These are shown in rows 2 and 3 of Figure 39, and Figure
47 plots the response times across experiments for these conditions (the number beside each point

in Figure 47 corresponds to the spacing condition number in Figure 39).
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Figure 47. A plot comparing response times for Experiments 1 and 2 for shared spacing
conditions. The number labels correspond to the conditions shown in rows 2 and 3 of Figure 39.
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If a point falls on the dashed diagonal line, then the mean response time was the same for
both experiments. If the point is above the dashed line, then the mean response time was lower in
Experiment 1 than in Experiment 2 for that spacing condition. If the point is below the line, then
the mean response time was higher in Experiment 1. Qualitatively, mean response times for all
between-group conditions (squares in Figure 47) were faster in Experiment 2, and mean response
times for all within-group and neutral conditions (diamond and circle points in Figure 47,
respectively) except condition 9 were slower in Experiment 2.

To compare the performance of participants in Experiment 1 and Experiment 2, which had
different stimulus sets, on conditions shared between these experiments (spacing conditions 4-9),
a mixed ANOVA was run. There was a significant effect of spacing condition, F(3.70, 770.17) =
313.69, p <.001, and a significant interaction between stimulus set and spacing condition, F(3.70,
770.17) = 11.64, p = .011 (since Mauchly’s test indicated a violation of sphericity, ¢ = .74,
Greenhouse-Geisser corrected results are reported). Stimulus set did not have a significant effect
on response time, F(1,280)=1.89, p =.171. Planned contrasts indicated that response times were
significantly lower for between-group spacing conditions (4, 8, 7) for Experiment 2 than in
Experiment 1, #(208) = —2.28, p = .023. There was no significant difference in response times for
the within-group and neutral conditions in Experiment 1 compared with response times for those
conditions in Experiment 2, #(208) = —0.13, p = .0894.

The stimulus set of Experiment 2 had a majority of between-group conditions, while that
of Experiment 1 had a majority of within-group and neutral conditions. The results of Experiment
2 are in line with the expected results: performance for between-group conditions is improved for
this stimulus set compared to that of Experiment 1, which indicates that participants are using an
alternative selection strategy. The similar performance for within-group and neutral conditions
across the experiments indicates that the same connection strategy was used. Overall, this supports
my claim that the grouping strategy used is dependent on the stimulus set and chosen to promote

overall performance.

Experiment 3: Controlled Row Width to Induce a Simpler Selection Strategy

In this experiment, I investigate whether controlling for total row width of each stimulus
image impacts reaction time. Recall that in view of how well the results of Grouping Strategy 2

matched those of Experiment 1, it seemed that observers might be using a complicated selection
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strategy in which the chosen selection signal size depends on the total width, i.e., the distance from
the leftmost to rightmost shape in a row, of each stimulus image. Sets of spacing conditions with
the same row width are easily generated by extending the matrix of spacing conditions used in
Experiment 1 shown in Figure 39. Each spacing condition that falls along a diagonal that starts at
the bottom left and ends to the top right of the matrix, e.g., conditions 3, 5, and 7, have the same
row width. The set of spacing conditions for Experiment 3 are shown in Figure 39 below the solid
line. If the matrix above the dashed line is extended to have 7 rows and 7 columns (with a
maximum pair separation of 3.5), then this set of stimuli constitutes the matrix’s counterdiagonal.

If participants use a selection strategy involving a fixed selection signal size, which was
implemented in Grouping Strategy 1, then reaction times should be more indicative of the
connection strategy and feature filter that was used and, thus, would support my claim that
observers are using a more complicated selection strategy in the original Palmer and Beck
experiment since total width was not controlled for. In other words, the results should mirror the
model results when Grouping Strategy 1 was implemented, which had a fixed selection signal size,
i.e., times should tend to be lowest for within-group conditions, worst for between-group

conditions, and somewhere in between for neutral conditions.

Method

Participants. I planned to gather data so that I measured mean response time with a
standard error of around 10 milliseconds. Experiment 1 above found standard deviations across
participants around 114 milliseconds, so I again planned for approximately 100 participants. I
ended up with a total of 143 participants. As in Experiment 1, I used data only from subjects with
an error rate of 10% or less (n = 102).

Apparatus, stimuli, and procedure. All aspects were identical to those of Experiment 1
except the stimulus set is that shown below the solid line in Figure 39. It consists of a total of
seven spacing conditions: three within-group (labelled W1, W2, W3, in Figure 39), one neutral
(N1) and three between-group (B1, B2, B3). For this set of stimuli, the width of the entire row of
figures was a constant, i.e., the distance from the leftmost shape to the rightmost shape, subtended

approximately 24.7°.
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Results and Discussion

Mean response times for correct trials for each spacing condition are shown in the second

column of Figure 48 and in Table 5.

Experiment 3 (n = 102)
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Figure 48. Mean response times for each spacing condition in Experiment 3. Error bars
represent one standard error of the mean, and bar color indicates which grouping condition the
spacing condition falls under.

Spacing conditions were pooled by grouping condition. Mean response times for correct
trials for each grouping condition are shown as the fourth set of bars in Figure 41a and in Table 6.

I again ran an ANOVA model with three planned contrasts to compare performance by
grouping condition.

A repeated measures ANOVA showed grouping condition had a significant effect on
response time, F(1.59, 160.34) = 382.91, p <.001 (since Mauchly’s test indicated a violation of
sphericity, ¢ = .86, Huyn-Feldt corrected results are reported). Planned contrasts indicated that
response times were significantly higher for the between-group condition compared to the within-
group condition, #202) = —24.73, p < .001, and for the between-group condition compared to the
neutral condition, #202) =—-23.12, p <.001. There was no significant difference in response times

for the neutral condition compared to the within-group condition, #202) = 1.61, p = .109.
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Table 5. Experiment 3 Descriptive Statistics and Correlations for Spacing Conditions

Response Time (ms)

Condition M SD Wi w2 W3 N1 B1 B2
W1 799.41 119.56 —
W2 800.55 123.44 74 —
W3 799.89 125.72 .76 .80 —
N1 820.90 139.84 .70 .68 27 —
B1 972.24 203.19 .60 .56 .65 78 —
B2 1109.67 225.89 54 43 .56 58 1 —
B3 1285.55 263.49 .55 40 Sl Sl .53 .68

Note. M indicates mean, SD indicates standard deviation, and the other columns indicate
correlations across spacing conditions.

Table 6. Experiment 3 Descriptive Statistics and Correlations for
Grouping Conditions

Response Time (ms)

Condition M SD Within Neutral
Within 800.07 112.87 —

Neutral &820.90 139.84 .76 —
Between 1119.67 199.78 .66 .70

Note. M indicates mean, SD indicates standard deviation, and columns
labelled “Within” and “Neutral” indicate correlations across grouping

conditions.
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Although there is a small difference in response time between within-group and neutral
conditions of around 20 ms, this difference was not significant. This is counter to the prediction
that controlling for row width would control for selection signal size and, thereby, result in the
lowest mean response time for the within-group condition and a middling mean response time for
the neutral condition.

However, this prediction was ill-formed for two reasons. First, given that I claim that
grouping strategy is dependent on stimulus set, I should have considered model behavior for this
particular stimulus set, rather than rely solely on inferences from the Experiment 1 simulations. In
future work, I plan to run simulations with the stimulus set used in Experiment 3 to determine what
grouping strategy(s) optimizes performance for this stimulus set (which may also offer an
explanation for the pattern of results for the between-group spacing conditions). Second, when
making this prediction and designing the experiment, I did not consider that it was the combination
of selection signal size and crowding that was a main reason for the pattern of results produced
with Grouping Strategy 1 in the simulation of Experiment 1. Consider the simulated results in
Figure 40, bottom row. Grouping Strategy 1 led to much higher response times for spacing
condition 1, which was a neutral condition, compared with spacing condition 2, which was a
within-group condition. With the target pair being connected in both conditions, this difference in
response times is primarily due to the within-group target pair being farther from distractors than
the neutral condition target pair. In turn, a selection signal that happened to land on the target pair
in the neutral condition was more likely to overlap with surrounding distractors and, thus, less apt
to segment and identify the target pair than the within-group condition. When Grouping Strategy
2 is used, which has the same small selection signal size, mean response time for spacing condition
1 is greatly reduced and more similar to that of spacing condition 2 (compare the bars for
conditions 1 and 2 of Figure 40, bottom middle plot with those of the bottom right plot). Thus,
with a medium selection signal size, grouping by selection of targets with neighboring distractors
was more likely for this neutral condition than for the within-group condition, which led to the
difference in performance.

Compared to the Experiment 1 stimuli, the neutral and within-group stimuli of Experiment
3 had much wider gaps surrounding the target pair for within-group and neutral conditions. So,
unless a selection signal with a large size that tended to overlap with neighboring distractors was

used, response times for the neutral and within-group stimuli should be similar, which is what was
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observed. In turn, a selection signal size strategy with a fixed, small size is compatible with the

Experiment 3 results but not directly supported by them.
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VICKERY (2008)

Vickery (2008) used the visual search task developed by Palmer and Beck (2007) to
investigate induced perceptual grouping, which refers to the influence of perceived grouping of
some elements on other elements in the scene. The stimuli for Vickery’s experiment 2a, which
were reproduced for Experiment 4 and shown at the top of Figure 49, demonstrate this
phenomenon with proximity.

Each stimulus consists of a top row of 15 large and small circles that are alternated across
the row except for the target pair, which is either an adjacent pair of large circles or small circles.
The task was to press a key as soon as the target pair was found. In all conditions the center of
each circle is the same distance from that of its neighbors. However, Vickery attempted to measure
the effects of induced grouping by adding a bottom row of crosses that is irrelevant to the task.
Vickery’s experiment had three grouping conditions: uniform, within-group, and between-group.

Examples of each spacing condition are shown in the top three images of Figure 49.

Grouping
Condition
T ® 06 006 0600006 00 0 ¢ 0 o
Within-group
+ ++ +4+ ++ +4+ ++ +4+ ++
Experiment 4 . 0000000000000 o0
Stimuli Uniform

(with small target pair) + 4+ + + + + 4+ 4+ + + + + 4+ 4+ +

®© 000600000000 000
++ ++ ++ ++ ++ ++ ++ +

Between-group

o 0000 00 00
+ ++ ++ ++ ++

imuli : © 0 00000 00
Stimuli Uniform
(with large target pair) + + + + + + + + +

o ® 0600 0 0 00O
++ ++ ++ ++ +

Within-group

Experiment 5

Between-group

Figure 49. Screenshots showing stimuli that exemplify the grouping conditions used in
Experiments 4 and 5. For ease of comparison, here the target pair is always shown in positions 4
and 5, counting from the left.

120



(a) Original and Replication Results (p) Simulation Data for Experiment 5
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Figure 50. Plot (a) provides mean response times for grouping conditions for the original experiment and
Experiments 4 and 5. Plot (b) shows the results of simulations running a version of Experiment 5 with the model
implementing different grouping strategies. Error bars represent one standard error of the mean, and bar color
indicates the grouping condition.

In the uniform condition, each cross is directly below the center of a circle and, thus,
equidistant from neighboring crosses. In the other conditions, crosses were spaced so as to form
perceived groups by proximity. Grouped crosses fall under the target pair in the within-group
condition, while grouped crosses fall below a target circle and a distractor circle in the between-
group condition. Since Vickery hypothesized that the grouped pairs of crosses will induce
perceived grouping of the uniformly spaced circles, i.e., the grouping of the crosses ‘spreads’ to
the row of equidistant circles, he predicted that the crosses in the within-group condition will tend
to improve performance compared to that of the between-group condition.

In line with his prediction that response times should tend to be faster for the within-group
condition and slowest for the between-group condition due to the grouping of irrelevant crosses,
Vickery reported that mean reaction time for the between-group condition was significantly longer
than that of the within-group condition, while the difference between the uniform and within-group
conditions was not significant (Figure 50a, left set of bars, n = 13). Thus, he concluded that
grouping of the irrelevant crosses due to proximity influenced the perception of target items.

Curiously, Vickery (2008) presents this experiment as a version of the Palmer and Beck
(2007) experiment; however, he gives no reason for why he increased the number of non-cross

elements from 9 to 15. Additionally, Vickery’s experiment also modified how participants
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responded. Participants responded in two stages: first they pressed a button as soon as the target
pair was found, then a black letter X replaced each circle and the subject clicked on the X’s at the
locations of the target pair.

To see whether Vickery’s results replicate and to conduct the experiment so that it is closer
to Palmer and Beck’s version of the task, I conducted a replication experiment (Experiment 4)
with 15 shapes per row as well as a version with 9 shapes per row (Experiment 5). Additionally,
since simulations were only conducted with 9 shape stimuli (due to the computational resources
required to simulate the large stimuli with 15 shapes), Experiment 5 provides results for the

stimulus set that [ was able to simulate.

Experiment 4: Direct Replication of Vickery (2007)

Experiment 4 is a replication of experiment 2a in Vickery (2008). However, Experiment
4 deviates from the original in several ways. First, Experiment 4 is an online, rather than lab-based,
experiment. In turn, unlike the original experiment, this experiment is self-paced with participants
being prompted to press a key to start each trial. Second, the tasked used in Experiment 4 was kept
closer to Experiment 1, i.e., rather than the two-stage response described above, participants
responded by pressing one key if the target was small circles and another key if the target was
large circles. Third, the original experiment discarded trials with response times less than 150 ms
or greater than 5000 ms. However, in view of pilot results, a 5000 ms cutoff was too short because
too many trials were excluded and, in turn, a cut off of 8000 ms was used. Finally, the original
experiment used black filled figures on a white background, but for the model simulations it was
better to use white filled figures on a black background. So, I used the same color scheme for the

experiment.

Method

Participants. Recall that my aim is to measure each response time with a precision that
would have a standard error of around 10 milliseconds. The findings in Vickery (2007) indicate
that the standard deviations are around 330 milliseconds. Provided that Vickery’s standard

deviations are representative, running 300 participants seemed rather excessive to achieve a
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measure with a standard error of around 10 ms (particularly since I did not plan to simulate this
version of the experiment), and a standard error of around 30 ms achievable by running 100
participants seemed reasonable. So, I planned for a sample size of 100 observers. Due to excess
sign-ups for the experiment, I ended up with a total of 162 observers. Because this experiment
used the same task as Experiment 1, I used the same exclusion criterion and analyzed data only

from subjects who had an error rate no greater than 10% (n = 105).

Apparatus. Participants used the T-key and Y-key on their keyboard to register responses
for large and small target pairs, respectively. The keys were not counterbalanced and were chosen
since they are close together and relatively centered on most keyboards.

Stimuli. Examples of stimuli used in the experiment are shown in the first three rows of
Figure 49. There were two target sizes (small or large), 3 grouping conditions (within-group,
uniform, between-group), and 10 possible positions of the target pair (a target element could
appear in any location except the two outer positions [1, 2, 14, or 15] in the row). For the
hypothetical participant described in the “General Experiment Methodology™ section above, the
diameter of a small circle subtended approximately 0.7° of the visual angle, the diameter of a large
circle subtended 0.9°, and the width of a cross was the same as the diameter of a small circle. The
width of a line composing the cross subtended approximately 0.1°. The center-to-center distance
for each adjacent pair of circles and the center-to-center distance of pairs of crosses in the uniform
condition subtended approximately 1.8°. In non-uniform conditions, the center-to-center distance
of relatively close crosses subtended approximately 1.1°, and that of relatively far crosses
subtended approximately 2.6°. The vertical distance from the center of a circle to the center of a
cross in the uniform condition subtended approximately 1.9°. The row was in a black rectangle
with a constant width and height that subtended approximately 28.3° and 14.8°, respectively.

Procedure. The procedure was identical to that of Experiment 1 with the following
exceptions. As shown in Figure 42, the screen was blank for 1000 ms, rather than 500 ms, and, of
course, the subsequent stimulus image was, e.g., one shown in the first three rows of Figure 49.
The participant was instructed to respond as quickly and as accurately as possible by pressing the
T-key if the target pair were large circles or the Y-key if the target pair were small circles . After

completing 24 practice trials in which all spacing conditions were experienced, the participant
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completed a total of 120 experimental trials. So, there were 40 experimental trials per grouping
condition, which is the same as the original experiment. If a response was incorrect, too fast (if
the response time was less than 100 ms), or too slow (if the response time was greater than 8000
ms), the participant was given feedback at the end of the trial and were prompted to press the B-
key to initiate the next trial. Otherwise, if a correct response was given and the response time was
not too fast or slow, the participant was prompted to start the next trial by pressing the B-key.
Trials with reaction times lower than 150 ms or greater than 8000 ms were omitted from analysis.

Incorrect trials were also omitted from analysis.

Results and Discussion

Mean response times for correct trials for Experiment 4 are shown as the second set of bars
in Figure 50a and in Table 7.
I ran an ANOVA with three planned contrasts to compare performance for grouping

conditions.

Table 7. Experiment 4 Descriptive Statistics and Correlations for
Grouping Conditions

Response Time (ms)

Condition M SD Within Uniform
Within 2025.25 441.80 —

Uniform 2058.57 440.88 .88 —
Between 2344.08 526.77 .82 78

Note. M indicates mean, SD indicates standard deviation, and columns
labelled “Within” and “Uniform” indicate correlations across grouping
conditions.

A repeated measures ANOVA showed grouping condition had a significant effect on
response time, F(1.71, 177.59) = 78.20, p < .001 (since Mauchly’s test indicated a violation of
sphericity, ¢ = .85, Huyn-Feldt corrected results are reported). Planned contrasts indicated that

response times were significantly higher for the between-group condition compared to the within-
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group condition, #(208) = 11.38, p <.001, and for the between-group condition compared to the
uniform condition, #208) = 10.19, p <.001. There was no significant difference in response times
for the uniform condition compared to the within-group condition, #(208) = 1.19, p = .236.

The results of this experiment largely replicate the pattern of results in Vickery (2008).
Compared with the results reported by Vickery, response times were longer in Experiment 4, and
there was a much greater difference between the mean response time for the between-group
condition and those of the other conditions. The former difference is likely due to the difference
in how participants responded: unlike the original experiment where participants pressed a button
as soon as they found the target pair, this experiment required participants to press a key that
corresponded to the size of the target pair. The process of determining which key to press in this

experiment should take more time and, thus, should lead to higher response times.

Experiment 5: Nine Elements Per Row

There are two reasons for conducting Experiment 5. First, I wanted to see whether a
version of Experiment 5 with nine shapes per row, which is the same as the number of elements in
Palmer and Beck’s experiment, also provides evidence of induced grouping. Second, this provides
experimental results that I can directly compare with model results. Given the computational
resources | had at the time of simulating this experiment, I could only run simulations using the

Vickery stimuli with nine shapes.

Method

Participants. I again planned to gather data so that [ measured mean response time with a
standard error of around 10 milliseconds. Experiment 4 above found standard deviations across
participants to be rather large (approximately 470 ms). Reasoning that this was due to the row
being much longer than a version with nine shapes per row, I stipulated that standard deviation for
Experiment 5 should be closer to Experiment 1 (approximately 114 ms). So, I again planned for
approximately 100 participants. I ended up with a total of 143 participants. As in Experiment 5, I

used data only from subjects with an error rate of 10% or less (final n = 101).
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Apparatus, stimuli, and procedure. All aspects were identical to those of Experiment 4
with the following exceptions. Rather than having 15 shapes per row, each stimulus had 9 shapes
per row; examples of stimuli used in the experiment are shown in the bottom three rows of Figure
49. There were two target sizes (small or large), 3 grouping conditions (within-group, uniform,
between-group), and 4 possible positions of the target pair (a target element could appear in any
location except the two outer positions [1, 2, 8, or 9] in the row). The size of the black window
where the experiment took place was the same size as in Experiment 1. And, as in Experiment 1,
a response time was considered to be too fast if it was greater than 3000 ms. Response times less

than 150 ms or greater than 3000 ms were excluded from analysis.

Results and Discussion

Mean response times for correct trials for Experiment 5 are shown in third set of bars in

Figure 50a and in Table 8.

Table 8. Experiment 5 Descriptive Statistics and Correlations for
Grouping Conditions

Response Time (ms)

Condition M SD Within Uniform
Within 1016.99 197.45 —

Uniform 1040.96 189.41 .93 —
Between 1084.84 206.41 91 .89

Note. M indicates mean, SD indicates standard deviation, and columns
labelled “Within” and “Uniform” indicate correlations across grouping
conditions.

As for Experiment 4, I ran an ANOVA with three planned contrasts to compare
performance for grouping conditions.

A repeated measures ANOVA showed grouping condition had a significant effect on
response time, F(1.92, 192.25) = 33.63, p < .001 (since Mauchly’s test indicated a violation of

sphericity, ¢ = .96, Huyn-Feldt corrected results are reported). All planned contrasts were
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significant: response times were significantly higher for the between-group condition compared to
the within-group condition, #(200) = 8.09, p <.001, and compared to the uniform condition, #200)
=5.23, p<.001. Response times for the uniform condition were also significantly higher than for
the within-group condition, #(200) = 2.86, p = .005.

Again, the spacing of irrelevant crosses negatively impacted performance in the between-
group condition. However, unlike Experiment 4, the crosses in this experiment offered some

performative advantage for the within-group condition compared to the uniform condition.

Model Simulations of Experiment 5

Simulated Grouping Strategies

Four grouping strategies were implemented by the model, which are summarized in Figure
51b. Since a grouping strategy is a combination of a connection strategy and selection strategy, |

go through these components in the next two subsections.

Connection strategies. A connection strategy that would allow for easier identification of
the target pair is to connect only the target pair of circles together. The target pairs were always
horizontally aligned, adjacent and of the same size. An implementation of this connection strategy
(one that also ignores connections that happen to form among irrelevant crosses) is to have a
relatively long Spread Controller duration (57 ms) so that even stimuli with a target pair consisting
of small circles can connect. However, as in the grouping by size example discussed in the
“Combining Connection Controllers to Promote Gestalt Groupings™ section above, this causes
connections between different sized circles; this high Spread Controller duration, which is needed
to connect the distant but adjacent small circles also causes small and large circles to connect. To
eliminate these connections, the Small Controller Circuit was on and the Long Controller Circuit
was off. So, just as in the grouping by size example discussed in the “Combining Connection
Controllers to Promote Gestalt Groupings” section, the Small Controller Circuit must be on to
prevent the top and bottom horizontal edges of each small circle from connecting with the large

circles. One set of connection parameters was used to connect the same sized nearby target pairs

127



for all conditions. The resulting connections for each stimulus are shown in Figure 51c under
‘Strategic Connections’. (The set of parameter values used to produce these connections is given

in the caption of Figure 51).

(a) stimuli (b)
wor NN IR | Goonne [ comeoton suateny aecor o
Size Strategy |
- ks e e ke s ks ks sk sl 0 No Connections Large
[ BN BN BN BN BN BE BN B K BN BN BN BN BN BN BN BN J
Uniform
+ 4+ + + + 4+ + 4+ 4 + + + + + 4+ 4+ 4+ +
2 Strategic Connections Medium
®
......... LA o0 ¢ 0 00 : :
+ + +4+ ++ ++ + ++ ++  ++4 ++ + 3 Strategic Connections Small

(c

1 Strategic Connections Large

Connection Strategies (d) Selection Signal Size Strategies

Strategic Connections Size (diameter

in pixels) Large

Figure 51. (a) All stimuli input to the model. (b) Grouping strategies implemented by the model, which reference
boxes (c¢) and (d). Box (c) shows connections formed by two connection strategies. For Strategic Connections, one
set of connection parameters was used for the horizontal connection circuit: Spread Controller duration was 57 ms,

Long Controller input was 1000, and Short Controller input was 0.8. For No Connections, the set of connection
parameters was: 0 ms duration, 1000 Long Controller input, and 0 Short Controller input. Spread Controller onset
was fixed at 0 ms for all simulations. Box (d) shows the selection signal map for three selection signal size
strategies. The map is overlaid with a stimulus to give a sense of a signal’s size relative to stimulus elements.

To evaluate the role of connections in performance on this task, simulations were
conducted with Grouping Strategy 1, which had Strategic Connections, and Grouping Strategy 0,

which had no connections.
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Selection strategies and target identification algorithm. For ease of comparing the role of
connections, Grouping Strategies 0 and 1 had the same selection strategy, which is shown in Figure
51d under ‘Large’. This selection signal size was chosen because it was as big as possible without
risking overlap with an irrelevant cross. If Grouping Strategy 0 is to succeed, the observer
implementing this grouping strategy must group target pairs by selection. So, the signal needs to
be big enough to possibly cover a target pair consisting of two small circles, but also not so large

that it selects an irrelevant distractor.

Two additional grouping strategies (Grouping Strategies 2 and 3) were run in order to see
whether an observer using a smaller selection signal and connections would perform differently
than an observer using Grouping Strategy 1 with the large selection signal. Grouping Strategy 2
and Grouping Strategy 3 were the same as Grouping Strategy 1 except for the selection signal size
strategy. As shown in Figure 51d, Grouping Strategy 2 used the Medium size strategy, and
Grouping Strategy 3 used the Small size strategy.

Apart from selection signal size, all other components of the selection strategy were
identical across all grouping strategies implemented. The timing and placement strategies and
target identification algorithm are the same as those for the Palmer and Beck simulation with the
following exceptions. Possible locations of each selection signal were restricted to the row of
circles; a selection signal could not overlap with a cross (Figure 52).

The feature filter probability distribution was constructed from horizontal activity for the
entire image, including horizontal signals from crosses (Figure 53).

This distribution was used to guide selection signals, specifically the x-coordinate of the
center of a selection signal was randomly sampled from this distribution. The y-coordinate was
fixed for all trials so that each selection signal was vertically centered on the row of circles. So,
although horizontal signals from crosses influenced selection signal placement across the image,

crosses could not be selected.
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Segmentation Layer 1 Segmentation Layer 2

Segmentation Layer 0

sl

Figure 52. Example of the selection strategy used for the Vickery simulations. The output of each segmentation
layer from the final 300 milliseconds (simulation time) from a particular trial, with each row showing segmentation
layer activity during 50 ms. The y-coordinate of each selection signal was fixed such that it was centered on the row

of circles yet did not overlap with the crosses. Shown here is the Large selection signal size strategy.
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Strategic Connections
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Figure 53. Examples of the distributions used in each condition of the Vickery simulation for
both connection strategies implemented by the model.

Simulation Stimuli, Method, and Procedure

Stimuli input to the model are shown in Figure 51a and were created using a custom Python
script and converted to BMP files. All aspects of the simulation method and procedure are
identical to those of the simulations for Experiment 1 except, rather than a trial timing out at 750
ms, the maximum time of a trial was 1000 ms. In view of the pilot simulation results, the Vickery
simulations often took longer to find a target than the Palmer and Beck simulations, which seldom

found a target after 750 ms. The reason for this difference is discussed below.

Model Results and Discussion

Experiment 6 indicated that mean response times for all grouping conditions was

significantly different with the longest response times for the between-group condition and shortest
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for the within-group condition (Figure 50a, right set of bars). This pattern was mirrored
qualitatively in the results of the simulations with Grouping Strategy 1 (Figure 50b, second set of
bars). Grouping Strategies 2 and 3 also produced a similar but compressed pattern of results
(Figure 50b, third and fourth set of bars). Grouping Strategies 1, 2, and 3, were well correlated
with the Experiment 5 data (r = 1.00, » = .99, and r = .98, respectively) compared to Grouping
Strategy 0 (» = .74). Of the grouping strategies simulated, Grouping Strategy 0 produced the
highest response times and, thus, the worst performance (Figure 50b, first set of bars).
Additionally, unlike Experiment 5, Grouping Strategy 0 had the highest mean response time for
the uniform condition. This is because selection signals tended to be located directly on one of the
circles due to the feature filter (see Figure 53, bottom row). Since Grouping Strategy 0 had no
connections, such selection signal placement often resulted in only one circle, rather than the target
pair, being selected and segmented. Thus, it seems that connections are required to facilitate
performance on this task; grouping by selection alone is not sufficient.

The results of using Grouping Strategies 1, 2, and 3 (Figure 50b) indicate that performance
is similar for a range of selection signal sizes provided that the target pair is connected. Thus, it
seems that human observers are likely using a grouping strategy in which same-sized adjacent
circles are connected along the target row, rather than the connection strategy implemented in
Grouping Strategy 0 simulation in which none of the shapes are connecte