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Abstract

The goal of human-level performance in artificial vision systems is yet to be achieved. With this
goal, a reasonable choice is to simulate this biological system with computational models that mimic
its visual processing. A complication with this approach is that the human brain, and similarly
its visual system, are not fully understood. On the bright side, with remarkable findings in the
field of visual neuroscience, many questions about visual processing in the primate brain have been
answered in the past few decades. Nonetheless, a lag in incorporating these new discoveries into
biologically-inspired systems is evident. The present work introduces novel biologically-inspired
models that employ new findings of shape and color processing into analytically-defined neural
networks. In contrast to most current methods that attempt to learn all aspects of behavior from
data, here we propose to bootstrap such learning by building upon existing knowledge rather than
learning from scratch. Put simply, the processing networks are defined analytically using current
neural understanding and learned where such knowledge is not available. This is thus a hybrid
strategy that hopefully combines the best of both worlds. Experiments on the artificial neurons
in the proposed networks demonstrate that these neurons mimic the studied behavior of biological
cells, suggesting a path forward for incorporating analytically-defined artificial neural networks into

computer vision systems.
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sponses shown on the upper left part of (b) represents the minimum and maximum
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The 60 uniformly sampled hues from the HSL space mapped onto a unit circle in
the MacLeod and Boynton space. As shown, the hues are not uniformly spaced on
the unit circle. The hues are rotated on the unit circle, with different hue angles,
compared to their corresponding angles on the hue wheel as a result of a non-uniform
mapping. The four cardinal axes in this space correspond to reddish, lime, cyan-like
and lavender hues. . . . . . . . . L
The relative contributions of individual mV2 cells in the encoding of six distinct
hues in our mV4 layer (best seen in color). Each row represents a hue-sensitive mV4
cell, and each column shows a mV2 cell. Multiplicative mV2 cells are indicated as
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signal to the multiplicative mV2 cell. The weights are normalized to sum to 1.0.
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in the Methods section. . . . . . . . .. .. .
Caption on the next page. . . . . . . . . . . e
(Previous Page). Model neuron tunings. Responses of neurons in layers mLGN,
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sampled hue is mapped to its corresponding hue angle in the MB space and is shown
by a colored dot corresponding to the sampled hue on the circumference of a unit
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2.9 Model mV4 neuron responses to hues sampled from the hue dimension in the HSL
space. The sampled hues are 6 degrees apart. In each plot, the angular dimension
shows the hue angles in the MacLeod and Boyton diagram, and the radial dimension
represents the response level of the neuron where larger responses are further away
from the center. The dots on the circumference of each circle are representative of

hues at sampled angles. The selectivity of each neuron is specified above its plot. . . 35
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2.10 Tuning bandwidth and tuning peak analysis in the hierarchy. (a) Distributions of
tuning bandwidths for mV2 neurons. Also, the bandwidth distributions of biological
V2 cells reported by Kiper et al. [7] are plotted for comparison. The distribution
of multiplicative mV2 neurons is clearly separate and shifted toward smaller band-
widths compared to single-opponent mV2 cells, similar to the separate distribution
of the V2 population reported by Kiper et al. [7]. This confirms our observation
that multiplicative modulations result in narrower tunings. Dashed vertical lines
indicate the bandwidth at which each distribution peaks. While multiplicative mV?2
and biological nonlinear V2 distributions peak at around similar bandwidths, our
single-opponent mV2 distribution is slightly shifted compared to that of biologi-
cal linear V2 neurons. (b) Distributions of tuning bandwidths of single-opponent,
multiplicative and pooling mV2 neurons. Although pooling decreases the tuning
bandwidths, the bandwidth distributions of these neurons has a large overlap with
that of single-opponent mV2 cells. Multiplicative mV2 cells, in contrast, shift the
distribution to smaller bandwidths, separating it from that of single-opponent mV?2
cells. The shifts in distributions of multiplicative and pooling mV2 cells with respect
to single-opponent mV?2 neurons are shown by annotated black arrows. (c¢) A polar
histogram of selectivity peaks for our model neurons. Our mLGN, mV1 and single-
opponent mV2 neurons cluster around cone-opponent axis directions while our model
multiplicative mV2 and mV4 cells have peaks both close to cone-opponent and off
cone-opponent hue directions. Note specifically that all model layers have neurons
in polar bins containing unique red and unique yellow hue angles. Bins including
unique green and unique blue angles are limited to multiplicative mV2 and mV4
types. (d) Peak selectivities of single-opponent, multiplicative, and pooling mV2
cells shown in a polar histogram of selectivities. Despite decreasing tuning band-
widths, pooling mechanisms do not shift the selectivities to intermediate directions,
whereas multiplicative modulations both decrease the tuning bandwidths and shift

selectivities to intermediate hue directions. . . . . . . . . . . . . ... ...
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2.14
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Multiplicative neurons contribute greatly in intermediate and unique hue represen-
tations. (a) Relative contributions of single-opponent and multiplicative mV2 cells
to each hue-sensitive mV4 neuron. The orange and blue bars show the percentage of
contribution from single-opponent and multiplicative mV2 cells to each specific mV4
cell, respectively. Multiplicative mV2 neurons have more substantial input weight to
mV4 cells with selectivity in intermediate hue directions. Single-opponent mV?2 cells
make up most of the input weight to mV4 cells with peaks close to cone-opponent
axes. (b) Distances of our model neurons, layer-by-layer, to unique hue angles re-
ported by Miyahara [8]. Unique hue representation develops in the hierarchy. Note
the significant drop in the peak distance for mV2 and mV4 neurons to unique green,
achieved by increasing the nonlinearity in those layers. . . . . ... ... ... ...
Hue distance correlation analysis between the hue distances and model patch dis-
tances in each model cluster. Our hierarchical model demonstrates a clear correlation
between hue distances and the pattern of activations in mV4 neurons. . . . . .. ..
V4 representations visualization. The first three principal components of V4 rep-
resentations plotted in 3D and viewed from different angles. Each dot represents a
single sample with varying saturation and lightness and yellow, red, magenta and
lavender hues. This figure demonstrate distinct clustering of samples according to
their hues with the ordering of hues from yellow to red, magenta and lavender pre-
served. Note that samples with zero saturation and lightness look identical regardless
of hue and are clamped together at the base of these four clusters. . . .. ... ...
Examples of flowers in the dataset employed for image classification and color im-
age segmentation experiments described in sections 2.4.9 and 2.4.10. This dataset
consists of 103 flower classes [9].. . . . . . . ... L Lo
Intersection-over-Union (IoU) measure for the flower images shown in Figure 2.16.
Each pair of IoU bars are labeled according to the caption index of images in Fig-
ure 2.16. In all the examples, except for one (flower image with label (e)), VA4SV

outperforms HSV. . . . . . . ..
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2.16

2.17

Color image segmentation result on randomly selected flower images from the dataset.
In each set of three figures, original image, HSV and V4SV segmentations are shown
from left to right. Note that the color assigned to each segment in some of the
examples might be different from HSV to V4SV, due to the differences in Kmeans
cluster indexing. A close look at the segmentations show a cleaner and more accurate
segmentation with V4SV features. See, for example, segmentations in (g), (h), (j).

Examples of models of hue-selective neurons. Four models of single- and double-
opponent neurons are depicted. Note that possibilities of receptive field profiles of
hue-selective neurons are not restricted to these four models. This figure, however,
demonstrates four models with concentric/elongated and single-/double-opponent
receptive fields to show a few possibilities. Whereas in single-opponent cells each
cone input has either an excitatory or inhibitory effect, in double-opponent neu-
rons, input from a cone type can be both excitatory and inhibitory. In neurons
categorized as “Elongated”, cone inputs are pooled over an elongated summation
subregions. These neurons are excited in presence of color bars and borders. In con-
centric cells, strongest cone inputs are to the RF center with symmetric subregions.
The proposed Hue Network implements concentric single-opponent neurons and fur-
ther extends this channel with multiplicative modulations. Our experiments with
concentric double-opponent neurons did not suggest narrower tuning bandwidths in
these cells compared to single-opponent concentric cells. The color model proposed
by Zhang et al. [10] implements elongated single-opponent cells and extends this

channel with summation. . . . . . . . . . . . e
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3.1

3.2

3.3

3.4

Responses of type 1 (a) and type 3 (b) neurons. A black ellipse shows the classical
receptive field of the recorded neuron in each display. The local features within the
classical receptive field of each neuron are identical in each column of displays. The
responses for both neurons, however, show a preference to stimuli with the figure
on the left, while the type 3 neuron also exhibits selectivity to contrast polarity at
the border (compare responses to displays in columns 1 and 2 of (b)). Although the
large figures in (a) (columns 3-6) are not complete, according to the Gestalt principle
of closure, these figures are to be perceived as square figures rather than holes with
the rest of the image as the ground. Plots adapted from [11]. . . . . . ... ... ..
(a) An example of an image from the Berkeley dataset for ownership assignment
at occlusion boundaries in natural images [12, 13|, (b) the corresponding human-
labeled ownership assignment along some of the occlusion boundaries. In (b), white
represents the side that owns the border, i.e., side of the occluding object, and black
is for the occluded region. . . . . . . . . Lo
Responses of BO cells over time. (a), (b) The average response of all BO neurons in
V1 and V2 as a function of time after the stimulus onset, reported by [11]. These
plots show the divergence of responses to preferred (thick lines) and non-preferred
(thin lines) sides from almost the beginning. Plots are adapted from [11]. . . . . . .
Displays of fragmented Cornsweet figures for testing the effect of surround providing
contextual information for border ownership assignments (adapted from [14]). The
white dashed ellipse shows the receptive field of the recorded neuron. Squares on
either side of the receptive field with both contrast polarities were tested. Each
square is divided into eight fragments, including center and corner fragments of
equal length. The center fragment on one side of the figure is placed on the receptive
field. In each display, some of the remaining seven fragments are occluded, as some
examples are shown in panel A. In a control study, the fragment centered on the
receptive field is occluded, with some of the other fragments present (panel B). They

also recorded the responses where the seven fragments of the square are scrambled

xviil



3.5

3.6

3.7

Response latencies reported in various visual areas. Latencies of areas MT, MST

and FEF (two different studies) are highlighted with a red square. The reported

latencies for these areas are shorter than 50ms. Figure adapted from [15]. . . . . . .

Response latencies in V1, V4 and MT adapted from [1]. The dotted line in each plot
shows the early V1 response at 28ms for easy comparison. In the two plots on the
right for V4 and MT latencies, the early MT and V4 responses at 39ms and 50ms

respectively are highlighted with dashed red lines. These plots show shorter latencies

of MT neurons compared to V4 cells. . . . . . . . . . .. ... ... .. ... .....

Response latencies of neurons in V1, V4, and MT adapted from [2]. We removed
latencies of all other areas and retained those of V1, V4 and MT as these areas are
of interest in the present work. These latencies in anesthetized monkeys are longer
than those reported in [1]. However, similar to those reported by Maunsell [1], MT
neurons have much shorter latencies compared to V4 with latencies comparable to
V1 cell. Note that the dashed blue line highlights the earliest reported latency in V4

at about 72ms. More than 75% of V1 and 50% of MT neurons respond earlier than
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3.8

Border ownership network architecture. Magno and parvo orientation-selective neu-
rons in the RBO distinguish the two magnocellular and parvocellular channels in
this architecture. RBO neurons are implemented at four scales. Each scale defines
an independent path from that of other scales. Border ownership neurons receive
a feedforward signal from complex cells, and then, mBO responses are computed
in two steps: 1. Dorsal modulations from mMT neurons (blue arrows), 2. Lateral
modulations within the ventral stream. Dorsal modulations initiate the difference of
responses to figure on either side of the border. The big ellipse shows a large view
of dorsal modulations. The same stimulus (a single dark square) is shown to mBO
neurons with opposite side-of-figure preferences. Red arrows indicate the side pref-
erence for each mBO cell. The neurons with BO preference to figure on the left of a
vertical border are modulated by mMT cells whose RF's span the green area on the
left of the border. In contrast, mBO neurons with preference to figure on the right of
a vertical border are modulated by mMT neurons whose RF's span the pink surround
area. Facilitatory dorsal modulations are computed as a Gaussian weighted sum of
mMT responses, indicated using a gradient filling in each surround area. This is
the first step in BO response computation (indicated by number “1” in the figure.)
With scale selection performed in the last layer, lateral modulations begin between
spatially neighboring neurons within a map as well as those across maps of similar
local feature selectivities as the example in the rectangular box shows. Lateral mod-
ulations are both facilitatory and suppressive on either side of the border for each
mBO cell and comprise the second step in BO response computation (indicated by

number “2” in the figure.) . . . . . ...



3.9

3.9

3.10

Examples of selectivities in model neurons. (a) Two types of selectivities to borders
between solid dark-light regions and edges in mvSimple neurons are implemented.
These selectivities define four combinations of selectivities in mvSimple cells. The
border-selective mvSimple cells are implemented using Gabor filters and responses
of edge-selective mvSimple neurons are obtained by difference of Gaussians filters
following [16]. (b) Off- and on-center mMT selectivities. Following [17], mMT cells
are selective to narrow bars that span their RFs. (¢) An example of an off-center
mMT on a C-shape stimulus. The off-center mMT cell is strongly activated by the
pair of borders from the vertical part of the C shape. . . . . ... ... .. .....
(Previous page.) (d) Superimposed RFs of two off-center mMT neurons with hori-
zontal and vertical orientations. A strong sum of responses of these neurons signals
the existence of a closed shape. (e) Examples showing each mvComplex selectivity
combined with dorsal modulations yield two sets of mBO selectivities. Four local
feature selectivities in mvComplex cells to vertical borders and edges are shown.
Each mvComplex cell sends a feedforward signal to two mBO cells passing its local
feature selectivities to the mBO neurons. Dorsal modulations result in an initial
side-of-figure preference in each mBO, which is shown by a red arrow. . . . ... ..
Example responses of a mBO cell responses and comparison with BO cell responses.
(a) Example responses of a mBO cell with the red rectangle representing its classical
RF. Comparing these responses with the responses of the BO cell shown in Figure
3.1b reveals a similar pattern in exhibiting the difference of responses. (b) Normalized
difference of responses for the mBO cell which responses were depicted in Figure 3.10a
and the BO cell with responses illustrated in Figure 3.1b show that both mBO and
BO cells consistently maintain the difference of responses across all stimuli. (c), (d)
Examples of mBO responses for before and after lateral modulations. The bottom
plot in each sub-figure represents the normalized differences for before and after

lateral modulations. . . . . . . . .
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3.11

3.12

3.13

3.14

RBO response comparison with biological BO cells. In panels (a-c), showing invari-
ance to position, size, and solid/outlined figures respectively, the top plot demon-
strates mBO responses and the bottom plot compares the normalized difference of
responses of the RBO and BO cells reported by Zhou et al. [11]. (d) Ownership/-
contrast accuracies compared between RBO and biological cells with greater than
80%0 ACCUTACY. « .« v v v v e e e e e e e e e e e e e e e e e e e e
Lateral modulations time course. Dorsal modulations occur at edge onset and im-
mediately after that, lateral modulation iterations begin for about 13ms (shown as
the green-shaded area), extending the RF to two times the classical RF size. Note
that in square examples of various sizes, lateral modulation enhancement gets stable
faster for smaller squares than for larger squares. This behavior was also reported
in biological BO neurons (See [14], their Figure 14). . . . ... ... ... ... ...
RBO responses to simple stimuli of overlapping shapes and illusory contours. (a),
(b) Examples of the RBO performance on simple overlapping shapes with the VMI
vectors along occluding contours. (c), (d), (e) Examples presenting the RBO perfor-
mance to stimuli with one, two and four Pac-Mans. In (c), the ownership directions
indicate the presence of a single figure, with a gradual shift to signaling a light bar
and a light square occluding dark circular ground figures in (d) and (e). . . . .. ..
Model performance comparison. (a) Examples of images from the ROPD with the
VMI vectors obtained from the model suggested by [18] (top row) and the RBO
(bottom row) on stimuli with 2, 3 and 4 overlapping polygons. BO assignment by
Craft’s model in the top row appear somewhat random compared to the collinear
and more accurate RBO assignments. (b) Accuracies in border ownership assignment

from both [18] and RBO model. . . . . . . . . ... L Lo
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4.1

4.2

4.3

The visual hierarchy and their connections. Some of the areas involved in shape
processing in the ventral stream are highlighted with red boxes. Visual processing
in these areas is not restricted to form analysis. However, the focus in this chapter
is on shape processing and therefore, we limit discussion to the processing of shape.
In the visual hierarchy, in V1 and V2, orientation and junction selectivities respec-
tively are transformed to more abstract representations of objects and faces in IT
(TE and TEO) via the intermediate processing stage of V4. Recovering processing
mechanisms in V4 enhance our understanding of this transformation. . . . .. . ..
Stimuli set from the study by Pasupathy and Connor [19] to investigate responses of
V4 neurons to convex/concave shape features. (a) Example stimuli with 90° sharp
angle pointing toward the right projected as a convex, outline and concave segments
from left to right respectively. Note that in the sharp convex and sharp concave
panels, the segment is part of a bigger closed shape defining convexity and concavity.
The sharp outline panel shows an isolated contour segment. (b) The complete stimuli
set tested in the study by Pasupathy and Connor [19]. Each stimulus is presented
as a white icon within a black circle corresponding to the RF. (¢) Example neuron
responses to the stimuli shown in panel (b). This neuron shows selectivity to sharp
convexities pointing toward the left. In their study, Pasupathy and Connor reported
that most V4 cells had exhibited similar selectivities to a particular contour feature.
All panels are adapted from [19]. . . . . . .. ... ..o Lo
The stimuli set employed by Pasupathy and Connor [20] to study responses of V4
neurons to shape parts. FEach stimulus is shown as a white icon within the RF
(black circles). They systematically combined convex/concave components into sim-

ple closed shapes (Adapted from [20]). . . . . . . . ... .. L
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4.4

4.5

4.6

4.7

In their studies [20, 21], Pasupathy and Connor represented each shape in the Angu-
lar Position and Curvature (APC) space. (a) shows the angular position x curvature
space where the radial direction shows curvatures from -0.3 to +1.0. In this polar
plot, a shape is shown at the center of the plot with its APC representation denoted
by a white curve (adapted from [21]). (b) A two-dimensional Gaussian fitted to re-

sponses of a V4 neuron in the APC space encoding its tuning function. This neuron’s

tuning has a peak for acute convexities at around 180deg (adapted from [20]). . . . .

Identical contour segments have opposite sign of curvature as a function of curve

parametrization (Adapted from Pressley [22]). . . . . . . ... ... oL

Object-centered representation in V4 neuron. In panel (a), a combination of ori-
entations could encode contour conformations with sharp curvature. When pooled
over multiple locations within the RF, translation-invariance is achieved. Panel (b)
shows how the same combination of orientations could encode both a sharp convex-
ity and concavity. A feature-conjunction model predicts similar responses for both
shape conformations. However, as shown in panel (c), V4 neurons exhibit a differ-

ence of responses to these curvature components with opposite signs, suggesting an

object-center encoding in V4. Figure adapted from [23]. . . . .. .. ... ... ...

The HMAX model. HMAX consists of a hierarchy of feature selection layers followed
by a max operation. To model V4 responses, Cadieu et al. [24] utilized the first four

layers of the original HMAX network, corresponding to V1 and V4 areas in the brain.

Figure adapted from [25]. . . . . . . ...
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4.8

4.9

4.10

4.11

Learned S2 configurations in Cadieu et al. [26]. Cadieu et al. [26] employed a four-
layer HMAX model combined with a greedy learning algorithm that selected between
2 and 25 C2 units to reproduce responses of 109 Macaque V4 cells. Each square in this
figure represents the set of C2 units selected by their greedy algorithm to reproduce
the responses of a single cell. Each ellipse in a single C2 unit corresponds to one
contributing C1 unit, with the grayscale level of its boundary representing its weight
(darker means a larger weight). The marked red squares show two examples of cells
for which no curvature-like representation was learned, and the green squares are
two examples with the learned patterns that are difficult to interpret. The neuron
RF identified by a blue rectangle is employed in Figure 4.9 to demonstrate how the
learned RFs by HMAX cannot represent shape parts. Figure adapted from [24]. . . .
A learned RF by HMAX with clear curvature-like representation. (a) The left square
shows the RF directly extracted from [24] and the right square shows the RF profile
with the three C1 components with strongest contributions to responses of the neu-
ron. Panels (b), (¢), and (d) show the RF profile super-imposed with mild convex,
mild outline and mild concave stimuli. This neuron will exhibit strong activations to
all three stimuli as the highlighted green curved segment, a common feature between
all three stimuli, overlaps with the three C1 components. This behavior is in contrast
to the reported observations in V4 neurons. . . . . . . . ... ..o
The architecture of the 2DSIL network. In 2DSIL, simple and complex cells are
selective to oriented edges. Endstopped neuron in this network combine responses
of simple and complex cells to achieve a set of curvature representations. Local
curvature cells combine responses of endstopped neurons and send a feedforward
signal to shape selective cells in V4 (adapted from [16].. . . . . ... ... . ... ..
Example of maps that helped determining neuron shape selectivity in 2DSIL. (a)
The neuron showed selectivity to stimuli with a convexity in the lower right corner
of the receptive field followed by a concavity in the counter clockwise direction. (b)
An example that shows the selectivity of the neuron is not clear from its selectivity

map. Figure adapted from [16]. . . . . . . .. .. ... Lo
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4.12

4.13

4.14

Model Endstopped neurons in 2DSIL. (a) Model Endstopped - curvature degree
(mEsDeg) cells from 2DSIL combine responses of a simple cell (green ellipse in the B
panel) centered within their receptive field with responses of two displaced complex
neurons (brownish ellipses in panel B). (b) Examples of endstopping neurons en-
coding curvature direction introduced in [27] at horizontal and vertical orientations.
Responses of endstopping neurons are determined from interactions of simple and
complex cells shown as ellipses. (¢) Model endstopped neurons in 2DSIL representing
curvature direction (mEsDir) are agnostic to curvature sign. In this figure, the two
mEsDir cells will have similar activations to the vally-like parts of the figure even
though these segments correspond to parts with opposite curvature signs. . . . . . .
The SparseShape architecture. This hierarchy is designed by combining the RBO
network introduced in Chapter 3 with that of the 2DSIL network. The blocks with
yellow and green fill represent model neurons that are added to 2DSIL or re-modeled
respectively. To obtain an object-centered encoding, additional mechanisms to rep-
resent inside vs. outside for shapes is required. These mechanisms are implemented
through the RBO network with border ownership encoding. In SparseShape, curva-
ture sign model cells are added to the network to achieve an object-centered shape
tuning in mV4. Accordingly, the model local curvature cells are re-modeled with
feedforward signals from curvature degree and sign cells. Similarly, 2D shape cells
at the final layer of the network are re-modeled with the sparse coding step. . . . . .
The convention to show model endstopped neurons encoding curvature direction
(mEsDir). The mEsDir neuron with stronger responses when the contour segment
curves downward denoted as mEsDir_down will be show by a circle with an attached
arrow pointing downward. The mEsDir cell with opposite selectivity, shown as mEs-
Dir_up, will be illustrated as a circle with an upward arrow attached to it. These

neurons will be shown in blue. . . . . . . . . . .o
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4.15

4.16

4.17

Curvature sign can be implemented with two pieces of information in hand: tangent
vector derivative and the normal vector at each point along the bounding contour.
These information are implemented with mEsDir and mBO neurons in SparseShape
representing tangent vector derivative and normal vector directions respectively. At
each visual field location, between pairs of winning mEsDir and mBO, four cases
might happen. In two scenarios, where the direction of winning mBO and mEsDir,
shown by an arrow attached to the RF, are the same, the contour segment corre-
sponds to a convexity (See Equation 4.1). Whenever these neurons point toward
opposite directions in the other two cases, the segment is concave. . . . . . . .. ..
The proposed sparse coding step in SparseShape. For pairs of ({mLocalCurv}, mV4),
to a set of presented shapes, the algorithm looks for a combination of shape confor-
mations that could best explain mV4 responses. To account for the various positions
of shape parts, a set of 9 Gaussian kernels spanning a 3 x 3 grid over the RF fil-
ter mLocalCurv responses at each cell. These filtered responses form the part-based
vector. A weighted combination of part-based vector elements yields mV4 responses.
These weights are determined by the sparse code vector. The green box in this figure,
depicting the different components of our sparse coding, corresponds to the green
arrow in the SparseShape architecture shown in Figure 4.13. The elements in this

box that are identified with red asterisks are the parameters that are learned in this

Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of
the ground in each square indicates the response strength. The mV4 cell in this figure
exhibits a similar pattern of responses as that of the biological V4 cell. (b) Biological
V4 responses plotted against mV4 activations illustrates a strong correlation between

these responses (1 =0.69). . . . . . . . .
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4.18

4.19

4.20

Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of
the ground in each square indicates the response strength. The mV4 cell in this figure
exhibits a similar pattern of responses as that of the biological V4 cell. (b) Biological
V4 responses plotted against mV4 activations illustrates a strong correlation between
these responses (r =0.63). . . . . . . . ...
Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of
the ground in each square indicates the response strength. The mV4 cell in this figure
exhibits a similar pattern of responses as that of the biological V4 cell. (b) Biological
V4 responses plotted against mV4 activations illustrates a strong correlation between
these responses (r =0.70). . . . . . . . ...
Mean error in responses of model V4 cells for 2DSIL and SparseShape. Neuron
errors are plotted in two rows for better visualization. SparseShape improves the
performance measured as the mean difference of responses with biological V4 cells

compared to 2DSIL. . . . . . .. Lo
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4.21

4.22

4.23

Population distribution of correlation coefficients (r) for Alexnet, HMAX, APC,
2DSIL and SparseShape. The proposed approach improves the correlation coeffi-
cients compared to 2DSIL and the APC model. The standard two-dimensional APC
is identified as APC—2D. Pasupathy and Connor [20] also considered the two neigh-
boring conformations for each shape parts presenting shapes in a four-dimensional
space. This presentations is called APC—4D. The plot illustrates that by incorporat-
ing the influence of more than one conformation to V4 responses, the correlations are
improved. Note that in both APC—2D and APC-4D, the model fitting is performed
with all the 366 stimuli. Both conv2 and FCT7 layers in Alexnet perform comparable
to APC—4D with a slightly higher correlations in FC7 neurons. Note that Alexnet
is a feedforward network and the same argument on global context for modeling
convexities and concavities applies to this network. HMAX is the model with best
correlations. As explained in the text, this superior performance could be due to
overfitting, although this conjecture needs further investigation. Additionally, since
HMAX compresses V2 and V4 processings into a single layer that is learned using
a heuristic greedy approach, this network does not match the rest of the models in
terms of explanatory capacity. . . . . . . . ...
Sparsity analysis. For each neuron in the mV4 population, we calculated the per-
centage of nonzero convex and concave elements of the sparse code vector. Each
neuron is shown with a dot and when neurons have matching sparsity, a single dot
is shown. This figure demonstrates that more than a single or three curvature com-
ponents contribute to V4 activations. Moreover, the skewness in the distribution
of convex components (right side histogram) confirms previous observations of bias
toward convexities in V4 neurons [19, 28]. . . . . . ... Lo oL
Distributions of normalized weights from mLocalCurv maps to mV4 neurons sepa-
rated according to signed curvature. overall, all distributions overlap except for the
acute convex weights that peaks at one. This plot in conjunction with results from

Figure 4.22 indicate a bias toward convexities in mV4 neurons. . . . . . ... .. ..
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4.24

4.25

4.26

4.27

Facilitatory versus inhibitory weight distributions. The distribution of facilitatory
and inhibitory contributions from shape parts greatly overlap, with a slight shift
for facilitatory convex weights, suggesting both types of contributions determine V4
TESPOMSES. .« « o v v e e e e e e e e e e e e e e e e e
Responses of an example neuron and its recovered RF. (a) Responses of a mV4
cell are shown. The shapes inside the magenta box evoke strong activations in the
biological neuron. Same shapes but rotated at 45deg inside the green box do not
excite this cell. (b) Biological V4 responses plotted against mV4 responses. (c)
The recovered RF of the neuron using the proposed approach with red and blue
indicating facilitatory and inhibitory contributions. Shapes with acute and medium
broad convexities at the left and bottom part of the RF respectively, evoke strong
activations in the cell. In contrast acute and medium broad convexities in the top
and right parts of the RF inhibit neuronal responses. This RF shows a relative
clustering of excitatory and inhibitory parts raising the question of if neurons V4
neurons exhibit contiguous excitatory/inhibitory regions. This recovered receptive
field also displays that shape conformations from the spatial extent of the neuron’s
RF are combined to account for its selectivity. For example, in this RF, the distance
between two contributing components is as large as 0.75 x RF. Such long-range
interactions between shape conformations were not captured in the APC model due
to fitting a single Gaussian to neuron responses. . . . . . . . . . .. ...
Examples of learned receptive fields in SparseShape. In each plot, red and blue shape
parts in the RF are for facilitatory and inhibitory contributions respectively. . . . . .
Histogram of distance of shape parts with RF of mV4 cells. The majority of mV4
cells (104 out of 109) integrate shape parts that are apart as far as three forth of the
RF diameter, suggesting V4 neurons incorporate V2 responses from the full span of

their RFE. . . o e
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4.28

4.29

4.30

4.31

When a contour is scaled, its shape is preserved but its curvature changes. To test
whether V4 neurons are sensitive to scale or encode curvature as a size-invariant
property of shape, El-Shamayleh et al. [29] defined absolute curvature as the rate
of change of the tangent angle per unit of contour length (left) and normalized
curvature as the rate of change of the tangent angle per unit of angular length (right).
These two examples show that absolute curvature is size-dependent while normalized
curvature is preserved with changes in shape scale. Figure adapted from [29].
Predictions for selectivity to absolute and normalized curvature. (a) If representa-
tions in V4 neurons are size-dependent, then, with changes in shape scale the tuning
centroids shift. (b) A scale-invariant encoding in V4 neurons keep the tuning cen-
troids to changes to shape scale. (b) With the tuning centroids plotted as a function
of scale, the scale-invariant hypothesis predicts yielding a line with zero slope. The
absolute curvature hypothesis predicts a non-zero slope for the same function. Figure
adapted from [29]. . . . . ..
Scale-invariance in responses of mV4 neurons. Each row in this figure consists of
responses of a mV4 cell to stimuli of various scales (left) and its corresponding
tuning centroid slope as a function of scale (right). In light of the two hypotheses
for scale-invariance in V4 responses, and compared to their schematic predictions in
Figure 4.29, these mV4 cells exhibit “normalized” curvature encoding. . . . . . . ..
Tuning centroid slope distribution for the population of mV4 neurons in Sparse-
Shape. (a) Slope distribution for the scale test, (b) Slope distribution for the position
test. These histograms match those of biological V4 cells illustrated in Figure 4.31
implying scale-invariance in the learned mV4 responses despite the training being

performed on a single scale of shapes. . . . .. .. .. ... ... ... ... ...,
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A.1 Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical
and horizontal lines. In each subplot, the set of stimuli images are shown in two
rows. Responses of the neurons to each pair of stimuli in each column are plotted
below the column in the middle bar plot. The bottom plot represents the normalized
differences for before and after RL. In both plots in each sub-figure, dark bars are
responses after early recurrence and light bars are responses after relaxation labeling. 170
A.2 Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical
and horizontal lines. In each subplot, the set of stimuli images are shown in two
rows. Responses of the neurons to each pair of stimuli in each column are plotted
below the column in the middle bar plot. The bottom plot represents the normalized
differences for before and after RL. In both plots in each sub-figure, dark bars are
responses after early recurrence and light bars are responses after relaxation labeling. 171
A.3 Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical
and horizontal lines. In each subplot, the set of stimuli images are shown in two
rows. Responses of the neurons to each pair of stimuli in each column are plotted
below the column in the middle bar plot. The bottom plot represents the normalized
differences for before and after RL. In both plots in each sub-figure, dark bars are

responses after early recurrence and light bars are responses after relaxation labeling. 172
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Chapter 1

Introduction



1.1 Motivation

Successful theories and models, regardless of how they are derived, are intended to explain observed
data and to predict new and not yet discovered aspects of the observed systems. In her paper “To
Explain or to Predict?”, Shmueli [30] defines explanation as “causal explanation” and explanatory
modeling as “the use of statistical models for testing causal explanations”. She then proceeds and
defines predictive modeling as any approach that produces a prediction for new or unobserved
input values. Although both modeling approaches might employ similar tools, for example, fitting
a regression model, the distinguishing factor is the goal in each case: whereas in explanatory
models the focus is on recovering an underlying causal function, in predictive approaches the data
and generating good predictions are of interest. The distinct goals in each approach determines
every step of a study from model design to data collection, experimental setting and measuring
of performance. With dissimilar outcomes from each modeling approach, determining the goal of
a study is an essential first step. Yet, regardless of the approach, models are evaluated based on
both their explanatory power and predictive power as a means to gauge a model against others.
Models that are far from the predictive benchmark suggest that “there are substantial practical
and theoretical gains to be had from further scientific development,” leading to refinement of the
theory or model.

In many visual tasks, which are the focus of the present work, the human visual system with its
complicated cognitive capabilities has been the predictive benchmark; a goal is to achieve human-
level performance. Although some models claimed to have reached that goal [31], more recent
investigations pointed out how those models fail to perform like humans and how vulnerable as
visual systems those models are in certain circumstances [32, 33, 34, 35, 36, 37, 38, 39, 40, 41, 42,
43, 44, 45, 46, 47]. In other words, there is substantial distance to reach the predictive benchmark.

To achieve this goal, a natural course of action is to design models that are inspired by the
human visual system. After all, the biological machine solves many visual problems, and a goal is
to match its performance. Therefore, building a vision system which imitates visual processing in
the human brain has the potential to reach the goal. A difficulty in proceeding in this path is that
the human brain is not fully understood, which impedes any attempts in simulating the biological

visual system. But on the bright side, in the past few decades, neuroscience has come a long way



(See [48] for a summary of major advances) with remarkable new discoveries that enhanced our
comprehension of the brain. Despite these advancements, biologically-inspired models that are
faithful to known visual processing in the brain have not progressed accordingly. In particular, the
new neuroscience findings have not been actively incorporated into biologically-inspired models,
and thus, this area of research is left under-explored.

In this work, biologically-inspired models resembling visual processing in the human brain
entail those that are inspired by and analytically defined according to known neural mechanisms
in the visual system. Such models mimic visual areas known to be involved in certain visual
tasks and are analytically-constrained with revealed properties of those visual areas. This group
of models excludes Convolutional Neural Networks (CNNs) for reasons that are explained in detail
in Section 1.2. Biologically-inspired models as considered in this work and at the intersection of
computer vision and computational neuroscience can serve dual purposes: first, they introduce
analytically-defined neural networks as automatic vision systems, second, as Brown [49] argues,
they help in “understand[ing] how the elements of the brain work together to form functional units
and ultimately generate the complex cognitive behaviors we study.”

Despite significant progress in modern neuroscience, there is yet a tremendous amount that is
unknown about the visual system; a fact that cannot be overlooked. Subsequently, any biologically-
inspired model as defined above will lack the still unknown processing aspects, which inevitably
impedes its performance. Yet, discovering unknown processing aspects in the biological visual
system might take decades and when the goal is having a readily available biologically-inspired
vision system, a prominent question is how to account for those unknown mechanisms in the
model? An easy answer is: analytically define the model with known processing aspects, learn
the unknowns from the data. Interestingly, with experimental data, the gains are substantial: the
learned parameters of the model suggest plausible mechanisms of the visual system, serving the
second purpose of biologically-inspired models mentioned above.

In this dissertation, the primary objective is to incorporate recent advances in the field of visual
neuroscience into biologically-inspired computer vision systems. In particular, the goal is to lay out
how certain visual features can be represented in a computational vision model that implements
known mechanisms and processing in the primate visual system. As a second goal, we seek to

surmount the still-unknown obstacle of the biological visual system by combining biologically-



inspired models with learning algorithms. With this latter step, we demonstrate how existing
biologically-inspired models can be extended to account for the unknowns and how new falsifiable

theories can be unveiled.

1.2 CNNs as Computational Vision Models

CNNs, as the mainstream architectures in many current vision applications, are hierarchical models
whose computations where inspired by those of simple and complex cells in the visual cortex [50].
Additionally, these networks were reported to have achieved human-level performance in certain
visual tasks [31]. Putting these two facts together brings up the matter of parallelism between the
artificial and biological neural networks. In other words, a prominent question is: “How are CNNs
and the brain related?”

The pursuit to discover the relationship between CNNs and the brain spans a large literature
from behavioral studies to more physiological ones. In many studies, the internal representations
of CNNs were compared to those of the ventral stream [51, 52, 53, 54, 55, 56, 57, 58, 59] with
the suggestion of similarities. Some even reported layer-by-layer mappings between CNN layers
and brain areas along the ventral stream [54, 59] hinting on similar hierarchical processing in
both networks. With the advancement of computer vision and introduction of myriad variations
of the underlying CNN architecture, it is unclear if the analogy remains intact for the newly-
introduced architectures. In a recent attempt, Schrimpf et al. [60] introduced a platform® that
scores a total of 149 hierarchical architectures, including influential biologically-inspired models
such as HMAX, state-of-the-art CNNs and other non-convolutional neural networks. These models
were scored against a number of neural and behavioral benchmarks. In the specific case of neural
benchmarks, Schrimpf et al. [60] compared the representations in all layers of these architectures
with V1, V2, V4 and IT representations and reported the best matching score. They found that
the internal representations of CNNs were positively correlated with responses of neurons in these
areas. Interestingly, they also found that hierarchical models with Transformer blocks [61] such
as [62, 63] ranked lower on the list (rank 98 onward). This finding alone suggests that models with

features that were inspired by the brain are more relatable to biological neural responses.

"https://www.brain-score.org/



These findings give the perception that all we need to build a model of the brain is enough com-
putational power and massive training data. Having a model of the brain is significant, especially
in the field of neuroscience, since if researchers can establish that CNNs give a model of the brain,
then, these architectures can be employed as the general framework to further our understanding
of the brain. This is an active area of research and despite reported similarities between CNN and
brain representations, many other studies suggest that there are fundamental differences between
CNNs and the brain [37, 38, 39, 40, 41, 42, 43, 44]. For example, Baker et al. [64, 65] performed
a series of experiments which showed that disrupting global shape, which tremendously affects
human accuracy, does not affect CNN predictions. Similarly, Geirhos et al. [66] demonstrated an-
other difference between humans and CNNs in image recognition tasks where texture bias in CNNs
causes these networks to recognize texture rather than shapes. In a recent study, Geirhos et al. [67]
suggested that while the performance gap between machines and humans in presence of certain
distortions to input images (for example, replacing natural images with sketches) are closing, there
are still large gaps in some other distortion cases. In another work, Kim et al. [43] showed that
CNNs fail in simple same-different tasks that are trivial to humans and suggested that the lack of
feedback mechanisms could be a contributing factor. Similarly, Kar et al. [68] found fast recurrence
mechanisms are needed for robust object recognition.

Finding dissimilarities between CNNs and the human/primate brain are consequential as the
gap between the best available model and the predictive benchmark, 4.e., human performance,
suggests that “there are substantial practical and theoretical gains to be had from further scientific
development” [30]. Even with the knowledge of fundamental differences between CNNs and the
human brain, CNNs might still be good models of the brain in certain processing aspects. In other
words, failing to replicate the brain in a number of studies does not contradict the claim that we
have a computational model of the human brain. Instead, identifying those differences, as part
of a scientific endeavor, helps researchers to further improve CNNs and make those architectures
even more brain-like. Currently, however, there is no agreement among researchers if CNNs model
the brain [69]. Therefore, we take a step back and look at this problem from the specific angle
of interest in this work. In particular, we ask: “Do CNNs, in their current state, constitute a
mechanistic model of the brain?”

To answer the question put forth, one needs to have a definition of a “mechanistic model.”



As mentioned above, Brown [49] defines a mechanistic model of the brain as one which helps
in “understand[ing] how the elements of the brain work together to form functional units and
ultimately generate the complex cognitive behaviors we study.” Kay [69] also gives a similar
definition as “a mechanistic model attempts to also use components that parallel the actual physical
components of the system.” In the particular case of the brain, Kay specifies a mechanistic model as
one “that not only characterizes stimulus-response transformations, but also the way in which the
brain accomplishes those transformations.” The Oxford Dictionary of English [70] defines the word
mechanistic as, “relating to theories which explain phenomena in purely physical or deterministic
terms,” hinting on the goal of explanation. Putting these together, a mechanistic model is beyond
an input-output mapping and incorporates the various components that contribute to the formation
of this transformation for the purpose of giving an explanation of the input-output relationship.
These definitions suggest that mechanistic models can be put under the category of explanatory
models.

With mechanistic models as those that explain the underlying observed system, we can rephrase
the earlier question and ask: “Are CNNs explanatory models?” CNNs are impressive predictive
models. The primary goal in the design of these architectures is to improve performance with little
to no constraints on the model itself so far as the available computational power and the data
allow. In other words, despite being inspired by the brain, CNNs do not incorporate our current
knowledge of processing in the brain. Sejnowski [71] called this view as “brains are not relevant”
and attributed it in part to the massive amount of unknowns about the brain in the early days
of appearance of these models. This view is also manifested in the data-driven and end-to-end
employment of CNNs. Nevertheless, these architectures might enjoy high explanatory power.

For CNNs to explain the brain, these architectures are required to reveal the various compo-
nents that contribute to the stimulus-response transformation in the brain. However, a complete
understanding of how these networks reach their reported performance eludes scientists. CNNs
are employed in an end-to-end fashion and mainly as mysterious models that perform well. What
features are learned inside these networks is still unknown and this lack of knowledge hinders our
understanding of the various components contributing to the final output of these models. More-
over, why certain choices of architecture perform better than others is another open question.

Therefore, it would not be surprising to consider CNNs as black-box models.



A common debate among researchers is that some argue that an understanding of CNNs and
their internal representations is not necessary when it comes to having a mechanistic model of the
brain so long as we have “a mathematical function” that gives the input-output mapping. In this
case, one must remember that both explanatory and predictive models each yield “a function” that
maps input to output. The difference is that in explanatory models the goal is for the recovered
function to match the underlying phenomena, to reproduce what has already been observed. With
this goal, the input-output mapping in explanatory models produces outputs from the same distri-
bution as the training set. In contrast, predictive models are not limited to the same distribution as
that of the training data and can yield input-output mappings for data outside the training distri-
bution. Therefore, with both types of models having a function, one can not draw the mechanistic
model conclusion.

It goes without saying that a predictive model might also be mechanistic. An example includes
the selective tuning model of attention [72] predicting new observations that had not yet been tested
and for which no data was available at the time its proposal, yet explaining the causal effects. It
is in fact the ultimate goal to have a model that has the best of both worlds: to explain and to
predict. The message, however, remains the same: availability of a function for a model does not
imply explanatory or predictive modeling.

A mechanistic model of the brain, as defined above, reveals the various components that con-
tribute to the stimulus-response transformation. CNNs, however, are still black-boxes that lack
revealing such causal relationships. In recent years, a group of approaches have attempted to
explain black-box CNNs by evaluating the network components with hope to better understand
these models. These approaches will be referred to as CNN-explanatory models in what remains
in this chapter. The common strategy to provide explanations for CNN predictions has been to
solve an optimization problem and find regions in the input image that most influence the network

output [73, 74, 75, 76, 77, 78, 79, 80, 81, 82, 83, 84, 85, 86, 87, 3]. Two issues are notable here:

1. When a prediction does not match the attributed region in the input, is it an error in the
CNN or the CNN-explanatory method? In other words, in case of mismatch between the
attribution and the output, it is difficult to distinguish the point of failure between the CNN

and the CNN-explanatory model. In effect, it is unclear what the “correct” explanation is.



Figure 1.1: Examples of highlighted image regions considered as explanations for certain CNN
predictions. Each region within the red curve shows a subset of image as the region influencing the
CNN prediction. Each sub-region contains a wealth of information and it is not clear which piece
is most affecting the prediction (adapted from [3]).

2. Often, CNN-explanatory approaches select a region in the input image as the attribution most
affecting the CNN prediction. Consider, for example, the images with highlighted regions in
Figure 1.1. In each row, parts of the input image are identified with red boundaries for a
single class predictions. As an example, in the second row, the face of a cat is selected.
Looking at the selected regions, the question is what feature in these regions influenced the
prediction? Was it the existence of light-colored pixels or it was the configuration of the eyes,
nose and the mouth? Or, perhaps it was the fur texture or presence of whiskers? Maybe it
is the combination of all these features? These questions make it clear that simply selecting
regions is not enough for understanding what CNNs see in an image and in short, selecting
regions in the input image does not provide a clear explanation of which set of features in the

input caused the observed output.

Perhaps the set of studies on understanding CNNs from Torralba’s lab [88, 89, 90, 91] could be set
apart from other approaches. In these studies, Torralba and colleagues take an approach similar
to how neuroscientists study the brain by directly studying activations of individual units in the
network to various concepts. They introduced four categories of concepts: objects, parts, materials

and colors. Then, they segment the activation map of each unit given images in each concept



category and measure the intersection over union between the segment and the segmented region
corresponding to the concept in the input image. This approach has the advantage of avoiding
solving an optimization problem that could otherwise inject its error in the explanation. However,
one cannot help noticing that first, the stimuli employed in these studies are natural images to
which the same argument from above applies. Specifically, with natural images, it is not clear to
which visual feature network units respond. Second, the set of concepts employed in these studies
are quite high-level concepts, with the exception of color. Undoubtedly, it is reassuring to observe
emergence of objects and parts in higher layers of CNNs combined with the observed edge and
border selectivity in the first layer of CNNs. However, that is as far as our conclusion about CNNs
can go, leaving us with close to no explanations for the intermediate layers and the components
that contribute to the input-output transformation.

As a summary, CNNs were initially inspired by the brain, but with the goal of prediction.
Despite reports of accurate predictions of neural data, CNNs were shown to have fundamental
processing differences with the human brain. Whether these discrepancies between CNNs and the
brain are due to the lack of certain mechanisms in CNNs or other factors, such as learning mecha-
nisms and patterns that have no biological correlates, remains as a quest in both computer vision
and neuroscience communities. Indeed the hierarchical architecture of these networks provides a
mapping from the stimulus to neural responses. However, having a function in hand does not make
a model a “mechanistic” one. A mechanistic model is transparent to reveal the causal relationship
between the stimulus and the observed responses, even if the revealed function itself is not easy
to understand. Given the current state of our understanding of CNNs, it is still not easy to infer
a clear causal relationship between input and output in these networks and by the same token
these hierarchical models do not provide a clear explanation of how the brain achieves the observed
responses. Therefore, in the present work, we refrain from including these networks in the set of

biologically-inspired models with the properties defined earlier.

1.3 Contributions and Significance

In this dissertation, analytical hierarchical neural networks that adhere to the discoveries of shape

and color processing mechanisms in the primate visual systems are introduced. With the said



constraint, the proposed models enjoy the benefit of representations that are based on a working
intelligent system geared toward visual tasks. Additionally, meeting the existing knowledge of the
biological visual system, the choice of architecture becomes irrelevant; we simply follow the steps
of nature. To address the second objective for this work, a simple learning algorithm is combined
with an analytical neural network modeling V4. With experimental data from V4 available, the
learned model reveals shape processing mechanisms in this visual area.

The present work makes the following contributions:

e The Hue Network: Introduces the first hierarchical hue processing model that explicitly
models hue processing in LGN, V1, V2, and V4 and reveals the contributions of each pro-

cessing layer in the output hue encoding.

e The RBO Network: Presents a novel biologically-plausible model for figure border own-
ership assignment. The RBO network is the first to combine global and local context for
border ownership assignment and lends detailed insight to the role each of the global and

local context play in a quantified way.

e The SparseShape Network: Introduces the first biologically-inspired model that explicitly
represents an object-centered shape encoding similar to those reported in V4. SparseShape
suggests an approach for combining an analytically-defined network for shape processing with
simple learning methodologies to recover sophisticated and long-range interactions between

shape parts within V4 receptive fields.
The proposed models benefit from the following properties:

e Direct understanding of model features: By design, all three models provide clear
explanations for the final representations as well as the features in the intermediate layers of

the network.

e Effortless verification of contributing factors: With analytical models, the factors con-
tributing to a specific representation can be easily tested. For example, in the hue network,
the contributions from single-opponent and multiplicative model V2 neurons to model V4

cells were evaluated with a simple approach. As another example, in the RBO network, eval-
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uating the effects of global versus local context did not require any complicated attempts;

simply the strength of the signal before and after each step was compared.

e Explicit explanation of learned features: When combined with learning approaches, due
to the easy interpretation of features, the learned mechanisms are easy to understand and
explain. For example, in SparseShape, the recovered receptive fields of model V4 cells show

which convex/concave shape parts affect responses of these cells.

In contrast to black-box networks, the proposed models with these properties provide a transparent
picture of the implemented system, its various components, interactions among its components and
their role in the abstraction of representations. Moreover, these models suggest a mechanistic
model of how the different brain elements work together to achieve the reported observations for
the studied visual area.

Since the analytical neural network introduced in this dissertation are constrained to match
the known properties of the human and primate visual systems, the next section is dedicated to a
brief overview of the visual cortex architecture. Details of functional properties in each visual area

employed in and relevant to the proposed models will be discussed in the individual chapters.

1.4 Architecture of the Visual Cortex

When light hits neurons in the retina, visual information in the form of neuron activation signals
pass through the optic nerve to the lateral geniculate nucleus (LGN), and later to the visual cortex.
Several areas involved in visual processing are identified in the visual cortex [92] with connections
between these areas. Figure 1.2 depicts the visual hierarchy areas and their connections. In this
figure, feedforward and feedback connections between the various areas are identified. Missing in
this figure are connections in local neighborhoods inside each area; even within a single area and
among neighboring neurons that are laterally connected, visual information can be exchanged.
The visual hierarchy in Figure 1.2 looks complicated with many intra-area connections. A sim-
plified version of a subset of those areas involved in early vision are shown on the sketch of a brain
in Figure 1.3. This figure illustrates two main streams of visual areas: the ventral and dorsal path-

ways shown in magenta and blue colors respectively. The ventral stream is believed to be involved
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Figure 1.2: Visual hierarchy areas and their connections. This figure depicts several brain areas

with feedforward (solid arrowheads) and feedback (open arrowheads) connections. Figure adapted
from [4].
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Figure 1.3: The visual processing network in humans and primates. Only the brain areas in-
volved in the models studied in this dissertation are shown. The visual signal from the retina is
relayed to the LGN and then the primary visual cortex. The brain areas shown in this figure have
complicated connection and interactions with other areas shown here and those that are not. For
simplicity, only the connections employed in the presented models are depicted. Figure modified
from www.pngkey.com.

with recognition and discrimination of objects. Shape and color information processing, two visual
representations studied in this dissertation, are performed in the ventral stream. The dorsal stream
carries the signal related to spatial information and movement. Despite the dichotomy of the two
pathways in terms of information processing, there is an increasing body of research in recent years
providing evidence for shape selectivity to static stimuli in the dorsal stream [93, 94, 95, 17]. Such
evidence causes researchers to question previous beliefs of segregated pathways and streams, each
specialized for a specific processing type. Regardless of visual processing segregation into pathways,
the visual hierarchy can be thought of a hierarchical network in which visual representations become
more and more abstract as the signal moves higher in both streams. For example, in the ventral
stream, V1 cells encode elongated bars and borders. After V1, in V2, angles and junctions within
a contour are encoded by combining V1 inputs [96]. Higher in I'T, neurons selective to objects and
faces have been discovered [97, 98].

In addition to more abstract encodings, the receptive field (RF) sizes nearly double from one
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Figure 1.4: Human population receptive filed measured with fMRI. (left) Population RF plotted
as a function of eccentricity demonstrates increase in receptive field sizes with eccentricity and in
the hierarchy. (right) The spatial array of receptive fields in V1, V3, and hV4 shown as circles.
Figure adapted from [5].

area to the next in the ventral stream [99]. Figure 1.4 includes diagrams of RF sizes in V1, V3, and
V4 depicting the increase in RF sizes in the ventral stream. The center of each circular diagram in
this figure represents the fovea. This figure also shows that the receptive field sizes within an area
increase with eccentricity.

Neurons in the dorsal stream have larger RFs than those in similar hierarchical level in the
ventral stream. For example, whereas MT receives its feedforward signal from V1, just like V2 in
the ventral stream, the RF size of its neurons are comparable to those of V4. In addition to larger
RFs, neurons in the dorsal stream are fast. It was in fact due to rapid responses that Bullier [15]
called certain areas in the dorsal stream the “fast brain” and hypothesized that the asynchronous
information transfer in the dorsal stream, compared to the ventral stream, is to “generate a first-
pass analysis of the visual scene”. Bullier suggested that the dorsal stream interjects rapid global
information to V1 and V2 in the ventral stream “that act as an active blackboard”. Later studies
put forth evidence in favor of Bullier’s fast brain and dorsal-to-ventral feedback hypothesis [100,
101, 102] and it is in this sense that MT is included in two of the models that will be discussed
later in this dissertation.

Models in the present work are focused on early visual processing in V1 and V2 and mid-

level representations of V4. In all the remaining chapters, part of the visual hierarchy with brain
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areas modeled is shown as a network with each brain area represented as a layer of the network.
Additionally, any brain area or cell type preceded with “m” refers to the corresponding model layer
or neuron in the chapter. For example, mV1 cells refers to model V1 neurons. Biological cells are
referred to without the prefix.

Each model introduced in this dissertation focuses on a certain processing aspect with neurons
relevant to the studied representation in the visual cortex. Although each modeled visual area
consists of layers of processing, I refrained from further extension of modeling to the granular
level of layers within the included visual areas. Instead, I modeled the reported observations at
a certain level of abstraction for each visual area to focus on the progression of the visual signal
in a hierarchical network that can be tested against biological cells. In doing so, we can make
progress and perhaps further predictions that can be tested to better enhance our understanding
of processing in the brain. Previous computational models against which the proposed hierarchical
networks are compared follow a similar level of abstraction and focus on modeling neurons in select
visual areas rather than developing models for the formation of the signal in the various layers

within a visual area.

1.5 Dissertation Organization

The remainder of this dissertation is organized as follows: the hue network is outlined in Chapter 2
followed by Chapter 3 providing an introduction to the Recurrent Border Ownership (RBO) net-
work. In Chapter 4, the SparseShape hierarchy is explained in addition to how an analytical-defined
model combined with a learning step can recover shape responses. Finally, Chapter 5 concludes

the dissertation with some final remarks and future directions.
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Chapter 2

Hue Processing: A Hierarchical

Model

The work in this chapter has been published previously as the following:

Paria Mehrani, Andrei Mouraviev, and John K. Tsotsos, ”Multiplicative modulations enhance
diversity of hue-selective cells.”, in Scientific Reports, 10, 8491 [2020)].

and has been extended here for the purposes of this document. Andrei Mouraviev’s contribution

to this project was limited to developing the theoretical formalism and implementation of two types
of hue-selective neurons in each of mLGN, mV1 and mV2 layers in addition to the siz neuron
types in mV4. Specifically, Andrei contributed to modeling and implementing single-opponent L-on
and S-on neurons in each of mLGN, mV1 and mV2 layers in addition to the six neuron types in
mV4. I was the sole contributor to adding single-opponent M-on, M-off, L-off and S-off cells in
mLGN, mV1 and mV2 layers. Additionally, proposing and developing multiplicative neurons in the
mV2 layer (Equation 2.5) were entirely carried out by me. Determining weights from mV2 layer
to mV4 neurons (Equation 2.7) were also developed and implemented by me. Andrei contributed to
producing part of the architecture and results depicted in Figure 2.3. I performed further theoretical
development, implementation and experimental evaluation of the model to its final published state.
Finally, I wrote the published manuscript.

Below is a summary of additions compared to the published version:

1. The literature review is extended with additional details.

2. Two sets of experiments including Image Classification and Color Image Segmentation in
Sections 2.4.9, 2.4.10 are added that were not originally part of the published manuscript.
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2.1 Motivation

Color is a contributing feature in many vision-related tasks. For example, color, and not shape, can
help in discriminating between a raw banana and a ripe one, or choosing between white or brown
eggs (See Figure 2.1 for examples). In this sense, there is a strong theoretical motivation for encod-
ing color in computer vision systems. In this chapter, a novel hierarchical hue processing network
is proposed that like the rest of the models in this document are informed by the human/primate
visual system. More specifically, whereas color in the general sense, and depending on the space in
which it is represented, can be comprised of different components, here, the focus is on perceptual
hue encoding. As a result, in what follows, whenever the term “color” is used, it solely refers to the
hue component. Moreover, it is imperative to note that the proposed hierarchy models hue-selective
neurons with no orientation selectivity, resulting in no processing of color borders and form in this

network.

2.2 Background

2.2.1 Hue Representation in the Ventral Stream

The color processing mechanisms in the primary visual cortex and later processing stages are a
target of debate among color vision researchers. What is also unclear is which brain area represents
unique hues, those pure colors unmixed with other colors. In spite of a lack of agreement on color
mechanisms in higher visual areas, human visual system studies confirm that color encoding starts
with three types of cones sensitive to long (L), medium (M) and short (S) wavelengths, forming
the LMS color space. Cones send feedforward signals to LGN cells with single-opponent receptive
fields [103, 104, 105]. Cone-opponent mechanisms such as those in LGN were the basis of the
“Opponent Process Theory” of Hering [106], where he introduced unique hues. The four unique
hues, red, green, yellow and blue were believed to be encoded by cone-opponent processes. Later
studies [107, 108, 109], however, confirmed that the cone-opponent mechanisms of earlier processing
stages do not correspond to Hering’s red vs. green and yellow vs. blue opponent processes. In fact,
they observed that the color coding in early stages is organized along the two dimensions of the

MacLeod and Boynton (MB) [110] diagram, where abscissa and ordinate represent L vs. M and S
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Figure 2.1: Color is a contributing feature in visual tasks. Where all the bananas are of the same
shape, their color help in distinguish between raw and ripe bananas.

vs. LM activations respectively.

Beyond LGN, studies on multiple regions in the ventral stream show an increase in nonlinearity
in terms of cone responses from LGN to higher brain areas [111] and a shift of selectivity toward
intermediate hues in the MB diagram with more diverse selectivity in later processing stages [112].
Specifically, some suggested that neurons in V1 encoding local hue have single-opponent receptive
fields similar to LGN cells [113, 114]. Lennie et al. [115] observed similar chromatic selectivity
as LGN neurons in V1 cells and suggested a rectified sum of the three cone types describing the
responses of V1 neurons. Hanazawa et al. [111] found both linear and nonlinear V1 and V2 responses
with respect to the three cone types, with gradual increase in percentage of nonlinearity from LGN
to higher layers. A similar finding by Kuriki et al. [112] suggested that there are selectivities to both
intermediate and cone-opponent hues in areas V1, V2, V3 and V4, with more diverse selectivity in
V4 compared to the other areas. De Valois et al. [108] suggested perceptual hues can be encoded
in V1, obtained by combining LGN responses in a nonlinear fashion. Wachtler et al. [116] found
that the tunings of V1 neurons are different from LGN, and that the responses in V1 are affected
by context as well as remote color patches in both suppressive and enhancement manners.

Although Namima et al. [117] found neurons in V4, AIT and PIT to be luminance-dependent,
others reported that in the Macaque extrastriate cortex, millimeter-sized neuron modules called
globs, have luminance-invariant color tunings [118]. Within globs in V4, clusters of hue-selective
patches with sequential representation following the color order in the hue, saturation and lightness
(HSL) space were identified, which were called “rainbows of patches” [6]. An example of an identi-
fied map of three clusters is shown in Figure 2.2a. In Figure 2.2b a larger view of one of the clusters
is shown. Conway and Tsao [119] suggested that cells in a glob are clustered by color preference

and form the hypothesized color columns of Barlow [120]. Comparable findings in V2 were reported
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(b)

Figure 2.2: Color map of V4 neurons in three clusters of patches (adapted from [6]). (a) Combined
map of hue patches in three clusters, (b) Larger view of a cluster.

in [121]. Patches in each cluster have the same visual field location and overlap greatly in their
visual field with their neighboring patches [6, 118]. Moreover, Li et al. [6] observed that each color
activates 1-4 overlapping patches and neighboring patches are activated for similar hues. Conse-
quently, Li et al. [6] suggested that different multi-patch patterns represent different hues, and
such a combinatorial color representation could encode the large space of physical colors, given the
limited number of neurons in each cortical color map. Other studies also suggested that glob pop-
ulations uniformly represent the color space [122] with narrow tunings for glob cells [122, 123, 124].
Similar findings for IT cells were reported by Zaidi et al. [125].

Not only is there disagreement about the color processing mechanisms in the visual cortex, but
also which region in the brain represents unique hues. Furthermore, transformation mechanisms
from cone-opponent responses to unique hues are unclear. While unique red is found to be close to
the +L axis in the MB diagram, unique green, yellow and blue hues cluster around intermediate
directions [126], not along cone-opponent axes. Perhaps clustering of the majority of unique hues
along intermediate directions could describe the suggestion by Wuerger et al. [127] who proposed
that the encoding of unique hues, unlike the tuning of LGN neurons, needs higher order mechanisms
such as a piecewise linear model in terms of cone inputs. The possibility of unique hue representa-
tions in V1 and V2 was rejected in [128], but like others [124, 129], they observed neurons in PIT
show selectivities to all hue angles on the color wheel and that there are more neurons selective to
those close to unique hues. These findings were challenged in [130]. Similarly, Zaidi et al. [131]

observed no significance of unique hues in human subjects and responses of I'T neurons, which was
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confirmed in more recent studies [132, 133].

2.2.2 Computational Models for Hue Encoding

Color is a key contributing representation for visual tasks; hence, the many various color spaces that
are introduced to represent color. Some attempts in quantifying color are specific to human color
vision. In these approaches the goal is to model perceptual hues. However, a recent study [132]
warns against assuming the geometry of certain color spaces as accurate estimates of the perceptual
color space. In that case, one wonders if the imperfect estimation could explain the conclusion of
the study by Rasouli et al. [134] who found no optimal color space that would be suitable for
detection and discrimination of all color group.

In CNNs, Bau et al. [91] found neurons responding to color concepts. In fact, color was the only
concept that persistently appeared in all the convolutional layers. Similar observations were re-
ported in other work [135, 136]. Rafegas et al. [136] mentioned similarities between color processing
in CNNs and the primate brain. Here, we refrain from repeating the issues with such suggestions
in favor of all that was mentioned in detail in Chapter 1.

Among all the biologically-inspired approaches that attempt to understand the neural processes
for transformation from cone-opponent to perceptual colors, a number of computational models
suggested mechanisms for this problem and other aspects of color representation in higher areas [137,
138, 139, 140, 141]. For example, the role of context in color constancy and color induction in V4
was studied by Dufort and Lumsden [137]. Their model combines L+M- and S+(L+M)- LGN
neurons to achieve color constancy. Later, Courtney et al. [138] achieved this goal in V4 by means
of a “silent” surround [123] for providing context, while [139] introduced a model of feedforward,
feedback and lateral connections for this purpose.

The most relevant computational model to ours with focus on hue encoding would be the work
of De Valois et al. [140], in which they introduced a network consisting of three stages: cone
stage, cone-opponent stage, and perceptual color representation stage. Introduction of the third
stage was inspired by the noted discrepancy between the axes of cone-opponency and perceptual
hues. They proposed that S-modulations in the third stage rotate the cone-opponent axes in a
way that results in perceptual hue representation. The third stage responses are obtained by a

linear combination of cone-opponent signals, followed by a half-wave rectification. De Valois et al.
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did not explicitly mention to which of the visual processing layers in the brain this third stage
corresponds. Here, we examine two possibilities. For the first possibility, suppose the perceptual
hue stage corresponds to V1, which is downstream of LGN. This is not an invalid assumption as
this stage combines the linearly modeled cone-opponent responses. In this case, perceptual hues are
encoded in V1, as found in a later study by the authors [108], in contrast with other findings for this
visual area [142, 143, 7, 115]. A similar argument applies to assuming correspondence with V2 [127].
For the second possibility, suppose their third stage is modeling the neurons in V4. In that case,
they provide no explicit model of V1 or V2 processes, even though these levels are believed to play
the role of gradually increasing the nonlinearity in the processing of cone inputs [111]. Omitting
the nonlinear layers of V1 and V2 results in wide tunings, an outcome which is not supported by
previous and recent discoveries [122, 124].

Overall, all the mentioned computational models are one-layer formulations of perceptual hue
encoding, or simply put, the totality of processing in these models is compressed into a single
layer process. The end result may indeed provide a suitable model in the sense of its input-
output characterization. However, it does not make an explicit statement about what each of the
processing areas are contributing to the overall result and while their goal was to reveal biological
color processing, they do not shed light upon the mystery of color representation mechanisms in

the brain.

2.3 The Hue Network Model

In this chapter, we introduce a computational color processing model inspired by neural mecha-
nisms in the visual system, that explicitly models neurons in each of LGN, V1, V2, and V4 areas
and reveals how each visual cortical area participates in the process. In this model, nonlinearity is
gradually increased in the hierarchy as observed by [111]. Specifically, while a half-wave rectifier
unit keeps the V1 tunings similar to those of LGN [115], it makes V1 neurons nonlinear in terms
of cone inputs. In V2, besides single-opponent cells, we propose employing neurons with multi-
plicative modulations [144, 145, 146], which not only increase nonlinearity but also allow neuronal
interactions by mixing the color channels and narrows the tunings. De Valois et al. [140] suggested

that additive or subtractive modulation of cone-opponent cells with S-opponent cell responses ro-
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tates the cone-opponent axes to red-green and blue-yellow directions. We achieved this rotation
with multiplicative modulations of L- and M-opponent cell activations with S-opponent neuron
responses. We call these cells “multiplicative V2”7 neurons. Finally, V4 responses are computed by
linearly combining V2 activations with weights determined according to tuning peak distances of
V2 cells to the desired V4 neuron tuning peak.

Figure 2.3a depicts our proposed model and Figure 2.3b demonstrates our network in action.
Each layer of this model implements neurons in a single brain area. Each map within a layer
consists of neurons of a single type with receptive fields spanning the visual field of the model; for
example, a map of neurons selective to red hue in model layer V4. The leftmost layer in this figure
shows the input to the network with the LMS cone activations. In the event that the presented
stimulus was available in other color spaces, we converted those to standard RGB followed by a
conversion into LMS channels using the transformation algorithm proposed by [147] (we used the
C code provided by the authors). This algorithm converts RGB values using the phosphor emission
function of a CRT monitor and then multiplies those values with the sensitivity functions of L,
M and S cones. In this sense, we are assuming that the proposed hue network, similar to the
experimental settings with monkeys [6], sees the stimuli displayed on an imaginary CRT monitor
with emission functions specified in [147] and their accompanying code. As a result, one can think of
the presented stimulus to the network as the activations of three cone types. These cone activations
are fed to single-opponent mLGN cells, which in turn feed single-opponent mV1 cells with nonlinear
rectification. In the mV?2 layer, single-opponent neurons replicate the activations of those of mV1,
but with larger receptive fields. Later, we refer to these single-opponent cells as “additive mV2
neurons”. “Multiplicative mV2” neurons form when single-opponent mV1 cells with L and M cone
inputs are multiplicatively modulated by mV1 neurons with S-cone input. This approach is in a
sense similar to S-modulations proposed by De Valois et al. [140], but in a multiplicative manner
and not additive or subtractive. Finally, the hue-sensitive neurons in mV4 receive feedforward
signal from additive and multiplicative mV2 cells. Figure 2.4 depicts the computational steps of
our model in each layer.

Our model was implemented in TarzaNN [148]. The neurons in all layers are linearly rectified.
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Figure 2.3: The proposed hierarchical model. (a) Our model architecture for local hue represen-
tation (best seen in color). Each layer of this model implements neurons in a single brain area. The
prefix “m” in each layer name represents model layers. Each map within a layer consists of neu-
rons of a single type with receptive fields spanning the visual field of the model. The leftmost layer
shows the input to the network with the LMS cone activations. The color employed for each feature
map in the model is figurative and not a true representation of the hue-selectivity of its comprising
neurons. In layer mV4, a larger view of an example model cluster is shown, similar to the clusters
found in monkey V4 [6]. Each model cluster corresponds to a column of the three-dimensional
matrix obtained by stacking mV4 maps. (b) An example of our model responses. We show each
layer of the network within a rectangle, with a number of feature maps inside the rectangle. The
selectivity of neurons is written next to each map. The receptive field of each neuron in these maps
is centered at the corresponding pixel location. The neuron responses are shown in greyscale, with
a minimum response as black, and maximum activation as white. The range of responses shown
on the upper left part of (b) represents the minimum and maximum firing rate of model neurons.
The dark border around each feature map is shown only for the purpose of this figure and is not
part of the activity map. 23
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Figure 2.4: Hue processing network with details of computational blocks. Each layer is enclosed
in a colored rectangle similar to those shown in Figure 2.3. Each little box in this figure represents
one computational step in the model. The mathematical equation for each layer is included within
the layer’s rectangle. The font color of each component in the equation matches the color of its
corresponding computational box in the layer. For example, the font color of the rectification
function ¢ matches the green color of the rectification box in mLGN, or the yellow color for x in
the multiplicative mV2 equation matches the yellow color of the multiplication box in this layer.
Note the arguments are delimited by the same-color brackets. In convolution boxes, RF stands for
receptive field.
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¢(P)

P

Figure 2.5: The rectification function, ¢, applied to neurons in the proposed hue network (Equa-
tion 2.1). This rectifier maps neuron activations, P, to [r,1].

The rectification was performed using:

.
T, ifmP+b<rT

¢(P)=4mP+b, fr<mP+b<s (2.1)
1, otherwise,

where P is neuron activity, and m and b are the slope and base spike rate respectively, 7 is a lower
threshold of activities and s represents the saturation threshold. As depicted in Figure 2.5, this
rectifier maps responses to [, 1]. Depending on the settings of parameters 7 and s, and the range of
activations for the model neurons, the rectifier might vary from being linear to nonlinear. Wherever
this rectifier is employed in the rest of this chapter, we mention the settings of the parameters, and
whether parameter settings resulted in neuron activations to become linear or nonlinear in terms

of their input.

2.3.1 Model LGN cells

The first layer of the hierarchy models single-opponent LGN cells. The mLGN cells are characterized
by their opponent inputs from cones. For example, mLGN cells receiving excitatory input from L

cones to their centers and inhibitory signals from L and M cones from the surround are known as
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L-on cells. Model mLGN cell responses were computed by [149]:

Ruoy = ¢( ar(G(z,y,01) * Ry) +
am(G(z,y,om) * Ryp) +
as(G(z,y,08) * Rg) —
ar,(G(z,y,01) * Ry) —
an (G, y, o) * Bar) —

as(G(z,y, o) * Rs)), (2.2)

where * represents convolution. In this equation, mLGN response, Ry1.aN, is computed by first
linearly combining cone activities Ry, Ry, and Rg, convolved with normalized Gaussian kernels,
G, of different standard deviations, o, followed by a linear rectification, ¢. For mLGN neurons,
we set 7 = —1 and s = 1 to ensure the responses of these neurons are linear combinations of
the cone responses [108, 115]. The differences in standard deviations of the Gaussian kernels
ensure different spatial extents for each cone as described in [103]. Each weight in Equation (2.2),
determines presence/absence of the corresponding cone. The weights used for mLGN cells were set
following the findings of [104] and [105]. For example, for an L-on neuron, L-cones have excitatory
contributions to the center and inhibitory surround contributions are from both L- and M- cones.
In this case, for the center, ay, is positive with ajs and ag set to zero, while in the surround only
s is zero. In total, we modeled six different mLGN neuron types, L-on, L-off, M-on, M-off, S-on,
and S-off. As an example, consider M-on cells. These neurons receive opposite contributions from
L and M cones, while S cones with weight 0 exhibit no contribution. That is, M and L cones
have excitatory and inhibitory effects respectively, while S cones are absent. This type of neuron
is known to best respond to cyan-like hues [142]. A relatively similar hue selectivity is observed in
L-off cells, which receive excitatory and inhibitory contributions from M and L cones respectively.
Receiving such a pattern of input signal results in selectivities to cyan-like hues for both cell types.
Despite this similarity, however, their responses indicate different messages. Specifically, strong
responses of an M-on cell conveys high confidence in the existence of an M cone signal with less

impact from L cone responses within its receptive field. In contrast, strong activations of an L-

26



off cell indicates the existence of M cone signal with a confident message that almost no L cone
activities exist within its receptive field. In other words, even a small amount of L. cone responses
within the receptive field of an L-off cell strongly suppresses the activation of this neuron. Looking
at the feature maps for these two cell types in Figure 2.3b reveals these slight differences in their
selectivities. Note that while both neurons have relatively strong positive responses to the green
and blue regions in the input, activations of the L-off cells, unlike the responses of M-on neurons,
in the yellow region are strongly suppressed.

In what follows, whenever we refer to a cell as L, M, or S in layers mLGN and higher, we will
be referring to the pair of on and off neurons in that layer. For instance, S-on and S-off neurons in

mLGN will be called S neurons in this layer, for brevity.

2.3.2 Model V1 cells

Local hue in V1, as suggested in [114] and [113], can be encoded by single-opponent cells. To obtain
such a representation in the mV1 layer, the responses are determined by convolving input signals
with a Gaussian kernel. Note that since single-opponency is implemented in the mLGN layer, by
simply convolving mLGN signals with a Gaussian kernel, we will also have single-opponency in

mV1. The local hue responses of mV1 were obtained by:

Ruvi = ¢(G(x,y, omvi) * RmLaN), (2.3)

where ¢ is the rectifier in Equation (2.1). With 7 = 0 and s = 1 for the rectifier, our mV1 neurons
will be nonlinear functions of cone activations. In Equation (2.3), substituting Ryrgn with any of
the six mLGN neuron type responses will result in a corresponding mV1 neuron type. Therefore,

there are six neuron types in layer mV1 corresponding to L-on, L-off, M-on, M-off, S-on, and S-off.

2.3.3 Model V2 cells

In our network, the mV2 layer consists of two types of hue selective cells: single-opponent and

multiplicative. The single-opponent neurons are obtained by:

Raaditive mv2 = ¢(G(337 Y, UmV2) * RmVl)v (2'4)
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where ¢ is the rectifier in Equation (2.1). With 7 = 0 and s = 1 for the rectifier, the single-opponent
mV2 cells are nonlinear functions of cone activations. In Equation (2.4), substituting Ry,v1 with
each of the six mV1 neuron type responses will yield a mV2 neuron type with similar selectivities,
but with a larger receptive field. To be more specific, the responses of single-opponent mV2 neurons
can be considered as a linear combination of mV1 activations.

To increase the nonlinearity as a function of cone activations in mV2, as observed by Hanazawa et
al. [111], and also to nudge the selectivities further toward intermediate hues, as found by Kuriki et
al. [112], we introduce multiplicative mV2 neurons. These cells not only add another form of
nonlinearity to the model, other than that obtained by the rectifier in mV1, but also mix the
different color channels from mV1 and exhibit a decrease in their tuning bandwidths. In their
model, De Valois et al. [140] suggested that S-modulated neurons rotate the cone-opponent axes to
perceptual-opponent directions. Their modulations with S activations were in the form of additions
and subtractions, which does not add to the nonlinearity of neuron responses. We leverage their
observation, but in the form of multiplicative modulations for additional nonlinearity. That is, each
mV2 multiplicative cell response is the result of multiplying L or M neurons from mV1 with a mV1
S cell activations. For example, in Figure 2.3b, “L-off x S-off” is for a cell obtained by modulating
a mV1 L-off cell response by a mV1 S-off neuron activation. In our model, the multiplicative mV?2

neurons are computed as:

Rmultiplicative mV2 = gb(G(.%‘, Y, UmV2) * RmVl{L7 M} X

G(.T, Y, UmV?) * RmVl{S})u (25)

where X represent multiplicative modulation, and R,vi1, vy and Ryvigsy are for responses of
an L or M cell and S neuron from mV1 respectively. As before, ¢ is the rectifier from Equation
(2.1) with the same parameters as those of the additive mV2 cells. Multiplicative mV2 cells are
nonlinear with respect to cone inputs and bilinear with regards to mV1 activations.
Multiplicative mV2 neurons have narrower bandwidths than those of additive mV2 cells, which
will be shown quantitatively in Section 2.4. However, consider the multiplicative mV2 maps in
Figure 2.3b for a brief qualitative explanation. For the hue wheel as input, relatively high responses

of the single-opponent mV2 cells span a larger region of their map compared to multiplicative mV2
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cells. This is an indication that multiplicative mV2 cells are selective to a narrower range of hue
angles. As an example, both L-off and S-off mV1 cells have high activations for relatively large
regions of the input respectively. However, when multiplied, the resulting neuron, i.e. the “L-off
x S-off” cell has strong responses for regions with greenish color, and the activation of the L-off
mV1 cell to bluish regions is suppressed to the extent that the L-off x S-off cell shows close to no
responses.

As a summary, in layer mV2, a total of 14 neuron types are implemented: 6 additive and 8

multiplicative cell types.

2.3.4 Model V4 cells

We modelled mV4 neurons representing local hue using a weighted sum of convolutions over mV?2

neuron outputs. More specifically, responses of the i-th mV4 neuron, Ryva4, are computed as:

14
Ruvai = 9(Y_ wij(G(@,y,0mva) * Rmya,j)), (2.6)
=1

where Ry,va; represents the responses of the j-th mV2 neuron, and ¢ is the rectifier introduced
in Equation (2.1), with 7 = 0 and s = 1. As a result of this parameter setting for the rectifier,
each mV4 cell is a linear combination of mV2 cell responses and hence, nonlinear in terms of cone
inputs. The set of weights {7112-]-}»].:17”_71 4, determine the hue to which the i-th model mV4 neuron
shows selectivity.

In layer mV4, we implemented six different neuron types according to distinct hues: red, yellow,
green, cyan, blue, and magenta. The chosen hues are 60 deg apart on the hue circle of HSL, with red
at 0 deg. These hues were also employed in the V4 color map study [6] and for comparison purposes,
we utilize these hues. When the six mV4 colors are mapped to the MB space, the hue angles are
shifted with respect to those of HSL, with red, yellow and cyan hues close to cone-opponent axes
in the MB space, and green, blue and magenta along intermediate directions. Figure 2.6 illustrates
60 uniformly sampled hues from the HSL space mapped to the MB space with a clear nonuniform
distribution and a shift, which are caused by the mapping and not the sampling.

Although here we limit the number of modeled neuron types in this layer to six, we would like to

emphasize that changes in combination weights will lead to neurons with various hue selectivities in
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Figure 2.6: The 60 uniformly sampled hues from the HSL space mapped onto a unit circle in
the MacLeod and Boynton space. As shown, the hues are not uniformly spaced on the unit circle.
The hues are rotated on the unit circle, with different hue angles, compared to their corresponding
angles on the hue wheel as a result of a non-uniform mapping. The four cardinal axes in this space
correspond to reddish, lime, cyan-like and lavender hues.

this layer. Modeling neurons with selectivities to a wide variety of hues with yet narrower tunings
could be accomplished in higher layers, such as I'T, by combining hue-selective model neurons in
mV4.

In order to determine the weights from mV2 to mV4 neurons, the w;;’s in Equation (2.6), we
considered the distance between peak activations of mV2 neurons to the desired hue in a mV4 cell.
The hue angle between these two hues on the hue circle is represented by d;;. Then, the weight w;;

from mV2 neuron j to mV4 neuron ¢ is determined by:
) (2.7)

where N(.; 0, 0) represents a normal distribution with 0 mean and o standard deviation, and Z; is

a normalizing constant obtained by

14

Z; = ZN<dz‘j; 0,0). (2.8)

J=1

The weights used for each of mV4 neuron types are summarized in Figure 2.7. In this figure, each
row represents the weights for a single mV4 cell, and the columns are for mV2 cells. Note that all

mV2 to mV4 weights are normalized to sum to 1.0. That is, the sum of weights in each row is 1. In
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Figure 2.7: The relative contributions of individual mV?2 cells in the encoding of six distinct hues
in our mV4 layer (best seen in color). Each row represents a hue-sensitive mV4 cell, and each
column shows a mV2 cell. Multiplicative mV2 cells are indicated as V2_mul x_y, where x and y
signify the type of mV1 neurons sending feedforward signal to the multiplicative mV2 cell. The
weights are normalized to sum to 1.0. Determining weights from mV2 to mV4 layers in our network

is described in detail in the Methods section.
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this figure, dark red shows a large contribution, while dark blue represents close to no input from
the relevant mV2 neuron. Consider, for example, the weights for the red mV4 cells. This neuron
has relatively large weights from mV2 L-on, M-off, and M-off x S-off cells. In other words, cells
with large contributions from L cones. This observation is not surprising as previous research by
Webster et al. [126] found that unique red in human subjects has the largest contributions from L
cones.

In Figure 2.3b, at the mV4 layer, from top to bottom, the neurons selective to magenta, red,
yellow, green, cyan, and blue are displayed. As expected, mV4 yellow neurons, for instance, show
activations across red, yellow, and green regions of the stimulus, with stronger activations in the

yellow segment.

2.4 Evaluation

We designed simulation experiments to make two important aspects of our model clear:
1. at the single-cell level, our model neurons perform similarly to their biological counterparts.

2. at the system level, our hierarchical model, due to a gradual increase in nonlinearity, makes it
possible to model neurons with narrow bandwidths, represent hues in intermediate directions,

and represent unique hues in our layer mV?2.

As a result, our experiments bridge a mixture of single-cell examinations to evaluations of the

hierarchical model as a whole.

2.4.1 Stimuli

To test the effectiveness of our approach in hue encoding, we examined the tuning of each hue-
selective neuron in all layers of our network. We sampled the hue dimension of the HSL space,
with saturation and lightness values constant and set to 1 and 0.5, respectively, following [6]. We
sampled 60 different hues in the range of [0,360) degrees, separated by 6 degrees. When these HSL
hue angles are mapped to a unit circle in the MB space, they are not uniformly spaced on the
circle and are rotated (depicted in Figure 2.6). For example, the red hue in the HSL space at 0 deg

corresponds to the hue at about 18 deg in the MB space.
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The input to the hierarchical network was always resized to 256 x 256 pixels. The receptive
field sizes, following [99], double from one layer to the one above. Specifically, the receptive field
sizes we employed were 19 x 19, 38 x 38, 76 x 76, and 152 x 152 pixels for mLGN, mV1, mV2, and

mV4 layers respectively.

2.4.2 Model neuron tunings

We presented all sampled hues to the model and recorded the activities of model neurons with
responses shown in Figures 2.8 and 2.9. Our single-opponent cells implement two types of center-
surround receptive fields: X-on and X-off cells, where X represents one of the three cone types
which dominates the input to the receptive field center and on/off signifies the excitatory/inhibitory
contribution of that cone. The receptive field profiles of these neurons are borrowed from the studies
by Wool et al. [104, 105].

In each plot, the circular dimension represents the hue angle in the MB diagram, and the radial
dimension represents the neuron’s response level. We found mLGN and mV1 tunings look relatively
similar with differences due to the nonlinear rectifier imposed on mV1 responses. We plotted the
responses of mV1 neurons in both negative and positive ranges for comparison purposes with those
of mLGN. For mV2 and mV4, the responses are shown in the positive range. Although it might not
be evident from tunings of mV1 cells and single-opponent mV2 neurons in Figure 2.8, due to the
plotted range of responses in these figures, we emphasize that the tunings of these cells look identical
when plotted in the same range, as the two examples in the bottom panel of Figure 2.8 show. The
average difference of responses between pairs of mV1 and their corresponding single-opponent mV?2
cells is on the order of 1075,

Comparing single-opponent and multiplicative mV2 tunings gives a clear image of narrower
tunings in the S-modulated mV2 neurons. Not only do these cells have narrower tunings, but they
generally peak close to intermediate directions. For instance, the mV2 L-off x S-off cell has a
narrow tuning that peaks close to the unique green hue angle.

In mV4, we implemented six different neuron types according to distinct red, yellow, green,
cyan, blue and magenta, which are 60 deg apart on the HSL hue circle. The weights from mV2
cells to mV4 neurons were determined according to the distance between peak activations of mV2

neurons to the desired hue in a mV4 cell. Tunings of mV4 neurons, depicted in Figure 2.9, show
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Figure 2.8: Caption on the next page.
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Figure 2.8: (Previous Page). Model neuron tunings. Responses of neurons in layers mLGN,
mV1, and mV2 to 60 hues sampled from the hue dimension in the HSL space. Each sampled hue is
mapped to its corresponding hue angle in the MB space and is shown by a colored dot corresponding
to the sampled hue on the circumference of a unit circle in the MB space. In each plot, the circular
dimension represents the hue angle in the MB space. The level of responses is shown in the radial
dimension in these plots with high activations away from the plot center. In each row, the model
layer to which the neurons belong is specified on the left edge of the row. The neuron type is
mentioned below each plot. In the bottom panel, we compare tunings of single-opponent mV1 and
mV2 L-on neurons and show almost identical curves for single-opponent mV1 and mV2 cells when
plotted in the same range of [—1, 1].

red yellow green cyan blue magenta
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Figure 2.9: Model mV4 neuron responses to hues sampled from the hue dimension in the HSL
space. The sampled hues are 6 degrees apart. In each plot, the angular dimension shows the
hue angles in the MacLeod and Boyton diagram, and the radial dimension represents the response
level of the neuron where larger responses are further away from the center. The dots on the
circumference of each circle are representative of hues at sampled angles. The selectivity of each
neuron is specified above its plot.

a distinct peak for each cell close to its desired selectivity, with narrower tunings compared to

single-opponent mV2 cells.

2.4.3 Tuning bandwidths

Kiper et al. [7] defined tuning bandwidth as “the angular difference between the color vector giving
the peak response, and that vector where the response had fallen to 50% of the difference between
peak vector and 90 deg away”. They reported tuning bandwidth as a metric for tuning narrow-
ness and observed separate bandwidth distributions of linear and nonlinear V2 cells. To obtain a
quantitative evaluation of our observation with regards to narrower tunings due to multiplicative
modulations, we computed the tuning bandwidth of mV2 neurons, following Kiper et al. [7]. For
neurons exhibiting maximum activation at a range of neighboring hues (see mV2 M-on tuning in
Figure 2.8 as an example), we take the mean hue as the representative hue with peak response for
computation of bandwidth and later for tuning peak. While our goal is to verify whether multi-

plicative modulations narrow the tunings, we did not hypothesize a model as Kiper et al. [7] who

35



computed the bandwidth threshold analytically for linear and nonlinear tunings, nor did we have
a population of neurons to report the percentage of linear/nonlinear cells. Instead, we simply com-
puted the bandwidth of responses for each cell type in the mV2 layer and plotted the distribution
of tuning bandwidths. Specifically, we computed the tuning bandwidth of 6 single-opponent and 8
multiplicatively modulated mV2 neurons in our model. The bandwidth distributions are depicted
in Figure 2.10a, where we also plotted the distributions of linear/nonlinear biological V2 cell pop-
ulation extracted from Kiper et al. [7], their Fig. 3. Interestingly, bandwidth distributions of mV2
neurons are separate and overlap with that of biological linear and nonlinear V2 cells reported
by Kiper et al. [7]. Although the distribution of single-opponent mV2 neurons is slightly shifted
toward smaller bandwidths compared to that of biological linear V2 cells, both distributions are
spread over a wide range of bandwidths. While the biological nonlinear V2 distribution is squeezed
compared to that of multiplicative mV2 neurons, both distributions peak at similar bandwidths.
Note that the area under all curves are normalized, hence, the higher peak in the nonlinear distri-
bution. Single-opponent mV2 neurons are mainly clustered around large bandwidths, between 36
and 66 deg (mean = 52.98 deg). Tuning bandwidths of multiplicative mV2 cells vary between 9
and 60 deg with an apparent density toward bandwidths smaller than 40 deg (mean = 30.17 deg).
These results confirm our previous observation that multiplicative modulations lead to narrower
tunings.

Another approach to construct neurons with narrow tunings is to pool the responses of cells with
similar selectivities in local neighborhoods [150, 151]. Koch et al. [151] have shown this approach
to narrow the tunings in orientation-selective cells. While multiplications cause a drop of firing
rates and require an amplification of responses, the pooling approach does not reduce the firing
rates. In order to compare the two methods and evaluate the effectiveness of each on narrowing
the tunings, we implemented pooling in local regions of our mV2 layer, arguably the globs in V2.
Our implementation follows the formulation of Koch et al. [151], but for color neurons. As the
bandwidth distributions of mV2 neurons in Figure 2.10b shows, we found that even though pooling
narrows the tunings, multiplication has a more significant effect in decreasing the bandwidths. In
other words, the shift toward smaller bandwidths with respect to the bandwidth distribution of
single-opponent mV2 cells is larger for the bandwidth distribution of multiplicative cells compared

to that of pooling mV2 cells, as shown by the two arrows in Figure 2.10b. We stress here that
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Figure 2.10: Tuning bandwidth and tuning peak analysis in the hierarchy. (a) Distributions
of tuning bandwidths for mV2 neurons. Also, the bandwidth distributions of biological V2 cells
reported by Kiper et al. [7] are plotted for comparison. The distribution of multiplicative mV2 neu-
rons is clearly separate and shifted toward smaller bandwidths compared to single-opponent mV2
cells, similar to the separate distribution of the V2 population reported by Kiper et al. [7]. This
confirms our observation that multiplicative modulations result in narrower tunings. Dashed ver-
tical lines indicate the bandwidth at which each distribution peaks. While multiplicative mV2 and
biological nonlinear V2 distributions peak at around similar bandwidths, our single-opponent mV?2
distribution is slightly shifted compared to that of biological linear V2 neurons. (b) Distributions of
tuning bandwidths of single-opponent, multiplicative and pooling mV?2 neurons. Although pooling
decreases the tuning bandwidths, the bandwidth distributions of these neurons has a large overlap
with that of single-opponent mV2 cells. Multiplicative mV2 cells, in contrast, shift the distribution
to smaller bandwidths, separating it from that of single-opponent mV2 cells. The shifts in distri-
butions of multiplicative and pooling mV2 cells with respect to single-opponent mV2 neurons are
shown by annotated black arrows. (c) A polar histogram of selectivity peaks for our model neurons.
Our mLGN, mV1 and single-opponent mV2 neurons cluster around cone-opponent axis directions
while our model multiplicative mV2 and mV4 cells have peaks both close to cone-opponent and
off cone-opponent hue directions. Note specifically that all model layers have neurons in polar bins
containing unique red and unique yellow hue angles. Bins including unique green and unique blue
angles are limited to multiplicative mV2 and mV4 types. (d) Peak selectivities of single-opponent,
multiplicative, and pooling mV2 cells shown in a polar histogram of selectivities. Despite decreas-
ing tuning bandwidths, pooling mechanisms do not shift the selectivities to intermediate directions,
whereas multiplicative modulations both decrease the tuning bandwidths and shift selectivities to
intermediate hue directions. 37



our results of narrower tunings of multiplicative mechanisms versus pooling do not indicate that
the hue selective neurons do not employ pooling mechanisms. However, our model confirms that
a simple feedforward S-modulated multiplication has more success in decreasing the bandwidth

compared to pooling in globs.

2.4.4 Tuning peaks

Watcher et al. [116] observed that most neurons in V1 peak around non-opponent directions, while
Kiper et al. [7] reported that cells in V2 exhibited no preference to any particular color direction
and no obvious bias to unique hues. We tested the tuning peaks of model neurons to examine
for cone-opponent vs. intermediate selectivities. Figure 2.10c shows a polar histogram of tuning
peaks of all types of neurons in all layers of our model, where each sector of the circle represents
a bin of the polar histogram. This figure clearly demonstrates that the majority of mLGN, mV1,
and single-opponent mV2 cells (5 out of 6 neuron types) peak close to cone-opponent axes. In
contrast, the family of multiplicative mV2 cells and hue-sensitive mV4 neurons peak at both cone-
opponent and intermediate hues, as reported in [7] and [122]. Simply put, with the multiplication
mechanism, the representation of hues along intermediate directions starts to develop. This is in
fact another advantage of multiplication over pooling of responses; multiplying the responses of
cells with dissimilar selectivities rotates the peak responses to intermediate directions. In pooling,

however, no shifting in the peak selectivities is achieved, as depicted in Figure 2.10d.

2.4.5 Unique hue representation

In Figure 2.10c, each mV4 bar in the polar histogram is paired with a multiplicative mV2 bar.
Wondering about the contribution of multiplicative mV2 cells to the responses of mV4 neurons,
we compared the sum of single-opponent mV2 cell weights against that of multiplicative mV?2
neurons, depicted in Figure 2.11a. Interestingly, mV4 cells selective to magenta, blue, and green
hues, which are off the cone-opponent directions, have significant contributions from multiplicative
mV2 cells. In green and magenta, in particular, multiplicative cells make up more than 78% of
mV2-mV4 weights. The rest of hues, which are close to the cone-opponent directions in the MB
space, receive a relatively large feedforward input from the single-opponent mV2 cells. In short,

multiplicative cells play a significant role in the representation of hues in intermediate directions,
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while single-opponent cells have more substantial contributions to hues along cone-opponent axes.

Next, we asked the question of how well neurons in each of our model layers represent unique
hues? To answer this, we computed the distance of peak angles for our model neurons to the unique
hue angles reported by Miyahara [8]. For each unique hue, we report the minimum distance of peak
angle among all neuron types in each layer to the given unique hue angle. As Figure 2.11b shows,
the distances to unique red and yellow are relatively small in all the four model layers, at less
than 5 deg. This could be due to the fact that unique red and yellow reported in [8] are close
to cone-opponent axes in the MB space, in agreement with findings of [126] for unique red. For
unique green, there is a 44 deg drop in mV2 and mV4 distances compared to that of mV1. Also,
the distance to unique blue further decreases in mV2, although with an increase in mV4. The
increase in mV4 to unique blue and unique red, however, does not indicate that mV4 neurons
cannot represent these unique hues as well as mV2 cells. Additional mV4 neurons with significant
inputs from mV2 cells representing these unique hues can have a distance similar to mV2 cells. To
summarize, we observed a gradual development in the exhibition of selectivity to unique green and
blue hues, while selectivity to unique red and yellow was observed in early as well as higher layers.
Moreover, these results suggest that mV2 cells with peak selectivities at less than 5 deg distance to
unique hue angles, and consequently, neurons in higher layers, have the capacity to encode unique
hues. Our results do not suggest any significance of unique hues, as was also reported in previous
research [131, 133, 132]. We emphasize that our model neurons were not tuned to achieve unique
hue representations. Instead, the results of this analysis, put together with that of Figure 2.10c,
indicate that by introducing multiplicative nonlinearities, neurons with selectivities spanning the

color space start to emerge, some of which could potentially represent hues deemed as unique hues.

2.4.6 Hue distance correlation

Li et al. [6] found a correlation between pairs of stimulus hue distances and the cortical distances
of maximally activated patches in each cluster. For this analysis, Li et al. [6] employed an ordered
representation for hues and defined the hue distances accordingly. To test for a similar relationship
between hue distances and the pattern of activities of mV4 neurons, we stacked our mV4 maps,
in the order shown in Figure 2.3a, beginning with magenta, red, and so on. Stacking these maps

results in a three-dimensional array, each column of which can be interpreted as a cluster of hue-
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Figure 2.11: Multiplicative neurons contribute greatly in intermediate and unique hue repre-
sentations. (a) Relative contributions of single-opponent and multiplicative mV2 cells to each
hue-sensitive mV4 neuron. The orange and blue bars show the percentage of contribution from
single-opponent and multiplicative mV2 cells to each specific mV4 cell, respectively. Multiplicative
mV2 neurons have more substantial input weight to mV4 cells with selectivity in intermediate
hue directions. Single-opponent mV2 cells make up most of the input weight to mV4 cells with
peaks close to cone-opponent axes. (b) Distances of our model neurons, layer-by-layer, to unique
hue angles reported by Miyahara [8]. Unique hue representation develops in the hierarchy. Note
the significant drop in the peak distance for mV2 and mV4 neurons to unique green, achieved by
increasing the nonlinearity in those layers.
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Figure 2.12: Hue distance correlation analysis between the hue distances and model patch dis-
tances in each model cluster. Our hierarchical model demonstrates a clear correlation between hue
distances and the pattern of activations in mV4 neurons.

40



selective patches, with neighboring patches sensitive to related hues, similar to those observed in
V4 [6]. We call each column of our stacked maps a model cluster and each element of the column
a model patch. An example of a mV4 cluster in a larger view is shown in Figure 2.3a. For a given
model cluster and a pair of stimulus hues, we compute the distance of the two maximally activated
model patches. For example, the distance of the red patch from the cyan patch as shown in Figure
2.3a is 4. In this experiment, we employed our sampled hues from the HSL space, starting from red
at 0 deg, separated 30 degrees, resulting in 12 stimulus hues. Similar to the ordering assigned to
stimulus hues employed in [6], we assigned values in the range [0, 5.5] at 0.5 steps starting with 0
for magenta. The plot in Figure 2.12 demonstrates our model patch distances as a function of hue
distances with a clear correlation (r = 0.93,p = 3.92 x 1073%). Simply put, similar to the biological
V4 cells, the pattern of responses in our mV4 neurons is highly correlated with the ordering of hues

in the HSL space.

2.4.7 Hue reconstruction

Li et al. [6] observed that 1-4 patches are needed to represent any hue in the visual field and
that different hues were encoded with different multi-patch patterns. Then, they suggested that
a combination of these activated patches can form a representation for the much larger space of
physical colors.

Along this line, we show, through a few examples, that for a given hue, a linear combination of
mV4 neurons can be learned and used for representing that particular hue. Although it would be
impossible to learn weights for the infinitely many possible physical hues, we show a few examples
as an instance of the possible mechanism for color representation suggested by Li et al. [6].

In this experiment, for a given hue value, we uniformly and independently sampled the satu-
ration and lightness dimensions at 500 points resulting in 500 colors of the same hue. The goal
is to compute a linear combination of mV4 neurons, which can reconstruct the groundtruth hue.
The hues in this experiment were represented as a number in the (0, 27] range. We performed an
L1-regularized least square minimization [152].

Table 2.1 shows some of the results for this experiment. Interestingly, in all cases, no more
than four neuron types have large weights compared to the rest of the neurons, in agreement with

findings of [6]. Specifically, in the case of red and yellow hues, about 99% of the contribution is from
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Table 2.1: The choice of weights for mV4 cells used for hue reconstruction in a few example hues.

Groundtruth hue (deg) mV4 neuron
Red Yellow  Green Cyan Blue  Magenta
red (360) 0.9934 0.0034 0.0006 0.0007 0.0006 0.0014
Yellow (60) 0.0010 0.9960 0.0008 0.0010 0.0004  0.0007
lavender (270) 0.0008 0.0019 0.0674 0.2946 0.0003  0.6351

only a single cell, red and yellow neurons respectively. The last row in Table 2.1 is most insightful.
It presents the weights for a lavender hue in equal distance from blue (240 deg) and magenta (300
deg). The weights for this example seem counter-intuitive as they include cyan and magenta with
positive contributions, and blue is absent. However, careful scrutiny of peak angles for mV4 hues
reveals that lavender hue at 270 deg is somewhere between the peaks for mV4 cyan (at 193 deg)
and magenta (at 300 deg), and closer to magenta. This hue is mainly reconstructed from magenta,
with more than 63% contribution, while the absence of blue is compensated with cyan, shifting the
reconstruction from magenta toward lavender.

Again, it must be stressed that this experiment was performed to examine the possibility of
combinatorial representation mechanisms and a thorough investigation of this mechanism in the
computational sense is left for future work. The examples shown here attest to the fact that
intermediary hues encoded by mV4 neurons can indeed span the massive space of physical hues

and are enough for reconstructing any arbitrary hue from this space.

2.4.8 V4 Representations Visualization

With observations from hue correlation and hue reconstruction experiments, it is of interest to
visualize V4 representations in the final layer of the hue network. Following the hue correlation
experiment results, the expectation is for V4 representations of dissimilar hues to be mapped to
distinguishable clusters in the V4 space with samples at zero saturation and lightness clamped to-
gether. To visualize V4 representations, similar to the hue reconstruction experiment, we uniformly
and independently sampled the saturation dimensions at 500 points for hues at the following hue
angles: {0, 60,270,300} deg, corresponding to red, yellow, lavender and magenta respectively. We
applied Principal Component Analysis (PCA) to the six dimensional V4 representations and plot-

ted the first three components as depicted in Figure 2.13. Each dot in this plot represents a single
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Figure 2.13: V4 representations visualization. The first three principal components of V4 repre-
sentations plotted in 3D and viewed from different angles. Each dot represents a single sample with
varying saturation and lightness and yellow, red, magenta and lavender hues. This figure demon-
strate distinct clustering of samples according to their hues with the ordering of hues from yellow
to red, magenta and lavender preserved. Note that samples with zero saturation and lightness look
identical regardless of hue and are clamped together at the base of these four clusters.

sample and the color indicates the hue of the sample point. This figure demonstrates that the V4
representations are well-separated into distinct clusters for each hue. Moreover, the ordering of the
hues is preserved in this space, confirming our observations from the hue correlation experiment.
Finally, although modeling color constancy was not the focus of our work and computational color
constancy was applied to our stimuli, results from the visualized representations in Figure 2.13

suggest that mV4 hue encoding are preserved even with changes in saturation and lightness.

2.4.9 Image Classification

We asked the question of how our mV4 hue representations perform in practical applications. To
this end, we chose an image classification task in categorizing 103 classes of flowers from the dataset
introduced by Nilsback and Zisserman [9]. A few examples of flowers in this dataset are shown
in Figure 2.14. In their work, Nilsback and Zisserman combined shape and color feature kernels
for classification of flowers using SVM. Nonetheless, our focus is on color and hence, we limit
ourselves to color features. In [9], HSV channels were employed as color features and we remain
with that choice for comparison with mV4 representations. For classification, we followed the steps
explained in [9] by first performing a Kmeans clustering. Then, the normalized frequency histograms

given the Kmeans clusters are computed followed by SVM classification. They found an optimum
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Figure 2.14: Examples of flowers in the dataset employed for image classification and color image
segmentation experiments described in sections 2.4.9 and 2.4.10. This dataset consists of 103 flower
classes [9].

number of 1000 Kmeans clusters with the validation set and reported the recognition accuracy of
43%. We replicated their procedure and found 1400 Kmeans clusters as the optimum value with
42% recognition accuracy. Prior to these steps, however, all images are cropped according to the
bounding box coordinates provided for each flower image in the dataset, and then each cropped
image is resized to 256 x 256 pixels to make the image size compatible with our network input
size. Resizing the images morphs flower shapes but the color features remain unchanged. Since our
classification experiment is solely based on color, we do not expect resizing to affect the classification
performance.

To evaluate the performance of our mV4 hue representations on flower classification, we simply
used the six mV4 channels in the same manner that the three HSV channels were employed for
classification. We found a significantly smaller number of Kmeans clusters to be enough for classi-
fication using V4 features. Our V4 features achieved 29% recognition performance with only 600
Kmeans clusters. Although we observed a drop of about 13% in performance compared to HSV
features, the number of Kmeans clusters are significantly smaller, 600 for V4 vs. 1400 for HSV. We
believe that V4 features, in a higher-dimensional space, have the potential to map dissimilar hues
to relatively more distant points in the 6 dimensional mV4 feature space while keeping the similar
ones in close proximity. As a result, data points are placed in distinctly well-separated groups, and
a smaller number of Kmeans centers will be required for clustering the data into similarity groups.
The reported number of clusters and accuracies in this experiment were obtained with five-fold

cross-validation. Changes in the hyper-parameters of the classifier had little effect on the optimum

44



Feature type | # of Kmeans clusters | Recognition rate
HSV 1400 42%
V4 600 29%
V4SV 600 35%
HimoothSV 1400 24%

Table 2.2: Flower classification performance based on color features.

number of clusters. Specifically, with V4 features, for a different setting of SVM parameters, the
optimum number of clusters increased from 600 to 800, and not to a significantly larger number.
This observation suggests that the difference between the number of clusters with V4 and HSV
features is not due to differences in the classifier parameters.

The decrease in recognition performance from HSV features to mV4 features could be due to two
differences between the two representations: first, unlike the HSV channels, our mV4 representation
encodes the hue component of color and not saturation and value. Second, our mV4 neurons have
relatively large receptively fields, while HSV data is at pixel-level. The higher resolution might
put the HSV representation at an advantage. To overcome these differences between HSV and
mV4 features in favor of a fair comparison, we tested with two additional sets of features: first, we
concatenated our mV4 representation with the saturation and value channels of HSV. We called
this representation V4SV. Second, we smoothed the hue channel of HSV, leaving saturation and
value intact, with a Gaussian kernel with approximately the same extent as our mV4 receptive
fields. This feature was called HgpoothSV.

The summary of classification performances is provided in Table 2.2. As the recognition rate
of these new features shows in Table 2.2, adding saturation and value to mV4 representations in
VA4SV increases the performance by about 6% to 35%, while keeping the number of clusters at
600. This increase in performance suggests that flower classification is not solely based on hue and
that saturation and value seem to add further information valuable for this task. In case of the
Homootn SV feature, the number of clusters is the same as that of pixel-level HSV, at 1400 Kmeans
cluster. However, the performance drops to 24%, which is even 5% lower than that of our mV4
representations with no saturation and value components.

As a conclusion, when we modified HSV and mV4 representations to make these features alike,

our mV4 hue representations outperform the HSV channels. This, we believe, is due to better
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separation of hues in our model hue encoding, which also results in less number of Kmeans clusters
for classification purposes.

We acknowledge that neither our mV4 representation nor V4SV features achieved the 42%
classification accuracy of HSV channels at full resolution. However, we hypothesize that should we
increase the resolution of mV4 features in a future work, the classification accuracy of our model
will match or even exceed that of HSV channels, just in the same way our V4SV features outperform

Himootn SV channels at equal resolution. This extension is left for future investigations.

2.4.10 Color Image Segmentation

As another test for our model hue representation performance in practical applications, we per-
formed a color image segmentation experiment. For this purpose, we employed HSV and V4SV
features, described in the previous section. We randomly selected 12 images from the dataset and
performed Kmeans on the color features. The number of clusters in this experiment was manually
set, subjectively based on the image, to a number between 2 to 4. This number was fixed for both
HSV and V4SV features applied to each image. We evaluated segmentation performance based
on Intersection-over-Union (IoU) with respect to the provided groundtruth segmentation for each
image in the dataset. The IoU results for the flower images employed in this experiment are shown
in Figure 2.15 and the images along with HSV and V4SV segmentation are in Figure 2.16.

The IoU bars in Figure 2.15 clearly demonstrate that V4SV features outperform HSV segmenta-
tions in all but one of the examples. Additionally, as depicted in Figure 2.16, V4SV segmentations
consist of contiguous regions that are also respective to boundaries, rather than small isolated

segments observed in HSV segmentations.

2.5 Discussion

Our goal was to introduce an analytically-defined hierarchical neural network that incorporates
discoveries of color processing the visual cortex. By means of such a model and adhering to available
color processing knowledge in the brain, we also promoted our understanding of the color processing
mechanisms in the brain and began to assign color representational roles to specific brain areas. We

investigated the contributions of each visual area LGN, V1, V2, and V4 in hue representation by
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Figure 2.15: Intersection-over-Union (IoU) measure for the flower images shown in Figure 2.16.
Each pair of IoU bars are labeled according to the caption index of images in Figure 2.16. In all
the examples, except for one (flower image with label (e)), V4SV outperforms HSV.

proposing a mechanistic computational model inspired by neural mechanisms in the visual system.
Through a gradual increase in nonlinearity in terms of cone inputs, we observed a steady decrease
in tuning bandwidths with a gradual shift in peak selectivities toward intermediate hue directions.
Although one might be able to obtain the end result with a mathematical model in a single-layer
fashion, such models do not lend insight to the neuronal mechanisms of color processing in the
brain. In contrast, not only do our model neurons in each individual layer exhibit behavior similar
to those of biological cells, but also at the system level, our hierarchical model as a whole provides
a plausible process for the progression of hue representation in the brain. The main difference in
terms of potential insight provided by a single-layer mathematical model and our work is that our
model can make predictions about real neurons that can be tested. A model whose contributions
are of the input-output behavior kind cannot make predictions about component processes between
input and output (see also [49]).

Multiplicative modulations in our model V2 layer increased nonlinearity in the hierarchy, nar-
rowed tunings, and shifted tuning peaks toward intermediate directions. Our work suggests that
the brain’s neurons also utilize such multiplicative mechanisms, which result in nonlinearity in
their tunings and shifting of tuning peaks to intermediate directions, consistent with the report

from Kiper et al. [7]. Such nonlinearities result in representations that span the color space instead
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Figure 2.16: Color image segmentation result on randomly selected flower images from the dataset.
In each set of three figures, original image, HSV and V4SV segmentations are shown from left to
right. Note that the color assigned to each segment in some of the examples might be different
from HSV to V4SV, due to the differences in Kmeans cluster indexing. A close look at the seg-
mentations show a cleaner and more accurate segmentation with V4SV features. See, for example,
segmentations in (g), (h), (j).
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of reducing it to only “skeletons” of cardinal axes [125, 150]. They also enable discrimination of
slightly different hues, such as red and orange, by increasing the representational distances due to
narrow tunings.

Our experimental results demonstrated that hue selectivity for mV4 neurons similar to that
of neurons in area V4 of the monkey visual system was successfully achieved. Additionally, our
observations from the hue reconstruction experiment confirmed the possibility of reconstructing the
whole hue space using a combination of the hue-selective neurons in the mV4 layer. How this is
achieved in the brain, for the infinitely many possible hues, remains to be investigated.

Our hierarchical model provides an important suggestion about unique hue representations.
Specifically, our computational experiments showed that as the visual signal moves through the
hierarchy, responses with peaks close to unique hues start to develop; for example, for unique red
as early as mLGN and for unique green delayed to mV2. Putting these together, we believe the
answer to the question “which region in the brain represents unique hues?” is not limited to a
single brain area, which in turn could be the source of disagreement among color vision researchers.
Instead, our findings suggest that this question must be asked for each individual unique hue. Then,
putting answers for all unique hues together will result in a set of brain regions. In our model,
{mLGN, mV2,mV4} is the answer. Although our model allowed us to make predictions about
unique hues, our model neurons are not tuned for unique hues and the argument can be generalized
for any arbitrary hue in intermediate directions.

While most of the color research is focused on single-opponent mechanisms and beyond those
much is unknown, the hue network suggests that the observed responses in hue-selective neurons
in higher ventral areas cannot be explained by simply combining single-opponent cell responses.
Instead, the hue network provides an example that other types of mechanisms, multiplication in
this case, could better explain cell responses. Comparing multiplicative modulations with pooling
demonstrated a disparity in the effectiveness of the two types of modulation. These results suggest
that more research with careful stimuli design that could identify color processing beyond single-
opponency in higher ventral areas is required.

In our model, adding a variety of neurons such as concentric and elongated double-opponent
color cells, similar to the examples demonstrated in Figure 2.17, would result in a more com-

prehensive system. However, we did not intend to make predictions about all aspects of color
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processing but only hue encoding mechanisms. We found that concentric double-opponent color
cells, for example, have tuning bandwidth distribution similar to single-opponent neurons and tun-
ing peaks along cone-opponent axes. This finding suggests that the contributions of concentric
double-opponent cells are comparable to those of single-opponent neurons for hue representation,
but we did not investigate those contributions in other color representations. Whereas our network
models single-opponent neurons and further extends this channel with multiplicative modulations,
another hierarchical network introduced by Zhang et al. [10] modeled elongated single-opponent
neurons and extended those with summation. Their proposed network implementing form process-
ing along color borders demonstrated improved performance in tasks such as object recognition
and color image segmentation compared to grayscale or shape-based descriptors. The color hier-
archy proposed by Zhang et al. [10] is complementary to our hue network and combining the two
hierarchies enables modeling of a wider variety of hue-selective neurons.

Our proposed hierarchy yields hue representations that could achieve comparable performance
to that of the HSV when utilized in flower classification tasks. Although the model did not match
the performance of HSV features, due to lack of S and V channels and large receptive fields of
V4 neurons, we expect that overcoming these differences in the model, by implementing S and V
channels and mechanisms that address the decrease in resolution in V4 neurons, the classification
accuracies of the hue network will be improved. Performance improvement by concatenating V4
representations with S and V channels of HSV suggests that both saturation and value play a role
in the classification task and that upon modeling saturation and value, a boost in performance can
be expected. While the network did not match the classification accuracies of HSV channels, in the
segmentation task, the hue network combined with value and saturation channels exhibited higher
ToUs. Results from these two experiments were part of a pilot study and were not reported in the
published form of this chapter. Therefore, these results are not final and further improvement of
the model for better classification performance is left for a future work.

As a computer vision system, our hierarchical model can be further extended to encode satura-
tion and lightness. Also, we would like to address the problem of learning weights in the network
for which current biological findings have no suggestion, for example, the set of weights from mV2
to mV4. Lastly, in order to keep our model simple and avoid second-order equations, we skipped

lateral connections between neuron types. However, these are part of the future development of a
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second-order model for our network.
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Figure 2.17: Examples of models of hue-selective neurons. Four models of single- and double-
opponent neurons are depicted. Note that possibilities of receptive field profiles of hue-selective
neurons are not restricted to these four models. This figure, however, demonstrates four models
with concentric/elongated and single-/double-opponent receptive fields to show a few possibilities.
Whereas in single-opponent cells each cone input has either an excitatory or inhibitory effect, in
double-opponent neurons, input from a cone type can be both excitatory and inhibitory. In neurons
categorized as “Elongated”, cone inputs are pooled over an elongated summation subregions. These
neurons are excited in presence of color bars and borders. In concentric cells, strongest cone inputs
are to the RF center with symmetric subregions. The proposed Hue Network implements concentric
single-opponent neurons and further extends this channel with multiplicative modulations. Our
experiments with concentric double-opponent neurons did not suggest narrower tuning bandwidths
in these cells compared to single-opponent concentric cells. The color model proposed by Zhang et
al. [10] implements elongated single-opponent cells and extends this channel with summation.
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Chapter 3

Figure Border Ownership: An Early

Recurrence Model

The work in this chapter has been published previously as the following:

Paria Mehrani and John K. Tsotsos ” Early recurrence enables figure border ownership.”, in Vision
research, 186, 23-33, [2021]

and has been extended here for the purposes of this document. Specifically, the literature review
in the present chapter is an extended version of the published work.
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3.1 Motivation

Objects in an image introduce occlusion borders between the object closer to the viewer and
either the ground or other objects. Ownership at these borders belongs to the closer occluding
one. Ownership information at occlusion boundaries plays a role for figure-ground assignment
and perceptual organization. For example, in Figure 3.2, an image and its corresponding hand-
labeled ownership assignment along some occlusion boundaries are shown. This ownership labeling
provides a clear figure-ground organization of the observed scene, here, for example, the baby deer
being in front of its mother.

Although localizing the occlusion boundaries is a necessary step for figure-ground organization
processing, determining ownership at these boundaries requires more than edge detection and local
feature extraction. In a neurophysiological study, Zhou et al. [11] showed that neurons exist in
V1, V2 and V4, whose responses are context-dependent. Given the evidence of border ownership
encoding in the visual cortex, this chapter is dedicated to proposing a hierarchical network that
represents ownership at occlusion boundaries. It goes without saying that the introduced model is

expected to satisfy known biological visual processing properties.

3.2 Background

3.2.1 Border Ownership Assignment in the Visual Cortex

Findings of Zhou et al. [11] suggest that the primate visual system assigns ownership along occlusion
borders as an early step in perceptual organization and figure-ground assignment. Zhou et al. [11]
found that some neurons in V1, V2, and V4 encode ownership along figure outlines by exhibiting a
difference in responses to figure on either side of the border even with identical local features within
their classical receptive fields. As an example, consider the responses of a neuron from this study
shown in Figure 3.1a. In this figure, the little black ellipse in the middle of each display represents
the classical receptive field of the neuron, and a close look reveals the same local features in pairs
of stimuli A and B in each column. However, the context between the pairs differs in the sense that
in displays of row A, the figure is on the left side of the border, while it resides in the opposite side

for all displays in row B. The bars at the bottom of each column show the corresponding responses.
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Figure 3.1: Responses of type 1 (a) and type 3 (b) neurons. A black ellipse shows the classical
receptive field of the recorded neuron in each display. The local features within the classical
receptive field of each neuron are identical in each column of displays. The responses for both
neurons, however, show a preference to stimuli with the figure on the left, while the type 3 neuron
also exhibits selectivity to contrast polarity at the border (compare responses to displays in columns
1 and 2 of (b)). Although the large figures in (a) (columns 3-6) are not complete, according to the
Gestalt principle of closure, these figures are to be perceived as square figures rather than holes
with the rest of the image as the ground. Plots adapted from [11].
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For the neuron shown in this figure, the responses are stronger to stimuli in row A with the figure
on the left and weaker to stimuli in row B with the figure on the right, for all pairs of displays
presented. In other words, this neuron shows a preference to stimuli with the right side of the figure
within its receptive field and a much weaker response to those with the left side of the figure in its
receptive field. Zhou et al. [11] called this type of selectivity the side-of-figure preference and found
that the context-dependent responses of these neurons encoded ownership information at occlusion
boundaries and called them border ownership (BO) cells. Having observed this behavior from BO
cells, Zhou et al. [11] concluded that these cells integrate global context from beyond their classical
RF to encode such side-of-figure preference.

Zhou et al. [11] classified two types of BO cells, called type 1 and 3. Type 1 BO cells are
selective to side-of-figure and not contrast polarity in their classical RF. Type 3 BO neurons are
selective to side-of-figure and contrast polarity features. Type 2 and type 0 exhibit no side-of-figure
preferences, regardless of their local feature selectivity. Responses of a type 1 neuron are shown in
Figure 3.1a. Figure 3.1b demonstrates responses of a type 3 cell, where there are no responses to
displays in even-numbered columns with local features not matching the selectivity of this neuron.

The responses to stimuli in odd columns, however, show the preference for the figure to be on the
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(b)

Figure 3.2: (a) An example of an image from the Berkeley dataset for ownership assignment at
occlusion boundaries in natural images [12, 13], (b) the corresponding human-labeled ownership
assignment along some of the occlusion boundaries. In (b), white represents the side that owns the
border, i.e., side of the occluding object, and black is for the occluded region.

left side of the border. Zhou et al. [11] also found border ownership neurons maintain the difference
of responses to figures of various sizes and changes in position of the border within their receptive
fields. When presented with solid and outlined squares, border ownership responses were consistent
across stimuli. As shown in the stimuli set for the type 3 neuron in Figure 3.1b, the difference of
responses was maintained for simple as well as more complicated stimuli, such as a C-shaped figure
or overlapping squares.

Intriguing about BO cells is their short latencies, i.e., the time the difference of responses to
figure on either side of the border achieves its half-peak point. BO cells showed consistently short
latencies of 70ms to both synthetic [11] and complex natural [153, 154] stimuli. With such short
latencies, and despite two decades of research, the source of global context that affects BO cells is
still unknown. Not only do BO cells have surprisingly short delays of 10-25ms for the differentiation
of responses, but also as Zhou et al. [11] noted, their “responses to the preferred and non-preferred
sides diverged almost from the beginning”. This early divergence is shown in Figures 3.1a and 3.1b
(For more examples, see [11], Figures 4, 7, and 20, and [155], Figures 2A, 4A-D, and 5).

In pursuit of understanding the global context integration in BO cells, Qiu et al. [156] observed
that attention is not required for border ownership assignment and that border ownership was
assigned for any figure in the display, both attended and ignored. However, they found that
attentional enhancements were stronger for the figure on the preferred side of the border. In an

interesting work, Zhang and von der Heydt [14] investigated the structure of the surround that
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Figure 3.3: Responses of BO cells over time. (a), (b) The average response of all BO neurons in
V1 and V2 as a function of time after the stimulus onset, reported by [11]. These plots show the
divergence of responses to preferred (thick lines) and non-preferred (thin lines) sides from almost
the beginning. Plots are adapted from [11].

provides contextual information to border ownership neurons. Their stimuli set contained displays
of fragmented Cornsweet squares' such as those in Figure 3.4. While one edge was centered on
the classical receptive field, some of the rest of the fragments were occluded, and the effect of the
presence or absence of each fragment was studied. They found all fragments have a modulatory
effect on the response of the neuron in a uniform fashion, with positive and negative modulations
from fragments of squares on preferred and non-preferred sides respectively. Furthermore, they
obtained weaker border ownership signals for scrambled fragmented figures such as those presented
in panel C of Figure 3.4.

Perhaps a prominent aspect of the study by Zhang et al. [14] is the evaluation of the plausibility

of a feedforward model with two “hot-spots”?

providing context to border ownership cells, similar
to the one suggested by Sakai and Nishimura [158]. They found that the population data does not
confirm the assumption of such models and that the surround influence on BO responses is “broadly

distributed on both sides” of the RF. They examined the plausibility of models with only lateral

connections®, such as that of Zhaoping’s [159]. They discovered that lateral connections could not

!The contours of Cornsweet figures are step edges with exponential decays on either side such that the inside of
the figure has the same intensity as the background [157]. Cornsweet stimuli allow for seamless occlusion of contour
fragments.

2In their proposal, Sakai and Nishimura [158] suggested employing modulatory signals from a facilitatory region and
a suppressive region located asymmetrically on either side of an occlusion boundary for border ownership assignment.
Zhang et al. [14] called this proposal the two hot-spots (facilitatory and suppressive) hypothesis.

3In Zhang’s work [14], the term ”lateral connections” stands for interareal interactions between neurons with
receptive fields in neighboring regions of the visual field. In computational models such as convolutional neural
networks (CNNs), lateral connections are implemented using inter- and intra-feature-map interactions of neurons
within a single layer with neighboring receptive fields.
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Figure 3.4: Displays of fragmented Cornsweet figures for testing the effect of surround providing
contextual information for border ownership assignments (adapted from [14]). The white dashed
ellipse shows the receptive field of the recorded neuron. Squares on either side of the receptive field
with both contrast polarities were tested. Each square is divided into eight fragments, including
center and corner fragments of equal length. The center fragment on one side of the figure is placed
on the receptive field. In each display, some of the remaining seven fragments are occluded, as some
examples are shown in panel A. In a control study, the fragment centered on the receptive field is
occluded, with some of the other fragments present (panel B). They also recorded the responses
where the seven fragments of the square are scrambled (panel C).

be the only source of contextual information for border ownership assignment and a model with both
types of connections, feedback and lateral, could explain the data. Specifically, having observed an
earlier arrival of the signal from distant shape parts to BO neurons compared to closer fragments,
Zhang et al. [14] suggested lateral modulation could not explain this observation. Earlier, Craft
et al. [18] had put forth a similar suggestion by providing a detailed discussion on the time course
of border ownership cells from the study by Zhou et al. [11] and speed of conduction for lateral
connections. This suggestion was also confirmed in a later neurophysiological study by Sugihara et
al. [160], who tested border ownership neurons with displays of small and large figures. Sugihara et
al. [160] found that even though the latencies of border ownership cells increase for larger figures,
responses in these cells are much faster to be affected by only lateral signal propagation. They
argued that the latencies of border ownership neurons in their experiments did not rule out the
possibility of a combination of feedback and lateral modulations.

Investigating the border ownership responses to occlusion boundaries in natural images, two
separate studies reported similar short latencies [153, 154]. Additionally, Williford and von der

Heydt [153] examined the possibility of feedback from IT considering the time course of IT cells
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reported by Brincat and Connor [161] and concluded that modulations from IT are not biologically
plausible for BO assignment.

To summarize, the answer to the question, “which area(s) in the brain provides context to
border ownership neurons?” is unclear. Instead, it is clear that this fundamental problem is solved
in the biological visual system and very early on, in V1 as an early stage in the processing pipeline,
which speaks to its importance for forming more abstract representations in later processing stages.
Computational modeling of border ownership assignment was addressed in both computer vision

and computational neuroscience communities. Next, the relevant literature is reviewed.

3.2.2 Computational Models for Border Ownership Assignment

The development of a computational model capable of determining border ownership at occlusion
boundaries has been addressed by both computer vision scientists and computational neuroscien-
tists, but often with different objectives. In computer vision, the goal is to have as accurate a
border ownership label at occlusion boundaries as possible, by means of computational algorithms
with no constraints on biological-plausibility. The performance in such models is usually measured
against a manually-labeled dataset. In contrast, the latter approaches aim at designing models
that meet a set of known biological constraints while the simulated neurons replicate the behavior
of the biological ones, hoping to suggest a mechanism for the emergence of the observed signal in
the brain. Often, the performance of these models is judged on how well the simulated neurons
replicate the behavior of their biological counterparts on a similar set of stimuli. Sometimes, the
plausibility of these models is examined with further neurophysiological studies. In this section,

both type of approaches are reviewed.

3.2.2.1 Computer Vision Models

In computer vision, some methods rely on motion and depth information for boundary assign-
ments [162, 163]. Inferring figure-ground organization in 2D stationary images was either addressed
by limiting the input to line drawings [164, 165], or by extracting local features for natural images
and applying machine learning techniques [166, 13, 12]. Usually, approaches in the latter category
formulate the problem in a conditional random field (CRF) framework to incorporate context into

their model. A number of these models, such as [166], employ shape-related features like convexity-
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concavity of the contour segment or local geometric class like sky, ground, or vertical. A CNN-based
model for figure-ground organization in a single 2D image, called DOC, was introduced in [167].
Their network consists of two streams, one detecting edges and the other specifying occlusion orien-
tation, solving a joint labeling problem. They also introduced a semi-automatic method to provide
figure-ground labeling for 20k images from the PASCAL dataset and showed superior performance
over both PASCAL and figure-ground BSD [168] dataset.

Except for methods based on low-level cues, which are not among state-of-the-art, computer
vision approaches generally attempt to solve the figure-ground organization problem by providing
high-level features such as object class. For example, Hoiem et al. [166] first classified each super-
pixel in the image as one of vertical, sky, or ground, which provided strong priors over the object
classes. In other words, these methods solve an object categorization problem prior to addressing
figure-ground organization. Even in the case of DOC, although the network is trained on edge and
occlusion boundary labels, there is no mechanism to ensure no implicit representation of object
category is learned. Given an object category, these models mainly leverage learned statistics of
how likely an object is to be the figure or ground. For example, the most likely event for the
occlusion boundaries between any vertical object and sky is to be owned by the former category.

On a more quantified note, in a recent study, Hu et al. [42] probed three CNNs, including
DOC, Mask R-CNN [169], and ResNet50 [170], to examine border ownership encoding in these
models. They employed simple experimental stimuli such as those utilized by Zhou et al. [11]
as well as natural images. They found that earlier layers showed contrast tuning while border
ownership encoding increased in deeper layers. Moreover, the DOC network did not generalize
to simple experimental stimuli. These findings depict obvious differences between CNNs and the

brain, namely:

1. In the primate brain, border ownership encoding appears very early in the visual hierarchy,

as early as V1 and V2, whereas in CNNs, BO encoding is delayed to deeper layers,

2. In the primate brain, BO cell responses were stronger to simple experimental stimuli than to

natural one [153].

Hu'’s findings next to those of Bau et al. [91] who reported appearance of object representations

in CNNs from early layers strengthen the hypothesis that instead of solving the border ownership
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assignment before object recognition, these methods solve the latter first and infer border ownership
based on learned statistics. With the mentioned ordering of visual processing in these models, these
approaches detour addressing the border ownership assignment problem and are in contrast with
findings of border ownership assignment. In particular, the short latencies of border ownership cells
suggest that ownership assignment happens well before object recognition in the ventral stream [11,
171] as we will discuss in detail in Section 3.2.3, which leaves us with an unanswered question: how

to achieve border ownership assignment without first solving object classification?

3.2.2.2 Biologically-inspired Models

In the years following the border ownership study by Zhou et al. [11], there were a number of
endeavors to suggest a mechanism for border ownership assignment in the brain. For example,
Zhaoping [159] proposed a model of neurons in V1 and V2. Contextual information is provided
by means of lateral connections in V2 and imposing Gestalt grouping principles such as continuity
and convexity as well as T-junction priors. Sakai and Nishimura [158] employed a vast pool of sup-
pression and facilitation surround neurons for this purpose. In subsequent work, Sakai et al. [172],
studied the responses of border ownership cells in this model to the complexity of shapes and found
a decrease in responses with an increase in the complexity of shapes. Later, the plausibility of these
models was ruled out by the neurophysiological findings of Zhang et al. [14]. Specifically, Zhang et
al. [14] reported that in contrast to the proposal of Sakai and Nishimura [158], context from both
sides of the RF affects BO responses and that the effect is not localized. Additionally, Zhang et
al. [14] reported that the signal from distant shape parts arrived earlier than that of closer frag-
ments, an observation that cannot be explained by the lateral model suggested by Zhaoping [159].
In the same year as Zhang’s work, Super et al. [173] suggest another feedforward model based
on surround suppression. An odd notion in their model is that feature maps for the figure and
background are fed as input to their two-stream network: in a sense, they provide the “answer” in
advance.

The majority of computational models rely on feedback from higher layers. For example, Je-
hee et al. [174] introduced a recurrent network with five areas V1, V2, V4, TEO and TE for contour
extraction and border ownership computation. Similarly, border ownership assignment in models

of Layton et al. [175] and Tschechne et al. [176] is based on feedback from V4 and IT. Sugihara et
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al. [160] as well as Williford et al. [153], however, found that the time course of border ownership
neurons does not support feedback from areas I'T and beyond.

Feedback from V4 in some of the biologically-inspired models is based on responses of group-
ing neurons. The earliest model, introduced by Craft et al. [18], assigns border ownership using
feedback from contour grouping cells in V4 and relies on convexity and proximity priors. Russell et
al. [177] incorporated this model in a larger network and demonstrated improvements in saliency
detection. Another extension of Craft’s model was introduced by Layton et al. [178] with an ad-
ditional layer of neurons, named R cells, with larger receptive fields than the grouping cells in V4.
Then, border ownership is a result of feedback modulations from both grouping and R neurons,
as well as imposed priors like convexity and closure. Despite the fact that no neurophysiological
evidence against these models has been found, these approaches are dependent on shape priors such
as convexity and proximity. Moreover, they rely on feedback from grouping cells in V4 to provide
the required contextual information. Nonetheless, as we discuss in detail in Section 3.2.3, the time
course of V4 neuron responses does not support the suggestion of border ownership modulations
by feedback from these cells.

As a summary, the existing biologically-inspired models based on lateral connections or ventral
feedback, though replicating the behavior of biological border ownership cells, cannot provide a

timely signal carrying contextual information to border ownership neurons.

3.2.3 Border Ownership Assignment: Two Hypotheses

Studying context integration time course, Sugihara et al. [160] reported mean BO latency of about
70ms in both V1 and V2 with the edge onset of responses at about 42ms and 48ms respectively.
These latencies together with early divergence of responses imply the existence of a contextual
signal in V1 as early as 42ms post-stimulus onset. If feedback is the source of such signal, a key
question is which area in the brain is fast enough to integrate context and provide it to V1 in 42ms.
Given the BO signal time course and that the difference of responses are maintained for figures as
large as 10deg [11], neurons in the area(s) providing context to BO neurons are expected to have
two properties: first, faster than 42ms latency, including feedback conduction time for their signal
to be present in V1 at edge onset, and second, extending the surround in V1 neurons to as large

as 10 deg [11]). With these two properties in mind, here, we explore two possible hypotheses: one,
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signals from higher ventral areas, and two, signals from higher dorsal areas; in both cases feedback
signals would impact responses?.

The ventral pathway has projections mainly from parvocellular cells in the LGN, whereas the
dorsal stream contains projections from magnocellular cells. Parvocellular cells have small receptive
fields with medium conduction velocity. In contrast, magnocellular neurons are known for their
large receptive fields and fast conduction. It is thus not surprising that the dorsal stream with
magnocellular projections is reported to exhibit similar properties [1, 179], which motivated the
dorsal hypothesis here. For BO cells with short latencies, the timing of global context arrival is an
essential component. In object categorization, a visual task with reported short latencies at 100ms,
evidence for the influence of the magnocellular pathway in both monkeys [180] and humans [181]
was reported. Here, we explore the possibility that BO assignment follows suit in the form of dorsal
modulations.

Ventral feedback from IT with latencies at 80ms [182] was ruled out in [153]. Another possibility
in the ventral stream is V4 that we examine here. We consider MT as a candidate dorsal area that
provides context to BO cells in V1.

Angelucci et al. [183] studied the extent of feedback connections to V1 neurons and suggested
that feedback from MT extends the surround to as large as 25 XRF size, an area larger than 10degs
for V1 neurons with 1deg RF size. At the time of writing this dissertation, we did not find a study
that had directly investigated the extent of feedback from V4 to V1, similar to the study conducted
for MT, V2, and V3 feedback to V1 by Angelucci et al. [183, 102]. Therefore, we assume an extent
of feedback for V4 neurons similar to that of V3 cells ® and at 10xRF size, nearly covering a 10deg
area. With MT and V4 providing context from distant locations in the visual field, both areas
could provide global context to BO cells in V1. In other words, both MT and V4 realize one of the
two properties mentioned above, leaving the latencies to be examined.

Comparing response latencies in different visual areas is challenging when those time courses
are reported in different individuals and with various experimental settings and stimuli. Despite

the challenge, short latencies of some cortical areas such as MT, MST, and FEF were confirmed

4Given the experimental settings that were employed in [11, 14, 160] and that our focus was on explaining the
observations of these studies, we restricted the possibilities to feedback from V4 and early dorsal recurrence from
MT. In other experimental settings, other possibilities such as feedback from FEF could be explored.

®V3 is hierarchically between V2 and V4 [15] and therefore, we are assuming that the extent of V4 cells is at least
as large as that of V3 neurons.
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Figure 3.5: Response latencies reported in various visual areas. Latencies of areas M'T, MST
and FEF (two different studies) are highlighted with a red square. The reported latencies for these
areas are shorter than 50ms. Figure adapted from [15].

in various studies [15, 2, 184]. Figure 3.5 depicts the latencies of responses in various visual areas
adapted from [15], demonstrating latencies shorter than 50ms for these areas. Bullier [15] called
these areas the “fast brain” and stated that they “belong to the dorsal stream or its continuation
in the frontal cortex” with activations “sufficiently early to influence neurons in areas V1 and V27,
supporting our dorsal modulations hypothesis.

In examining the latencies of MT and V4 neurons, two studies [1, 2] with a direct comparison of
neuron responses in these areas are helpful. Maunsell [1] investigated the properties of neurons in
V1, V4, and MT and suggested distinct parvocellular and magnocellular pathways across the visual
cortex. The plots in Figure 3.6 demonstrating population responses of V1, MT, and V4 neurons
highlight the latencies in these areas. The dotted line in these plots at 28ms indicates the earliest
V1 response for easier comparison. These plots demonstrate shorter latencies of MT neurons than
V4 cells (39ms versus 50ms for the beginning of response after stimulus onset). A similar time
course in MT neurons with mean latency at 40ms was reported in [179)].

Another similar study by Schmolesky et al. [2] compared latencies in several visual areas in
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Figure 3.6: Response latencies in V1, V4 and MT adapted from [1]. The dotted line in each plot
shows the early V1 response at 28ms for easy comparison. In the two plots on the right for V4 and
MT latencies, the early MT and V4 responses at 39ms and 50ms respectively are highlighted with
dashed red lines. These plots show shorter latencies of M'T neurons compared to V4 cells.

anesthetized monkeys, “often in the same monkey”. Schall [184] provided an update to the latencies
reported in [2] with some of the responses measured during visual task performance. The latencies
in our areas of interest, namely V1, V4, and MT, were in anesthetized monkeys in both [2] and [184].
Therefore, we re-plotted the latencies diagram from [2] in Figure 3.7. In this figure, we removed
the latencies from all other areas reported in [2] and retained those of V1, V4, and MT. This
figure demonstrates that the earliest V4 response emerges after more than 75% of V1 neurons have
responded at about 72ms post-stimulus onset. In contrast, more than 50% of MT units respond
at about 72ms, and their latencies more closely follow that of V1 cells. As a summary, shorter
latencies of MT neurons compared to V4 cells in in [2] and [1] provides support in favor of the
dorsal hypothesis.

The reported latencies in MT and V4, as summarized in Table 3.1 and can be seen from
Figures 3.6 and 3.7, differ between the two studies [2] and [1]. Schmolesky et al. [2] suggested that
these differences could be due to “lack of anesthesia and/or difference in stimulus presentation and

data analysis”. The point here is not the difference in latencies between these two studies but how

65



N
o

=
o

Percentile
o
o

()
o
PRTER R T

30 40 50 60 70 80 90 100 110 120

Time from stimulus onset (msec)

Figure 3.7: Response latencies of neurons in V1, V4, and MT adapted from [2]. We removed
latencies of all other areas and retained those of V1, V4 and MT as these areas are of interest
in the present work. These latencies in anesthetized monkeys are longer than those reported
in [1]. However, similar to those reported by Maunsell [1], MT neurons have much shorter latencies
compared to V4 with latencies comparable to V1 cell. Note that the dashed blue line highlights
the earliest reported latency in V4 at about 72ms. More than 75% of V1 and 50% of MT neurons
respond earlier than 72ms.

| Study | V1 (mean) | MT (mean) | V4 (mean) | MT (mean) - V4 (mean) |
Maunsell [1] 28ms 39ms 50ms 11ms
Schmolesky et al. [2] 66ms 72ms 104ms 32ms

Table 3.1: Response latencies reported by Maunsell [1] and Schmolesky et al. [2]. The last
column indicates the difference of mean latencies between MT and V4. According to this column,
MT latencies are at least 11ms shorter than V4.

latencies in V4 and MT compare to that of V1 and if neurons in these areas can give a timely
feedback to BO cells in V1. Latencies from both studies suggest MT cells are fast with at least
11ms shorter latencies compare to V4 (rightmost column in Table 3.1). Moreover, MT neurons
have incredibly short MT-to-V1 conduction of 1.3ms. Therefore, considering the mean latency of
40ms in responses, feedback from MT to V1 arrives at 41.3ms, suggesting that these neurons could
be the cause of early divergence in BO responses.

Even considering the earliest reported response that we could find in V4 studies at 40ms [185]
and assuming V4-to-V1 conduction time to be the same as V4-to-V2 time at 6ms [160] result in
arrival of feedback from V4 at 46ms, well past the 42ms of edge onset in BO neurons. Note that the

V4 latencies reported in [185] were for neurons exhibiting selectivity to convexities and concavities
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of figure parts. This kind of selectivity on its own requires context or similarly, knowledge of
figure side. From where in the brain such contextual information is provided to V4 shape-selective
neurons at such extremely short latencies, even shorter than V1 edge response onset, is a question
for further investigation and is not the focus of this work. Here, we remain with the suggestion
that V4 feedback is not fast enough to provide the context that causes the early divergence of BO
responses.

To test the plausibility of MT initiating the contextual divergence of BO responses in V1, we
propose the Recurrent Border Ownership (RBO) model based on early recurrence from the dorsal
stream combined with lateral modulations within the ventral pathway. Our hierarchical network

of neurons is explained in detail in the next section.

3.3 The Recurrent Border Ownership Network

The RBO network, whose architecture is demonstrated in Figure 3.8 meets known biological prop-
erties with its parameters set according to neurophysiological findings. Although our model, due to
its hierarchical architecture and convolutional processing, might look similar to a CNN [186], the
similarities end there; there is no learning.

In this chapter, the following abbreviations are employed: mvSimple and mvComplex for model
ventral simple and complex cells respectively, and mdSimple for model dorsal simple cells.

As Figure 3.8 displays, the RBO model is a two-stream network, implementing the ventral and
dorsal pathways in the brain, with their signals meeting at border ownership cells. Each layer in the
model simulate neurons at four scales. The model ventral stream implements simple, complex and
BO cells in V1. In this network, mvSimple neurons are selective to borders and edges, comprising
four different selectivity combinations shown in Figure 3.9a, and complex cells integrate responses
of simple cells [50, 187, 188, 189]. The final population of border ownership neurons in the RBO
will consists of types 1 and 3 BO cells as classified by Zhou et al. [11]. That is, neurons selective
to side-of-figure and not contrast polarity (type 1) and those selective to both features (type 3).

The dorsal pathway implements model dorsal simple cells in V1 and MT neurons. The dorsal
pathway is well-known to be selective to spatiotemporal features. However, a number of neuro-

physiological studies provided evidence that MT also responds to stationary stimuli [93, 94, 95, 17].

67



1. Dorsal modulations

0 mBO cell receptive field
=» Side preference

=» Modulatory Connection

Modulating surround on the left side of a vertical border
Modulating surround on the right side of a vertical border

orientation

R 2. | ateral modulations

orientation

ST =
/ (magno) PR PRd E
R .
Image |~ orientation side-of-figure ‘ > . - o

orientation
complex

ventral-mV1 v

(parvo)

(border ownership)\

Figure 3.8: Border ownership network architecture. Magno and parvo orientation-selective neu-
rons in the RBO distinguish the two magnocellular and parvocellular channels in this architecture.
RBO neurons are implemented at four scales. Each scale defines an independent path from that of
other scales. Border ownership neurons receive a feedforward signal from complex cells, and then,
mBO responses are computed in two steps: 1. Dorsal modulations from mMT neurons (blue ar-
rows), 2. Lateral modulations within the ventral stream. Dorsal modulations initiate the difference
of responses to figure on either side of the border. The big ellipse shows a large view of dorsal
modulations. The same stimulus (a single dark square) is shown to mBO neurons with opposite
side-of-figure preferences. Red arrows indicate the side preference for each mBO cell. The neurons
with BO preference to figure on the left of a vertical border are modulated by mMT cells whose
RFs span the green area on the left of the border. In contrast, mBO neurons with preference to
figure on the right of a vertical border are modulated by mMT neurons whose RFs span the pink
surround area. Facilitatory dorsal modulations are computed as a Gaussian weighted sum of mMT
responses, indicated using a gradient filling in each surround area. This is the first step in BO
response computation (indicated by number “1” in the figure.) With scale selection performed in
the last layer, lateral modulations begin between spatially neighboring neurons within a map as
well as those across maps of similar local feature selectivities as the example in the rectangular box
shows. Lateral modulations are both facilitatory and suppressive on either side of the border for
each mBO cell and comprise the second step in BO response computation (indicated by number
“2” in the figure.)
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Figure 3.9: Examples of selectivities in model neurons. (a) Two types of selectivities to borders
between solid dark-light regions and edges in mvSimple neurons are implemented. These selec-
tivities define four combinations of selectivities in mvSimple cells. The border-selective mvSimple
cells are implemented using Gabor filters and responses of edge-selective mvSimple neurons are
obtained by difference of Gaussians filters following [16]. (b) Off- and on-center mMT selectivities.
Following [17], mMT cells are selective to narrow bars that span their RFs. (c) An example of an
off-center mMT on a C-shape stimulus. The off-center mMT cell is strongly activated by the pair
of borders from the vertical part of the C shape.
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Figure 3.9: (Previous page.) (d) Superimposed RFs of two off-center mMT neurons with horizon-
tal and vertical orientations. A strong sum of responses of these neurons signals the existence of a
closed shape. (e) Examples showing each mvComplex selectivity combined with dorsal modulations
yield two sets of mBO selectivities. Four local feature selectivities in mvComplex cells to vertical
borders and edges are shown. Each mvComplex cell sends a feedforward signal to two mBO cells
passing its local feature selectivities to the mBO neurons. Dorsal modulations result in an initial
side-of-figure preference in each mBQO, which is shown by a red arrow.

As such, we skip the temporal aspect of dorsal responses as the RBO inputs are stationary images.
Similar to mvSimple neurons, our mdSimple cells are selective to borders and edges with larger
RF sizes than those of the ventral stream [190]. The mdSimple neurons send a feedforward signal
to “on-center” and “off-center” mMT neurons with elongated excitatory and inhibitory regions
following [17]. Figure 3.9b depicts examples of mMT RFs. While the on-center mMT responses
signify the existence of edges, off-center mMT neurons indicate a pair of C-shape edges on either
side of their RFs. Figure 3.9c¢ illustrates an example of an off-center mMT cell with a pair of edges
on either side of its RF, which result in strong activation of this neuron. Consequently, the sum of
off-center mMT neurons at all orientations will be large for closed shapes, a key feature for border
ownership assignment (See Figure 3.9d for an example).

In the RBO, mBO responses are computed in two steps:

1. Each mBO neuron receives a feedforward signal from mvComplex cells and is dorsally mod-

ulated by mMT cells on its preferred ownership side;

2. Scale selection [191] on mBO neurons with same selectivities is performed in the last layer of

the RBO and lateral modulations in local neighborhoods is performed.

Dorsal modulations from one side of the border infuse side-of-figure preference to mBO cells,
resulting in opposite mBO selectivities, as illustrated in Figure 3.9e. A larger view of dorsal
modulations is shown in Figure 3.8, where mMT cells on the preferred side signal the existence
of figure-like features, with modulatory strength proportional to their RF distances to that of the
mBO cell. One can view such dorsal modulations as a recurrent loop between mV1 and mMT,
albeit with feedback projection to the ventral mV1 rather than dorsal.

After dorsal modulations, scale selection [191] is performed in the last layer of the RBO, com-

bining ownership signals from mBO neurons with identical selectivities across scales. Finally, mBO
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neurons in local neighborhoods perform lateral modulations, as shown in the larger view rectan-
gle in Figure 3.8. Specifically, each mBO neuron’s response is iteratively updated based on its
neighboring mBO activations. These facilitatory/suppressive lateral updates achieve a consistent
mBO response pattern in local neighborhoods. Moreover, lateral modulations provide context from
outside the classical RF, extending it to a slightly larger area called the near surround [190].

In the RBO, model neurons are implemented at horizontal and vertical orientations. In addition,
all model receptive fields are square-shaped, even though round shapes might be used in some of the

figures in this document in a figurative manner. Below, the computational details are explained.

3.3.1 Model ventral simple and complex cells

Following Rodriguez-Sanchez et al. [16], responses of our edge-selective mvSimple cells are computed

using difference of Gaussians (DoG) with the same parameter settings. In particular, they used:

e = e (5(5) + (%))
o (3() + (5))

¥’ = xcos(h) + ysin(h), (3.1)

y = —wsin(d) + ycos(h) (3.2)

where o, is the height and o0,,,0,, are the width of the Gaussians and 6 is their orientations.

Border-selective mvSimple cell responses were obtained using Gabor filters,

2 2,12
9(35721;)\,9,1#,0,7“) = exp<_x+ry>

202
o (302 +4). a3
¥ = wzcos(d) + ysin(6), (3.4)
y = —awsin(0) + ycos(d) (3.5)

with r = 0.5, = 0.2, ¢ = £7 for two settings of contrast polarity, and o = %. We set the

mvSimple cell receptive fields at four scales to {0.4°,0.6°,0.8°,1°} according to [190, 192]. Model

complex cells were computed by a Gaussian-weighted sum of mvSimple cells [16]. Both types of
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cells are half-wave rectified.

3.3.2 Model dorsal simple cells

Our mdSimple cell RF sizes, set as {0.9°,1.33°,1.76°,2.2°}, are larger than those of mvSim-
ple cells [190]. In our implementation, edge-selective mdSimple neuron parameters are: o, =
RF,WR =2.5,AR = WR % [10,9,8,7], where WR is the width ratio and AR the aspect ratio of
the DoG kernel (See [16] for details). For border-selective mdSimple cells, the difference of two

Gaussians with o, = RF, 0, = X—;’% were employed.

3.3.3 Model MT cells

We set mMT neuron RF sizes based on the findings of Fiorani et al. [193], to {2.5°,3.26°, 4.02°,4.78°}.
Felleman and Kass [17] found that MT cells, with on and off excitatory regions, showed an increase
of responses to bars with the length up to the receptive field size. However, the effective bar width
is lio—th of the receptive field size. In fact, for MT neurons with 4° receptive fields, the most effec-
tive bar width was about 0.25°. In other words, MT cells are selective to long narrow bars, with
length matching the receptive field size. The receptive field of an example model MT cell with such
selectivities and an excitatory region in the middle is depicted in Figure 3.9b. Such a receptive
field profile is not unusual in the visual system as a similar one was suggested in cat simple cells
by Hubel [194] (their “SIMPLE CORTICAL CELLS” figure, subfigures a and b). We called these
MT cells with the on area in the middle as “on-center” MT neurons and implemented these cells
using the Difference of Gaussians formulation. We also implemented MT cells with an inhibitory
region in the middle and two excitatory areas on the sides, similar to Hubel’s subfigure f in his
“SIMPLE CORTICAL CELLS” figure. An example of a model off-center MT neuron receptive
field is shown in Figure 3.9b. Note that these neurons exhibit selectivity to long and narrow bars
on either side of the receptive field with strong activations when two bars are present on both
excitatory areas. We refer to these neurons as “off-center” MT cells. In the RBO, DoGs with
oy = RF, AR = [33,52,80,126.6], and WR = [3.3,5.2, 8, 12.6] for the four scales of RFs implement
on- and off-center mMT cells.

Various studies of the Magnocellular pathway [195, 196], and MT recordings of macaque [197]

and humans [198], suggested that these neurons are highly sensitive to contrast, whereas this
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sensitivity in V1 neurons is much lower. Moreover, MT responses are saturated at contrasts higher

than 1.6% [198]. Therefore, dorsal responses, R are rectified with:

1—e B/

1+ Le B/p’

We set I' = 0.001, p = 0.02 to enforce low contrast sensitivity.

3.3.4 Model border ownership cells
3.3.4.1 Dorsal modulations

As shown in Figure 3.9e, each mvComplex neuron sends signal to two set of mBO cells. Let
mvC(z,y,0) denote a mvComplex neuron with its RF centered at (x,y) and selective to border-
s/edges at orientation #. Then, we indicate the two mBO cells with opposite side-of-figure prefer-
ences that receive a feedforward signal from mvC(z,y, ) as mBO(z,y, 6+ %) and mBO(z,y,0 - 7).
The two parameters 6 + 5 and ¢ — 5 denote the direction of ownership for a border with orientation
at 0 angle (the direction of the arrows in Figure 3.9e).

The initial border ownership response is determined by:

RmBO(a:vyaej: gvt - 0) - RmVC(xvyae)X

[Z w(:td1, :i:dQ)(Z RmMT,ON(:C? Y, ¢7 idl)

di,d2 o
+ Y Runr.orr(z, y, 6, +dy))] (3.7)
¢

where ¢, set to 0 in this equation corresponding to edge onset latency, represents the time, z,y
specify the RF center, R denotes neuron responses with the subscript indicating the model neuron
type. In this equation, mvC responses are multiplicatively modulated by on-center and off-center
mMT cells, represented as mMT_ON and mMT_OFF respectively. The responses of orientation-
selective mMT cells are summed to account for all the possible orientations, ¢, of the figure contour
segment opposite to the occlusion boundary. This summation will peak in the presence of a closed
figure on the preferred side, hence, resulting in a strong modulatory signal to mBO cells. In

Equation 3.7, d1, ds determine the extent of surround from mMT cells providing context to mBO
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neurons, their sign specifying the modulatory surround direction. The linear weighting function
w(-,-) assigns larger weights for mMT cells closer to mBO neuron. Note that each modulation
term obtained by expanding the outer summation in Equation 3.7 (3_,, 4,) is a manifestation of
the isotropic inhibition proposed by [199] since each term is a weighted multiplicative process with
weights set to 1 for all orientations.

In Equation 3.7, d; and do determine the extent of surround for mBO neurons. Shushruth et
al. [200] discovered that the far surround in V1 and V2 could exceed 12.5°, and [102] observed that
long-distance interactions provided by feedback from MT to V1 could extend the surround to 13
times the size of V1 RFs. According to [200, 102], we set the extent of surround for mBO neurons
provided by mMT cells to a maximum of 9°, 13 times the average mV1 receptive field size.

After dorsal modulations, in the output layer of the RBO and at each visual field location, the
network has a total of 16 mBO neurons (2 (side-of-figure preferences) x 4 (local feature selectivities)

X 2 (orientations)).

3.3.4.2 Lateral modulations

Lateral modulations in our model was achieved by a few iterations of relaxation labeling (RL) [201,
202], which provide local context and ensure smoothness in responses. At each visual field location,
responses of the 16 mBO neurons determine the border ownership. However, inconsistencies may
arise in local neighborhoods due to uncertainty or noise. RL is a framework that deals with uncer-
tainties by iterative interactions that take place between neighboring neurons in a cooperative or
competing fashion. Specifically, through RL iterations, compatible ownership responses strengthen
one another, and weaken incompatible ones in their neighboring neurons. In our implementation,
the different selectivities of mBO cells define the set of labels for RL, and the normalized mBO
responses after dorsal modulations from Equation 3.7 are assigned as the initial probability for each
label at each visual field location. The connections between neighboring neurons define the local
neighborhood providing context to each mBO cell. A larger view of a local neighborhood example
in our model is demonstrated in Figure 3.8. In RL, the compatibility function between the set
of labels defines the influence of neighboring neurons on a label at each location. For example,
matching labels have facilitatory effect on one another while opposing labels are suppressive. In

the RBO network, the facilitatory effect is imposed using a Gaussian function with a sharp fall
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to highly reward matching labels. The penalty for opposing labels was determined using a linear
function.

At each RL iteration, the border ownership responses are updated as below:

Rupo(w,y,0 +B,t+1) = (1+ P(x,y,0 + 5,1))

X RmBo(z,y,0 + 8,t), fort=1,...,10 (3.8)

where Riy,Bo(.,.,-,t) is the response at time ¢, 6 4+ 3 with § € {+%,—%} denotes the ownership
direction, and z,y signify the RF center, P in the range [—0.5,0.5] represents the label confidence
obtained by integrating compatibilities with immediate neighbors as explained above at time . In

particular, P is computed as:

P(z,y,0+ B,t) = Z Z(C(9+B,Q)P(a, b,a,t)), (3.9)
(a,b)Eneighbor(z,y) acA
where neighbor(z, y) denotes the set of visual field locations in the local neighborhood of the cell at
(z,y), A is the set of modeled BO preferences (the eight preferences demonstrated in Figure 3.9¢),
and ¢(f + (3, a) denotes the compatibility function between BO preferences 6 + 5 and «.

In the RBO, dorsal modulations occur at the onset of edge response followed by iterations of
lateral modulations. To determine the number of iterations for RL, one must decide how far local
context can travel within the visual field. Sugihara et al. [160] found that lateral propagation in
BO neurons is not fast enough to travel from one side of a large figure all the way to its opposite
side, which suggests that the impact is localized and not global. Therefore, we limit RL iterations
in Equation 3.8 to 10 (equivalent to 10 synaptic connections) extending the near surround to about
2 times the RF size [183]. This choice was also made based on the time course of border ownership
processing with respect to the onset of responses reported by [11]. A detailed analysis on the time

course of lateral modulations in our model is provided in Section 3.4.4.

75



3.4 Evaluation

3.4.1 Stimuli

All the stimuli employed for comparison with BO cells shown in Figures 3.10 and 3.11 were generated
according to the stimuli employed by Zhou et al. [11] with input set to 400x400 pixels. We measured
1° visual angle at 50cm to be 32x32 pixels for our stimuli size.

In generating the randomly overlapping polygons dataset (ROPD), we kept the input size at
400x400 pixels. While the stimuli in cell recordings are controlled in figure size, placement and
intensities, in ROPD, these features are randomly set to add a complicated flavor to the stimuli.
Additionally, we did not limit the number of figures in each image to one or two, but varying
between 1 and 8 figures. Each set of stimuli in ROPD with a fixed number of figures contains 100

images, summing to a total of 800 images.

3.4.2 Quantification

For quantitative evaluations, we define normalized difference of responses (NDR) as

_ Rpreferred — Rnon_preferred ‘ (3.10)
max (Rpreferreds Rnon_preferred)

The normalized difference D, a value in the range [—1, 1], gives a common ground to compare the
strength of the BO signal differences to preferred and non-preferred stimuli. This measure can also
be interpreted as the confidence of a mBO cell in its ownership assignment. The closer to 1 the
NDR, the higher the confidence of the neuron in the ownership assignment. Therefore, this measure
can be employed to compare the ownership assignment confidences in mBO cells versus that of BO
neurons, and equivalently, compare the assignment confidence before and after RL. Zhou et al. [11]
performed an analysis on the ratio of responses to non-preferred over preferred stimuli, where larger
values signify uncertainty in the neuron’s ownership assignment. Normalized differences are equal

to (1 — response ratios).
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Figure 3.10: Example responses of a mBO cell responses and comparison with BO cell responses.
(a) Example responses of a mBO cell with the red rectangle representing its classical RF. Comparing
these responses with the responses of the BO cell shown in Figure 3.1b reveals a similar pattern
in exhibiting the difference of responses. (b) Normalized difference of responses for the mBO cell
which responses were depicted in Figure 3.10a and the BO cell with responses illustrated in Figure
3.1b show that both mBO and BO cells consistently maintain the difference of responses across
all stimuli. (c), (d) Examples of mBO responses for before and after lateral modulations. The
bottom plot in each sub-figure represents the normalized differences for before and after lateral
modulations.

3.4.3 Model Cell Activations Resemble Biological Responses

3.4.3.1 Difference of Responses

Presenting the stimuli employed in the biological study by Zhou et al. [11] to the RBO network,
we recorded the responses of mBO neurons. The goal was twofold: first, to test whether dorsally-
modulated neurons could exhibit the difference of responses similar to BO cells; and, second, to
evaluate the role of lateral modulation in BO assignment. An example of responses of a mBO cell
is shown in Figure 3.10a. As the plot shows, the responses of this mBO cell to figure on either side
of the border differ in strength, with no responses when the local feature within the RF does not
match the selectivity of the neuron. Comparing the responses of this cell to that of the BO neuron

shown in Figure 3.1b demonstrates a similar pattern in ownership encoding. As a quantitative
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comparison between the mBO and the BO responses, we computed the NDR to preferred and
non-preferred stimuli for both cells, depicted in Figure 3.10b. We found that both the mBO and
BO cells maintain the NDR, across simple and complicated overlapping figures.

Asking how much of response differences could be attributed to the early recurrence versus
lateral modulations, we plotted mBO responses before and after lateral modulation. In the top
row of Figure 3.10c, responses of the same neuron as in Figure 3.10a are depicted separately for
the dorsally-modulated component and after lateral modulations. This plot clearly demonstrates
that lateral modulations enhance the difference of responses. Another example is shown in the top
row of Figure 3.10d, demonstrating the same pattern of enhancement in response differences due
to lateral modulations (See the Appendix A for responses of all mBO cell types in the model). To
quantify the effectiveness of lateral modulations, we computed the NDR before and after lateral
modulations, shown in the bottom rows of Figure 3.10c and 3.10d. As these plots confirm, lateral
modulations nearly double the response difference by facilitating the strength of initial dorsally-

modulated responses to preferred stimuli while suppressing those to non-preferred stimuli.

3.4.3.2 Invariance

Examining invariance in mBO responses, we recorded the responses of mBO cells to changes in
position, size and solid/outlined figures. Also, for quantitative comparisons, we computed the
NDR in mBO and biological cells reported by Zhou et al. [11]. Invariance in mBO responses and
comparison with BO cells are shown in top and bottom rows of panels a-c in Figure 3.11. Figure
3.11a illustrates position invariance in an mBO cell, with the bottom plot demonstrating that both
mBO and BO cells remain invariant to border position up to a distance from the RF center. The
difference in the biological cell is expanded to almost 3deg, whereas for the mBO neuron it is up
to 1deg. This is not surprising since the available data was for a V2 BO cell, with possibly a larger
RF than our mBO cell in V1. Size invariance in mBO neurons is shown in Figure 3.11b, with the
NDR in the mBO cell closely following that of a BO cell reported in [11], shown in the bottom plot.
Invariance to outlined/solid figures in a mBO cell is depicted in Figure 3.11c. Both mBO and BO

cells preserved the NDR in the bottom plot.
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Figure 3.11: RBO response comparison with biological BO cells. In panels (a-c), showing in-
variance to position, size, and solid/outlined figures respectively, the top plot demonstrates mBO
responses and the bottom plot compares the normalized difference of responses of the RBO and
BO cells reported by Zhou et al. [11]. (d) Ownership/contrast accuracies compared between RBO
and biological cells with greater than 80% accuracy.
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3.4.3.3 Reliability

To measure the reliability of neural responses in signaling ownership/contrast polarity, Zhou et
al. [11] introduced a decision model based on the responses of a BO cell to four stimuli combining
ownership and contrast polarity possibilities. Then, from the first 1s of responses for each neuron,
they computed the ownership/contrast decision by subtracting responses to stimuli with opposing
features. The accuracy, computed based on a “correct” decision, represents the probability of a
correct decision in the first 1s of responses. Similarly, we computed the accuracies of RBO responses
based on responses before and after lateral modulations. Figure 3.11d illustrates that similar to BO
neurons with 100% ownership accuracy where contrast accuracy varies between 65% and 100%, in
the RBO, ownership accuracy is at 100% with contrast accuracy varying between 75% and 100%.

These results demonstrate that the RBO cells mirror the responses of BO neurons, suggesting
that dorsal modulations could be the source providing context that cause the early response diver-
gence in BO cells. Moreover, the initial divergence is further enhanced locally by means of lateral

modulations.

3.4.4 Lateral Modulations Time Course

Craft et al. [18] provided a detailed review of conduction velocity and horizontal signal propagation
latency. Following Craft et al., we assumed 200%* conduction velocity and estimated the near
surround at 2.5mm in radius. Therefor, the latency for lateral propagation from one side of the
near surround to the RF center would be about % ~13ms. That is, after the early divergence
induced by dorsal modulations, lateral modulations take about 13ms to enhance the BO signal,
which is within the 10-25ms latency reported by Zhou et al. [11] for BO signal after the onset of
responses. The temporal course of lateral modulations in our model is plotted in Figure 3.12 for
a few stimuli. The green-shaded area represents the 13ms time interval for lateral modulations.
This figure shows that the mBO signal becomes stable faster for smaller squares than for the
larger ones (Compare red and brown curves in Figure 3.12). This behavior was also observed in
biological BO neurons [14, 160]. Interestingly, this plot also reveals that the enhancing effect of
lateral modulations are more significant for larger figures. In other words, while dorsal modulations

initialize the side-of-figure preference to large figures, the difference in responses is established for
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Figure 3.12: Lateral modulations time course. Dorsal modulations occur at edge onset and
immediately after that, lateral modulation iterations begin for about 13ms (shown as the green-
shaded area), extending the RF to two times the classical RF size. Note that in square examples of
various sizes, lateral modulation enhancement gets stable faster for smaller squares than for larger
squares. This behavior was also reported in biological BO neurons (See [14], their Figure 14).

mBO cells when a consensus in neighboring neurons is observed.

3.4.5 The Kanizsa’s Square Explained

We tested the RBO performance on a few examples of overlapping shapes other than those employed

n [11]. Moreover, we asked how the RBO perceives stimuli with illusory contours. If BO neurons
assign ownership to occluding illusory shapes, then perhaps it could explain the perception of
illusory contours in the brain as ownership assignment occurs very early in the ventral stream and
such ownership signal is carried higher in the visual hierarchy and affects the processing in later
areas.

Figures 3.13a and 3.13b show examples of RBO results on overlapping shapes with the vectorial
modulation index (VMI) [18] along contours, where the direction and length of the vector represent
the side and strength of ownership. These examples show that even with no priors on shape or T-
junctions that were imposed in the model by Craft et al. [18], the RBO responses are in agreement
with the perception of two overlapping shapes.

Examining the RBO perception of illusory contours, we presented the network with one, two

and four Pac-Man figures gradually forming a Kanizsa’s square. As the VMI vectors in Figures
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(c) (d) (e)

Figure 3.13: RBO responses to simple stimuli of overlapping shapes and illusory contours. (a),
(b) Examples of the RBO performance on simple overlapping shapes with the VMI vectors along
occluding contours. (c), (d), (e) Examples presenting the RBO performance to stimuli with one,
two and four Pac-Mans. In (c), the ownership directions indicate the presence of a single figure,
with a gradual shift to signaling a light bar and a light square occluding dark circular ground figures
in (d) and (e).
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3.13c, 3.13d, and 3.13e indicate, mBO cells signal the existence of a bar and a square in the
middle and right examples as occluding figures. That is, the RBO network explains the illusory
shape. Similar observations in BO cells were reported with ambiguous figure contours [154] or
missing figure fragments [14], however, with stimuli that contained single figures. In our case,
there are competing features along each border for the isolated Pac-Mans, suggesting that even
in the presence of competing figures, mBO cells assign ownership to illusory occluding shapes; a

suggestion that needs to be further investigated in BO neurons.

3.4.6 The Randomly Overlapping Polygons Dataset

We evaluated our model performance in terms of its accuracy in border ownership assignment
on stimuli more complicated than the controlled synthetic stimuli often used in cell recordings.
Therefore, we introduced the ROPD dataset, with randomly placed polygons of random sizes
and intensities. The number of polygons in each image varies between 1 and 8, with 100 images
for each fixed number of polygons. We also compared the accuracy and robustness of the RBO
assignments against that of the model suggested by Craft et al. [18] (from here on called “Craft’s”
model). Models introduced in [177] and [178] are extensions of Craft’s network and Craft’s suggested
mechanism is a benchmark model for BO assignment.

Craft’s network takes binary edge and T-junction maps as input. Since this assumption does
not hold in the biological visual system and for a fair comparison between the two models, we
extended the implementation of our model simple and complex layers to Craft’s model. We also
implemented a layer of T-junction maps that fed to Craft’s network. Craft et al. [18] set their
mBO and grouping cell RFs to 0.5° and between 1° and 9°. Although 9° for RF size of V4 neurons,
compared to the largest RF scale for our mMT cells at 4.78°, is very large, we kept their initial
setting.

Figure 3.14a demonstrates examples from the ROPD along with the VMI vectors for both
Craft’s and RBO models. As the figure shows, the VMI vectors from Craft’s model appear to be
random in their direction and not collinear even along the same edge of a polygon. In contrast,
the RBO vector directions match the ownership direction very well. Note that even without any
priors such as those imposed in Craft’s model signaling T-junctions, convexity or proximity, the

overall perception of the RBO for the scene yields an accurate map of occlusion boundaries along
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junctions and non-junction borders. We believe two key features of the RBO model yield its superior
performance. First, the RBO VMI vectors are collinear along the occluding contours mainly due
to lateral modulations in our model, which are lacking in Craft’s model. Second, dorsal neurons
are highly sensitive to contrast and can accurately signal the existence of important features even
with low-contrast borders. This property especially helps with overlapping polygons with similar
intensities.

For a quantitative performance comparison, we computed the average ownership assignment
accuracies for each sets of images with a fixed number of polygons. The average accuracies of
both models as a function of the number of polygons is illustrated in Figure 3.14b. The RBO
model outperforms that of Craft’s on all sets of images, with the overall average accuracy at 78%
versus 70%, suggesting that the RBO network is both more accurate and more robust in border
ownership assignment for simple and complicated scenes. Both models, however, experience a drop
in performance with an increase in scene complexity. This drop in performance is not surprising in
presence of competing features on both sides of a border resulting in smaller difference of responses.
Similarly, Williford et al. [153] reported weaker BO signals to more complex stimuli of natural

scenes.

3.5 Discussion

Our goal was to suggest a mechanism for BO assignment that could explain the early response
divergence in BO neurons, which happens before object classification. Consequently, we designed a
hierarchical model inspired by the findings of the brain and set the properties of each set of neurons
in the model accordingly. Our model maintains the ownership assignment confidence across simple
and complicated stimuli similar to BO cells. Additionally, our experiment with illusory contours
suggest that the perception of illusory contours in the brain could be explained by BO assignment
along these contours. Although our experimental results attest to the plausibility of our hierarchical
network for BO assignment, the RBO model lends detailed insight to the role each of dorsal and
lateral modulations play in a quantified way.

We proposed dorsal modulations since fast MT cells with large RFs fit all the criteria to ini-

tiate the early response differences, while V4 latencies do not support their role in early response
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Figure 3.14: Model performance comparison. (a) Examples of images from the ROPD with the
VMI vectors obtained from the model suggested by [18] (top row) and the RBO (bottom row) on
stimuli with 2, 3 and 4 overlapping polygons. BO assignment by Craft’s model in the top row
appear somewhat random compared to the collinear and more accurate RBO assignments. (b)
Accuracies in border ownership assignment from both [18] and RBO model.
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divergence. Feedback from V4, however, can further enhance the difference of responses in BO
neurons. We acknowledge any doubts about our suggestion of V4 feedback to BO cells on the basis
of comparing latencies from various studies. Our study puts forth additional possibilities and our
findings suggest the need for further investigations with direct comparisons of latencies in MT, V4
and BO neurons in V1 to elucidate the cause of early divergence in BO responses.

Our dorsal-to-ventral modulations is not the first of such models. Previously, early recurrence
showed improvements in low-level feature representation [203] and edge detection [199]. In a similar
attempt, we demonstrated the role of such modulations in providing global information essential
for even higher levels of abstraction, i.e., BO assignment. Our experimental results suggest that
although the dorsal stream is best known for motion, the coarse selectivity of its neurons to spatial
features within their spatiotemporal selectivity [17] provides context to BO cells and contributes
to shape processing in the ventral stream.

Our mMT neurons are modeled based on various studies of the Magnocellular pathway and
area MT that found these neurons to be highly sensitive to contrast [195, 196, 197, 198], and
their responses not so robust with iso-luminant color stimuli [204, 205]. These properties of MT
cells open a venue for investigating MT contributions in ownership assignment. Namely, if MT cells
provide context to BO neurons, then BO latencies are expected to increase with iso-luminant stimuli
in absence of robust MT signals while such delays are not expected to appear with low-contrast
stimuli.

Findings of Hupe et al. [100] could help design another testing paradigm. Specifically, they
showed that inactivating MT would affect neurons in V1, where some cells were even entirely
silenced. MT also significantly affected V1 responses early on in their time course [101]. The dorsal
modulation hypothesis can be evaluated in a similar fashion by inactivating area MT and studying
the latencies of BO cells. If MT provides context to BO responses, one would expect that lack of
MT feedback would delay the divergence, increase the latencies, and perhaps decrease the strength
of the BO signal.

Our model is the first to combine global and local context, which allowed us to investigate con-
tributions of dorsal and lateral modulations in ownership assignment. Although dorsal modulations
result in BO assignments, they do not warrant consistent assignments among neighboring cells. In

contrast, lateral modulations ensure consistent labeling in local regions. Our results demonstrate
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an enhancement in the mBO signal after lateral modulations; an effect that was consistent among
all mBO cells. Lateral modulations provide local support with a lag to BO neurons, due to the
time required for the signal to travel in a local neighborhood. In fact, our model of early recurrence
followed by lateral modulations demystifies the roles of feedback and lateral modulations in BO
encoding and explains previous observations that the signal from far fragments of a square figure
arrived earlier than the signal from near corners of the square [14].

Our model might appear similar to the surround modulation mechanisms suggested by Sakai et
al. [158], who showed that asymmetric surround regions could explain the BO responses. Despite

similarities, the following differences are notable:

1. Sakai et al. focus on the organization of facilitatory/suppressive surround for BO cells while

in the RBO, our focus was on the source of the nonclassical modulation,
2. In [158], surround regions are stochastically selected for each neuron; the RBO is deterministic,

3. The RBO distinguishes the contributions of each of far and near surround. Sakai et al. do

not differentiate between those,

4. Whereas Sakai et al. found robust BO signals from neurons with iso-orientation suppression
and cross-orientation facilitation regions, we did not restrict suppression/facilitation to certain
orientations. Instead, all orientations modeled in the RBO contribute to both dorsal and

lateral modulatory signals.

With lateral modulations and in the absence of feedback, hard-coded priors are required, as
suggested by Zhaoping [159]. Otherwise, the neurons will face a chance ownership assignment
without any priors. Here, we successfully exhibited that with no priors enforced, dorsal feedback
gives a prior for lateral communication in local neighborhoods that form the near surround for
mBO cells [183]. In short, dorsal feedback both provides global context and eliminates the need
for any built-in priors for BO assignment.

We introduced the ROPD dataset as a means to evaluate the performance of our model and the
model by Craft et al. [18] in complex scenes. Our results show that the RBO network assignments
are more accurate than those of Craft’s model in all sets with small to large number of polygons,

suggesting that the RBO network is more robust to complexities and irregularities that may arise
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in a visual scene. One source of complexity in this dataset is the randomness in the intensities of
the polygons in the scene, which was well-handled in RBO due to its robustness to low-contrast
borders. Bullier [15] suggested that robustness at low contrast in the dorsal stream - because of
better low-contrast sensitivity of Magnocellular cells - could be injected to the ventral stream and
so, in the BO assignment case, yield a more robust encoding.

As a final remark, evidence from border ownership neurons portray the importance of global
context in early visual processing without any need for solving a more complicated problem such
as object classification. The RBO network is a realization for how such encodings can be achieved
in a computational model without object class information.

Our current model is limited to horizontal and vertical orientations and adding a variety of

orientation selectivities is left for future work.
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Chapter 4

Combining Analytics and Learning:

Learning Shape Representations
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4.1 Motivation

The hue network introduced in Chapter 2 and the RBO network described in Chapter 3 were exam-
ples of how recent neuroscience discoveries can be incorporated into biologically-inspired computer
vision models. These models were inspired by and analytically defined according to some known
neural mechanisms in the primate visual system that deal with passive observers and static images.
For example, the model V1 neurons in the RBO network were analytically defined with DoG and
Gabor filters to model responses of V1 neurons to oriented edges and borders [206, 207]. Simi-
larly, in the hue network, model single-opponent V1 cells were defined according to the findings of
hue-selective neurons in V1 [114]. Although this approach is alluring, models defined solely based
on the discoveries about visual processing in the primate brain will be limited to the those visual
mechanisms.

Despite significant advances in neuroscience, one cannot help noticing that early visual process-
ing aspects have been relatively well-explored, but the same cannot be said about intermediate and
higher visual areas. Even with many discoveries about higher processing stages, there is still much
to uncover. Consequently, models truthful to the revealed processing aspects of the brain can only
go so far in modeling higher visual areas, resulting in missing complex visual features corresponding
to unknowns in those areas. Absent complex visual representations in a model will likely diminish
its performance.

At first glance, the situation might look bleak: with a lot that remains unknown, it looks
impossible to implement a model according to known aspects yet with the capacity to represent
complex visual features pertaining to still-unknown mechanisms. To address this problem, we
propose a hybrid architecture of analytically-defined and learned parameters. In particular, the
proposed architecture pairs analytically-defined neural networks with learning algorithms to model
the known aspects and tune the unknown parameters with available data. This approach is in
contrast to end-to-end learning where all the model parameters are learned. Our suggestion is to
follow a simple rule: there is no need to re-learn the parameters of which we have a reasonable
estimate; we only learn model parameters for which we have no or little knowledge.

To demonstrate how a hybrid architecture of analytically-defined neural network combined

with learned layers can be employed in a computational vision system, the specific problem of
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shape processing in V4 is studied in this chapter. V4, as an intermediate processing stage in the
ventral stream (see Figure 4.1) and with extensive connections to many visual areas, is believed to
play a role in various visual tasks such as object recognition and visual attention (See [208, 23] for
reviews). In the shape representation domain, V4 transforms low-level visual representations of V1
(oriented edges) [50, 194] and V2 (corners and junctions) [209, 210] to more abstract representations
in IT (objects, faces, etc.) [97, 98]. As such, for a biologically-inspired model as defined in Chapter 1
and geared toward object recognition, modeling V4 shape representations as those of intermediary
nature appears to be essential.

Various studies on V4 found evidence of selectivities to convex and concave shape parts in
this visual area [19, 20, 28]. Still, with decades of research on V4 and major discoveries of shape
processing in this visual area, the mechanisms by which the observed representations in V4 are
achieved is a mystery. In particular, it is yet unclear how V4 neurons map responses of curvature-
selective V2 cells into their observed part-based shape selectivities. For a biologically-inspired
shape model that includes both V2 and V4, this unrevealed processing hinders modeling. In order
to account for these unknown processing aspects, in this chapter, an analytically-defined shape
processing network is introduced which explicitly models neurons in V1, V2 and V4. With model
V4 neurons as the output layer of this network, the weights in the final layer are learned in a
supervised fashion. In order to learn the weights in the last layer, responses of biological V4 cells
to a shape stimuli set is provided to the network. With the parameters learned from biological
data, the learned weights suggest mechanisms with which V4 neurons integrate responses of V2
cells across their receptive field, improving our understanding of shape processing in this visual
area.

Proposing a hybrid architecture to learn how V4 neurons combine curvature-selective V2 re-
sponses is one contribution in this chapter. Another important contribution entails suggesting a
mechanism by which convex and concave representations of curved segments could be realized in
the ventral stream. As will be discussed in detail throughout this chapter, a curved segment could
be a convex or a concave part of a shape, depending on its position with the rest of the shape.
How this type of representation is achieved in the ventral stream is still unknown. The proposed
hybrid architecture in this chapter addresses this problem in an analytical way. In particular, the

proposed approach identifies previously discovered V1 and V2 representations that are necessary
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Figure 4.1: The visual hierarchy and their connections. Some of the areas involved in shape
processing in the ventral stream are highlighted with red boxes. Visual processing in these areas
is not restricted to form analysis. However, the focus in this chapter is on shape processing and
therefore, we limit discussion to the processing of shape. In the visual hierarchy, in V1 and V2,
orientation and junction selectivities respectively are transformed to more abstract representations
of objects and faces in IT (TE and TEO) via the intermediate processing stage of V4. Recovering
processing mechanisms in V4 enhance our understanding of this transformation.

components to distinguish convex and concave shape parts.

4.2 Background

The proposed hybrid model in this chapter consists of an analytically-defined architecture and a
learning component. Therefore, this section is divided into two parts: one reviewing the shape

representation background relevant to the analytically-defined network and one providing a brief
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overview of learning a sparse code pertaining to the learning step employed in the proposed model.

4.2.1 Shape Representation

This section starts with a review of neuroscientific findings of shape processing in V4. With
the unveiled shape representations in V4, a short section explains how such shape properties are
defined in 2D geometry. Then, a review of existing biologically-inspired models mimicking V4 shape

responses is followed by a summary on shape representation.

4.2.1.1 The Intermediate Processing Area V4

As an intermediate processing stage and with connections to and from various visual areas (See
Pasupathy et al. [23] for a review), V4 is believed to play a significant role in visual processing.
Shape processing studies on V4 suggest selectivity to complex shape features [211] and on the
role of this visual area in shape discrimination tasks [212]. But perhaps the series of research by
Pasupathy and Connor [19, 20, 21] were most influential in our understanding of shape processing
in V4. Whereas previous studies suggested selectivity to features other than straight lines [211] and
were vague in terms of V4 representations, Pasupathy and Conner’s studies demonstrated selectivity
to convex and concave shape parts, evidence that advocates for an object-centered representation
in V4.

The first study in the trio [19] consisted of V4 recordings to contour features and provided
evidence that most V4 neurons better responded to curved segments as part of a shape contour than
to isolated curved segments. Their stimuli set consisted of convex and concave contour segments as
part of a larger shape that passed beyond the RF as well as outline curved segments. For example,
the three sharp segments in Figure 4.2a depict sharp convex, sharp outline and sharp concave
segments. In all three stimuli, identical edges form the curved segment. But the placement of the
curved segment with respect to the rest of the shape in the convex and concave stimuli determines
the stimulus type.

The stimulus set from this study illustrated in Figure 4.2b shows part of the presented shapes
that coincides with V4 RFs. Example responses of one of the studied V4 cells is shown in Figure 4.2¢
demonstrating selectivity to convex contour segments pointing toward the left and no or weak

responses to corresponding outline and concave features. This observation suggests that simply the
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straight edges forming the curved segment were not the only features contributing to the neuron
responses as in if it was, the neuron would have responded with equal strength to the corresponding
outline and concave stimuli. Pasupathy and Connor reported that most of the studied V4 cells
exhibited a similar pattern of responses, i.e., selectivity to a particular shape feature.

Following their observation, they designed a stimuli set of 366 shapes that systematically com-
bined convex and concave parts into closed shapes, as demonstrated in Figure 4.3. They studied
responses of 109 V4 neurons to the closed shapes in the set in the following way: first, they de-
composed each shape into convex/concave parts and represented each component according to its
curvature and angular position with respect to the object center. An example of this represen-
tation is illustrated in Figure 4.4a. This way, each shape is represented as a set of points in the
two-dimensional space of angular position x curvature (APC). To recover each neuron’s tuning,
they fitted a Gaussian to its responses in the APC space. For example, the fitted Gaussian in
Figure 4.4b shows that the neuron has a peak to acute convex parts at about 180 deg in angular
position. Pasupathy and Connor found many cells in their study were selective to complex boundary
configurations, for example, a convexity at a particular position and adjacent to a broad concavity.
Examining the population coding in V4 neurons, they could reconstruct a complex shape from the
population responses and concluded that a population coding could represent the complete shape
in this area [21].

Following this, many others examined responses of V4 neurons to curvature features reporting
a progression of curvature preferences from V1 to V4 [213], curvature-polarity selectivity in V4
cells [214], curvature information forming in V4 [171], scale and position invariance [29, 215, 216],
and also joint encoding of shape and texture [185], blur [217], and outlined/filled figures [218].
Carlson et al. [28] found that a simulated population of neurons with sparse constraints account
for the recorded cell responses. Studying V4 responses to occluded shapes, Bushnell et al. [219],
Kosai et al. [220] and Fyall et al. [221] found sensitivity to occlusion in these neurons. Anatomically,
two recent studies [222, 223] found functional domains in V4 including curvature and corner areas
with neighboring regions spanning a diverse set of shape selectivities.

Despite all advances revealing representations in this visual area, how V4 neurons achieve their
selectivities is unknown. In particular, while we know V1 neurons are selective to orientation, and

V2 cells represent corners with endstopping, achieving an object-centered representation, i.e., selec-
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Figure 4.2: Stimuli set from the study by Pasupathy and Connor [19] to investigate responses of
V4 neurons to convex/concave shape features. (a) Example stimuli with 90° sharp angle pointing
toward the right projected as a convex, outline and concave segments from left to right respectively.
Note that in the sharp convex and sharp concave panels, the segment is part of a bigger closed
shape defining convexity and concavity. The sharp outline panel shows an isolated contour segment.
(b) The complete stimuli set tested in the study by Pasupathy and Connor [19]. Each stimulus
is presented as a white icon within a black circle corresponding to the RF. (¢) Example neuron
responses to the stimuli shown in panel (b). This neuron shows selectivity to sharp convexities
pointing toward the left. In their study, Pasupathy and Connor reported that most V4 cells had
exhibited similar selectivities to a particular contour feature. All panels are adapted from [19].
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Figure 4.3: The stimuli set employed by Pasupathy and Connor [20] to study responses of V4
neurons to shape parts. Each stimulus is shown as a white icon within the RF (black circles).
They systematically combined convex/concave components into simple closed shapes (Adapted
from [20]).

tivity to convexities and concavities, is a leap yet to be discovered. In the next section, definitions
of convexity and concavity in 2D geometry are reviewed in order to pinpoint the components that
yield such shape representations.

4.2.1.2 Object-centered Encoding: A Computational Perspective

In two-dimensional geometry, curvature refers to the amount that a geometrical shape deviates

from a straight line at each point, often defined as the reciprocal of the radius of the osculating
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Figure 4.4: In their studies [20, 21], Pasupathy and Connor represented each shape in the Angular
Position and Curvature (APC) space. (a) shows the angular position x curvature space where the
radial direction shows curvatures from -0.3 to +1.0. In this polar plot, a shape is shown at the
center of the plot with its APC representation denoted by a white curve (adapted from [21]). (b)
A two-dimensional Gaussian fitted to responses of a V4 neuron in the APC space encoding its
tuning function. This neuron’s tuning has a peak for acute convexities at around 180deg (adapted
from [20]).

K, >0 Ks <0
Figure 4.5: Identical contour segments have opposite sign of curvature as a function of curve

parametrization (Adapted from Pressley [22]).

circle at each point on the planar curve, measuring the magnitude of signed curvature. To be more
exact, consider the two planar curves in Figure 4.5. The arrowhead on each curve represents the
direction of increase in the curve parameter s. The two vectors t are tangents to the curves at a

single point, and the unit normals ng are obtained by rotating the tangents in the counterclockwise
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direction by 5. Then, the signed curvature, x is defined as the scalar such that

— = KsNg. (4.1)

By this definition, curvature for 2D curves has two components: magnitude and sign. Generally,
the mention of curvature refers to the magnitude of signed curvature. We distinguish between these
two components and refer to those as curvature magnitude and curvature sign.

An important implication from the definition above is that curvature sign for a 2D curve is
determined by its parametrization, s, as demonstrated in Figure 4.5. For closed simple 2D shapes,
curvature sign is defined according to the convention of counterclockwise parametrization, which
essentially identifies interior versus exterior for the closed contour. In other words, what we need
for the computation of signed curvature for a closed contour is to first identify inside vs. outside
for the shape, or in vision terminology, we need to identify figure vs. ground along the contour.

Given the signed curvature definition for simple 2D shapes, a consequential question is: are
V4 neurons selective to curvature magnitude, curvature sign or both? In a recent publication,
Pasupathy et al. [23] suggested that V4 responses show selectivity to both curvature magnitude and
sign. They argued that if V4 responses were “based on a simple preference for feature conjunctions”,
or equivalently curvature magnitude, then, V4 cells would have shown similar preference to the two
shapes shown in Figure 4.6 (panel b). To reject this possibility, Pasupathy et al. provided evidence
(Figure 4.6 (panel ¢)) from V4 cells exhibiting an object-centered tuning to contour conformations?,
implying that a notion of figure-ground is passed to these cells.

Interestingly, in differential geometry, inside-outside information for simple closed curves is
studied as a global property of curves. Similarly, in the visual system, as was shown in Chapter 3,
side-of-figure preference depends on global context. Together, available evidence from V4 neurons
suggests that both side-of-figure information and curvature magnitude features form the building
blocks that have an impact on V4 responses. As such, a model of shape selectivity mimicking V4
responses requires to develop both feature types in its formulation. Next, formulation of both cur-
vature components in existing computational models that address V4 shape processing mechanisms

are reviewed.

'arrangement of parts into a whole (adapted and modified from the Merriam-Webster Dictionary [224]).

98



(o]

Feature template

YN\

Translation in RF

A Y AN A S

'
'

Response (spikes/s)

VA A

[
[
[
'
'
Y

[y

‘x\ﬂ/ﬂ\\% A /A

.

» S O O W

Stimulus orientation

.

Figure 4.6: Object-centered representation in V4 neuron. In panel (a), a combination of ori-
entations could encode contour conformations with sharp curvature. When pooled over multiple
locations within the RF, translation-invariance is achieved. Panel (b) shows how the same combi-
nation of orientations could encode both a sharp convexity and concavity. A feature-conjunction
model predicts similar responses for both shape conformations. However, as shown in panel (c),
V4 neurons exhibit a difference of responses to these curvature components with opposite signs,
suggesting an object-center encoding in V4. Figure adapted from [23].

4.2.1.3 Computational Models for 2D Shape Encoding

The majority of existing models are hierarchical, with the exception of the model proposed by
David et al. [225] whose suggestion was rejected in a later neurophysiological study by Oleskiw et
al. [226].

The hierarchical models suggesting plausible mechanism for shape processing in V4 consist of a
biologically-inspired architecture of neurons with simulated V4 cells at the top [227, 228, 229, 230,
231, 232, 233, 24, 16]. These models are feedforward networks that combine earlier representations
to make more complex features in their higher layers in a purely bottom-up fashion and without
recurrence or feedback. Whereas providing global context requires integrating representations from
far visual locations, a simple feedforward model lacks the capacity to provide context to neurons
in its earlier layers. Therefore, it is impossible for such architectures to inject global information
to neurons in layers prior to their model V4 cells and thus to encode signed curvature similar to
V4 neurons.

A few CNN architectures were probed in some recent studies and the selectivities of artificial
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neurons in CNNs were compared to V4 responses [56, 234]. It was argued at length in earlier
chapters that even though these findings could potentially be significant, V4-like representations in
CNNs do not lead to insight about biological shape processing mechanisms. Regardless, the CNNs
that were investigated in these studies were feedforward networks to which the same argument
about global context and signed curvature encoding applies.

Among the proposed models for shape selectivity in V4, to the best of our knowledge, HMAX [24]
and 2DSIL [16] are the only two biologically-inspired hierarchical models that directly compare their
shape representations to biological V4 data. Both models are, similar to the rest of hierarchical
models, feedforward networks and therefore, lack mechanisms required for a signed curvature en-
coding. However, HMAX [24] and 2DSIL [16] are two models closest to the one proposed in this
chapter. As a results, the architecture and computations of these models are reviewed separately

in detail below.

4.2.1.3.1 HMAX

The model for V4 shape processing, proposed by Cadieu et al. [26, 24|, consisted of a subset
of the HMAX network layers [25, 235, 236]. The HMAX hierarchy coupled layers of S and C
cells performing feature selection (S layers) followed by a max operation (C layers). Part of the
HMAX architecture that was employed in modeling V4 by Cadieu et al. is depicted in Figure 4.7.
Although C1 neurons were claimed to correspond to V2 cells, due to the max operation, these
cells only ensure translation invariance in orientation selectivity, similar to complex cells in V1. As
such, it is not unreasonable to suggest that the HMAX architecture skips representing angles and
junctions reported in V2 neurons [209, 210].

Cadieu et al. [26, 24] employed S2 and C2 layers to model shape selectivity and position invari-
ance in V4 neurons respectively. All the weights in this network are fixed according to experimental
data except for the C1-S2 weights which are learned given the data from the V4 study by Pasupa-
thy and Connor [20]. Specifically, they introduced a heuristic greedy algorithm to select between
2 and 25 C1 units, along with their weights, feeding to S2. Figure 4.8 illustrates the learned S2
configurations corresponding to 109 V4 neurons from the study by Pasupathy and Connor [20]. As
the figure shows, with no explicit curvature encoding, the learning step is pushed to compensate for

curvature representations but does not necessarily result in curvature-like configurations. Finally,
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Figure 4.7: The HMAX model. HMAX consists of a hierarchy of feature selection layers followed
by a max operation. To model V4 responses, Cadieu et al. [24] utilized the first four layers of the
original HMAX network, corresponding to V1 and V4 areas in the brain. Figure adapted from [25].

HMAX does not encode curvature sign.

As an example, consider a learned RF with a clear curvature-like representation from HMAX
shown in Figure 4.9, panel a (the RF identified by a blue rectangle in Figure 4.8). The three
C1 components with strongest contributions to responses of this neuron are isolated in the right
square in Figure 4.9, panel a. Panels b, ¢, and d in this figure can be compared to similar ones in
Figure 4.2a, where matching convex, outline and concave curved segments were shown. Similar to
the stimuli in Figure 4.2a, the mild convex and mild concave cases are part of a larger shape and
hence a notion of inside-outside determines the curvature sign in these cases. This HMAX neuron,
however, will exhibit strong responses to all of the convex, concave, and outline curved segments.

In other words, HMAX, unlike V4 cells [19], does not encode curvature sign.

4.2.1.3.2 2DSIL
The model proposed in this chapter is an extension of the 2DSIL network, whose architecture is
depicted in Figure 4.10. Rodriguez-Sanchez et al. [16] hypothesized that intermediate processing

stages play a key role in shape selectivity in higher layers; a missing feature in most computational
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Figure 4.8: Learned S2 configurations in Cadieu et al. [26]. Cadieu et al. [26] employed a four-
layer HMAX model combined with a greedy learning algorithm that selected between 2 and 25
C2 units to reproduce responses of 109 Macaque V4 cells. Each square in this figure represents
the set of C2 units selected by their greedy algorithm to reproduce the responses of a single cell.
Each ellipse in a single C2 unit corresponds to one contributing C1 unit, with the grayscale level
of its boundary representing its weight (darker means a larger weight). The marked red squares
show two examples of cells for which no curvature-like representation was learned, and the green
squares are two examples with the learned patterns that are difficult to interpret. The neuron RF
identified by a blue rectangle is employed in Figure 4.9 to demonstrate how the learned RFs by
HMAX cannot represent shape parts. Figure adapted from [24].

models including the HMAX network. Specifically, whereas the human and primate brain performs
processing through several layers of neuronal computations to represent complex features, all those
intermediate layers between V1 and V4 are skipped in HMAX. To test the importance of interme-
diate representations in shape processing, Rodriguez-Sanchez et al. explicitly modeled endstopped
cells encoding a class of curvature features in V2. Responses of these neurons are combined in the
local curvature layer of 2DSIL, which sends a feedforward signal to shape-selective V4 neurons. To

model individual biological V4 cells from the study by Pasupathy and Connor [20], they determined
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Figure 4.9: A learned RF by HMAX with clear curvature-like representation. (a) The left square
shows the RF directly extracted from [24] and the right square shows the RF profile with the three
C1 components with strongest contributions to responses of the neuron. Panels (b), (¢), and (d)
show the RF profile super-imposed with mild convex, mild outline and mild concave stimuli. This
neuron will exhibit strong activations to all three stimuli as the highlighted green curved segment,
a common feature between all three stimuli, overlaps with the three C1 components. This behavior
is in contrast to the reported observations in V4 neurons.
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Figure 4.10: The architecture of the 2DSIL network. In 2DSIL, simple and complex cells are se-
lective to oriented edges. Endstopped neuron in this network combine responses of simple and com-
plex cells to achieve a set of curvature representations. Local curvature cells combine responses of
endstopped neurons and send a feedforward signal to shape selective cells in V4 (adapted from [16].

the weights between local curvature cells and V4 neurons from the shape parts in common among
the neuron’s preferred stimuli. With this approach, having a single selectivity template captur-
ing all contributing features to neuron responses is not guaranteed (as shown in the example in
Figure 4.11b), limiting the ability to predict responses of those cells with no selectivity template.
Even though 2DSIL explicitly models curvature-selectivity, its implementation does not include
a curvature sign encoding. In particular, in 2DSIL, two types of endstopping neuron represent

curvature features: degree and direction. These two types of model neurons will be called mEsDeg
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Figure 4.11: Example of maps that helped determining neuron shape selectivity in 2DSIL. (a)
The neuron showed selectivity to stimuli with a convexity in the lower right corner of the receptive
field followed by a concavity in the counter clockwise direction. (b) An example that shows the
selectivity of the neuron is not clear from its selectivity map. Figure adapted from [16].

and mEsDir for short. Both mEsDeg and mEsDir cells in 2DSIL combine a simple cell at the RF
center and two displaced complex cells with facilitatory and inhibitory contributions respectively.
The structure of endstopped-curvature degree neurons in 2DSIL shown in Figure 4.12a demonstrates
that mEsDeg neurons are designed to signal deviations from straight lines, encoding curvature
magnitude. Figure 4.12b illustrates the structure of mEsDir neurons. These cells in 2DSIL signal
the direction towards which the contour curves with respect to the orientation selectivity of their
facilitatory simple cell, and not curvature sign. The example in Figure 4.12c demonstrates two
mEsDir neurons with identical selectivities that will be strongly activated with both convex and
concave contour segments. To summarize, 2DSIL encodes curvature magnitude and curvature

direction, but not curvature sign and thus, does not encode signed curvature.

4.2.1.4 Summary

Neurophysiological findings suggest that V4 responses encodes signed curvature. However, none of
the existing computational models could explain how such a representation could be achieved in the
ventral stream. Considering V4 models, the tuning fitting approach employed by Pasupathy and
Connor [20], the APC model, can be seen as a shape model which maps curvature-position features
to V4 responses. Although the APC model does not lend insight on how a signed curvature

representation is achieved in the ventral stream, it represents shape parts in an object-centered
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Figure 4.12: Model Endstopped neurons in 2DSIL. (a) Model Endstopped - curvature degree
(mEsDeg) cells from 2DSIL combine responses of a simple cell (green ellipse in the B panel) centered
within their receptive field with responses of two displaced complex neurons (brownish ellipses in
panel B). (b) Examples of endstopping neurons encoding curvature direction introduced in [27]
at horizontal and vertical orientations. Responses of endstopping neurons are determined from
interactions of simple and complex cells shown as ellipses. (¢) Model endstopped neurons in 2DSIL
representing curvature direction (mEsDir) are agnostic to curvature sign. In this figure, the two
mEsDir cells will have similar activations to the vally-like parts of the figure even though these
segments correspond to parts with opposite curvature signs.

manner and suggests how V4 cells integrate shape components within their RF. As such, the APC
model, along with HMAX and 2DSIL, will be considered as relevant work in the remainder of this
chapter. The APC model, however, imposes a strong prior, i.e., a single Gaussian to V4 responses,
which impedes capturing complex and long-range interactions between shape parts within the
receptive field. Additionally, all the three models limit shape part contributions to facilitatory

ones. Whereas neurons in other brain areas exhibit a combination of excitatory and inhibitory
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regions with their RF's, these models do not account for inhibitory shape parts, which leaves one
with an incomplete understanding of V4 selectivities.

To conclude the shape representation background, two important questions with regards to V4
responses are still unanswered: first, how a signed curvature encoding is achieved in the ventral

stream, and second, how V4 neurons integrate shape parts within their RF.

4.2.2 Learning a Sparse Code

Later in this chapter, we propose combining an analytically-defined neural network for V4 with a
sparse coding learning step. Consequently, a brief review of sparse coding is sketched below.
In general, the term “sparse coding” can be described as explaining an observation using a small

set of primary components.

4.2.2.1 Sparse coding in machine learning

In machine learning, sparse coding often falls under the category of unsupervised learning algorithms
and its goal is to learn a set of primary features from a set of observations. These features form
an over-complete set of atoms of a dictionary and are extracted by minimizing a reconstruction
error term. Having learned a set of features, then, any given input can be represented by a sparse
linear combinations of the dictionary atoms. Mathematically, given a training set of observed inputs
X, t € {1,...,T}, an over-complete dictionary D = {d1,...,d,,} is learned by solving the following

optimization problem:

)
: X — D A\ 4.2
r%n;%nu + = Dyill2 + Ml (4.2)

where ~+; is the code or representation for the observation X;. With X; and D as n x 1 and
n X m matrices, the code ; will be a m x 1 vector. The first term in this equation is called the
reconstruction error and the second term ensures sparsity of the code vector. This optimization
problem is tackled by alternatively solving for v+ and D. Various algorithms are introduced for each
of the two subproblems (See [237, 238, 239, 240] just as a few examples). Adding discriminatory
terms to Equation 4.2, sparse coding can be employed in discriminative tasks [241].

Note that in Equation 4.2, one code or representation, 7, is found for each training data, while

the dictionary is learned with respect to all the training examples. In dictionary learning, often,
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the only imposed constraint is normal length for the dictionary atoms. That is, ||d;|]]2 = 1 for
all atoms of the dictionary. However, in a number of approaches dubbed as parametric dictionary
design [242, 243], the structure of the dictionary atoms is assumed to be known a priori and only the
parameters of the dictionary atoms are learned in the outer optimization problem. For example,
assuming Gabor-like dictionary atoms, for each atom, Gabor parameters are learned from the
training set. This family of approaches has the advantage of having far fewer learnable parameters

compared to the general dictionary learning algorithms.

4.2.2.2 Sparse coding in Neuroscience

Sparse coding in the neuroscience community alone has different definitions and is a controversial
topic. Moreover, in a recent survey, Beyeler et al. [244] lists studies that have found evidence
of sparse coding in the brain, while citing studies that suggest against it. But perhaps the most
well-known work in this area was by Olshausen and Field [239] in which they showed that by
imposing sparsity constraints, a set of features that resemble V1 receptive fields would emerge
from learning the statistics of natural images. These learned statistics were obtained with an
unsupervised approach. Later approaches modified the work of Olshausen and Field to make their
approach more biologically compatible [245, 246, 247].

Even though in the present work, our proposed approach incorporates sparse coding, we empha-
size that the sparse coding step is employed in the machine learning context and our motivation for
using a sparse coding formulation was purely computational. Therefore, we refrain from drawing
any connections between sparse representations in V4 [28] and the learned ones in the sparse coding

step of the proposed model.

4.3 The SparseShape Network

With the aforementioned state of affairs, in this work, we seek to answer the following two questions:

1. How is an object-centered representation achieved in the ventral stream?

2. Recovering neuron tunings with a single Gaussian is limiting in that contribution from only
a single shape part can be recovered. Here we ask: what will the tunings reveal if we relax

the fitting prior?

107



To answer the first question, we introduce the SparseShape network as an analytical neural net-
work that suggests a mechanism for object-centered representations in the ventral stream. The
SparseShape network extends the 2DSIL model to reach this goal.

Our proposal to the second question is to pair the suggested analytical neural network with
a learning step to learn weights in the last layer of the network, accounting for unknown shape
processing mechanisms in V4. More specifically, we seek to find how shape-selective neurons in V4
integrate responses of curvature-selective cells in V2 [209, 210] to achieve their reported responses.
For this purpose, we relax the single-Gaussian prior and replace it with a sparsity one that would
allow capturing shape part contributions across the receptive field in both facilitatory and inhibitory
manners. This latter step demonstrates how combining biologically-inspired models with learning
algorithms can improve the performance of these networks and recovering certain shape processing

aspects of which little or no knowledge is in hand.

4.3.1 The Analytically-defined Architecture

The SparseShape network extends 2DSIL by combining it with the RBO network introduced in
Chapter 3. As explained earlier, to model neurons selective to curvature sign, figure-ground in-
formation is required. As a result, the combined model will have the necessary features that can
result in a signed curvature encoding. The architecture of SparseShape is depicted in Figure 4.13
with each of the various model neuron types shown with a single box. Similar to 2DSIL and
RBO, simple and complex cells in SparseShape are selective to oriented edges. mBO neurons signal
side-of-figure information while curvature magnitude and direction are encoded at the endstopped
level in mEsDeg and mEsDir neurons. In SparseShape, new cells endcoding curvature sign are
modeled by combining mBO and mEsDir signals. With the added curvature sign representation,
the local curvature neurons from the original 2DSIL are remodeled by receiving their input from
endstopped-curvature degree and endstopped-curvature sign representations. In other words, in
SparseShape, the local curvature neurons combine curvature magnitude and sign and therefore,
encode signed curvature (ks in Equation 4.1). Finally, the green arrow in Figure 4.13 represents
the set of weights that are learned by employing a sparse coding algorithm. This final stage of
the network is explained after the computational details of neurons in SparseShape are explained

below.
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Figure 4.13: The SparseShape architecture. This hierarchy is designed by combining the RBO
network introduced in Chapter 3 with that of the 2DSIL network. The blocks with yellow and
green fill represent model neurons that are added to 2DSIL or re-modeled respectively. To obtain
an object-centered encoding, additional mechanisms to represent inside vs. outside for shapes is
required. These mechanisms are implemented through the RBO network with border ownership
encoding. In SparseShape, curvature sign model cells are added to the network to achieve an
object-centered shape tuning in mV4. Accordingly, the model local curvature cells are re-modeled
with feedforward signals from curvature degree and sign cells. Similarly, 2D shape cells at the final
layer of the network are re-modeled with the sparse coding step.

Similar to the RBO, neurons in SparseShape are implemented at four scales that result in eight
combined curvature maps in the local curvature layer (four scales representing curvature magnitude
X two signs). Unlike RBO that implemented horizontal and vertical orientations, SparseShape
extends the RBO network to model 12 orientations in the [0,7) range. In 2DSIL, only edge-
selective neurons in model ventral simple cells are implemented while RBO includes both edge- and
border-selectivity. To reconcile the selectivities in the two networks, responses of mBO neurons with
edge and border local selectivity are combined. Moreover, the model ventral simple and complex
cells sending their signal to endstopped-curvature degree and direction are those selective to edges.
In SparseShape, neurons up to and including border ownership cells are the same as those in the
RBO network. The computational details for these neurons can be found Chapter 3.

Names of some of the cells in SparseShape tend to get long and to avoid repeating long names,
abbreviations are used in the remaining of this chapter. The list of these abbreviations can be

found Table 4.1.

109



Neuron Name Function \ Abbreviations ‘

Model ventral simple cell orientation mvSimple
Model ventral complex cell orientation mvComplex
Model border ownership side-of-figure mBO
Model endstopped curvature degree curvature magnitude mEsDeg
Model endstopped curvature direction | curvature direction mEsDir
Model endstopped curvature sign curvature sign mEsSign
Model local curvature signed curvature mLocalCurv
Model V4 2D shape mV4

Table 4.1: List of SparseShape neurons with their name abbreviations.

4.3.1.1 Model Endstopped - Curvature Degree

Endstopped-curvature degree neurons (mEsDeg) in 2DSIL, whose RF is depicted in Figure 4.12a,

combine activations of a simple cell at their RF center with two displaced complex neuron as follows:

RmEspeg (7, Y, 0) = ®lccd(Re(z,y,0)) — (carp(Rar (2,9, 0)) + cazd(Raz(z,y,0)))], (4.3)

where c., cq1 and cg4o are the gains for the center and displaced neurons. R.(z,y,0), Rai(x,y,6),
and Rgo(x,y,0) are responses of the center and displaced cells with their RFs centered at (z,y)
and selective to orientation 6. The function ¢ rectifies negative responses to zero. In this equation,
® is the same as the one defined in Equation 3.6, which scales responses to highly intense stimuli.
The gains and the parameters of the rectifier ® from this equation in SparseShape match those
employed in 2DSIL. It is worth noting that the four scales of mEsDeg encode selectivities to a

variety of curvature magnitudes from acute to broad curvatures.

4.3.1.2 Model Endstopped - Curvature Direction

In 2DSIL, for each orientation in the model, two model endstopped-curvature direction cells (mEs-

Dir) signaling opposite directions are implemented. These two types of neurons are implemented
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Figure 4.14: The convention to show model endstopped neurons encoding curvature direction
(mEsDir). The mEsDir neuron with stronger responses when the contour segment curves downward
denoted as mEsDir_down will be show by a circle with an attached arrow pointing downward. The
mEsDir cell with opposite selectivity, shown as mEsDir_up, will be illustrated as a circle with an
upward arrow attached to it. These neurons will be shown in blue.

as:

s

Rukovie(#,0,0 —5) = Blecd(R(z,1,0) - (1.4
(card(Rlran, var, 0+ 7)) + cad(Rlzan a6+ 1)), (45)
Rusoin(@,9,0 +5) = @lecd(R(z,y,6)) - (4.6)
(cnrd(R(zar, yan, 6+ o)) + card(Blaar, yan, 0+ )], (47)

again with c., cq1 and cgo as the gains for the center and displaced neurons, d1,d2 indicating
displacements, and R representing responses of endstopped, center and displaced cells. As depicted
in Figure 4.12b, the displaced neurons are at 45deg and 135deg angle with respect to the center cell.
The two parameters §+7 and 6 — 5 denote the direction of the curve relative to the central mvSimple
cell orientation at 6 angle (the direction of the arrows in Figure 4.14). Similar to Equation 4.3. the

parameters in this equation match those of 2DSIL.
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4.3.1.3 Model Endstopped - Curvature Sign

Intuitively, a contour segment of a simple closed curve is convex when the contour segment curves
toward inside the figure. Geometrically, for a counterclockwise parametrization of the curve, convex
segments are parts of the shape at which the direction of the tangent vector derivative and the
normal vector are the same. Otherwise, the curve segment is concave. In SparseShape, this intuition
and geometry can be implemented by combining responses of mEsDir and mBO cells, where mEsDir
represent the tangent vector derivative direction and mBO neurons encode inside vs. outside (or the
normal vector ng direction) at each point. More specifically, a contour segment is convex when the
direction of the winning mEsDir neuron and the winning mBO cell? are in agreement and concave
otherwise. With winning mBO and mEsDir neurons at a given orientation, four scenarios might
occur. These four scenarios are illustrated in Figure 4.15 for horizontal orientation. Scenarios 1
and 2, where the direction of winning mBO and mEsDir are the same, represent convexities, and
scenarios 3 and 4 with opposite directions for the winning mEsDir and mBO neurons correspond
to concavities.

In SparseShape, model endstopped-curvature sign (mEsSign) cells are implemented as:

RuEssign_convex(7,¥,0) = ¢((RmpsDir(w,y,0 + g) — RyEespic(z,y,0 — g)) X
(Bupo(@,y, 6 + 2) = Rupo(.3,0 = ),

RmEssign_concave (T, Y,0) = ¢(—(Rmpspir(w, y,0 + g) — Ruwspir(2,y,0 — g)) X
(Rupo(@,y,6 + ) = Rupo(,y,0 — ), (48)

with parameters the same as those of mEsDir neurons. Note that in these equations, ( Rygspir (2, y, 0+
5)—Rugspi(z,y,0—75)) and (Rupo (2, y, 0+ 5) — RuBo(x,y, 0 — 7)) denote the direction of winning

mEsDir and mBO neurons and the multiplication tests their direction alignment.

2 As a reminder, at each visual location, a pair of mBO neurons with identical local feature selectivity but opposite
side-of-figure preference are modeled. Between the pair, the neuron with stronger responses is called the winning mBO
cell. Similarly, a pair of mEsDir at each visual field location with opposite direction selectivities can be considered.
The mEsDire between the pair with stronger responses is called the winning mEsDir cell.

112



Scenario 1

Scenario 3
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Figure 4.15: Curvature sign can be implemented with two pieces of information in hand: tan-
gent vector derivative and the normal vector at each point along the bounding contour. These
information are implemented with mEsDir and mBO neurons in SparseShape representing tangent
vector derivative and normal vector directions respectively. At each visual field location, between
pairs of winning mEsDir and mBO, four cases might happen. In two scenarios, where the direction
of winning mBO and mEsDir, shown by an arrow attached to the RF, are the same, the contour
segment corresponds to a convexity (See Equation 4.1). Whenever these neurons point toward
opposite directions in the other two cases, the segment is concave.

4.3.1.4 Model Local Curvature

With mEsSign and mEsDeg neurons encoding curvature sign and magnitude, computing signed
curvature, kg, is not difficult. The formulation in SparseShape is only slightly different from that
of 2DSIL. In SparseShape, similar to mEsDir and mEsSign, signed curvature is encoded by a
pair of neurons to represent positive and negative signs. At each scale in the hierarchy, a single
map of mEsDeg and a pair of mEsSign (mEsSign_convex and mEsSign_concave) are implemented.

Combining these maps yields pairs of local curvature cells with responses computed as:

RmLocalCurv_pos(‘ra Y, 0) = RmEsDeg(xy Y, 9) N
(RmEsSign_conveX (.CI}, Y, 9) > RmEsSign-concave ($> Y, 9))
RmLocalCurv_neg(xa Y, 0) = RmEsDeg(xa Y, 9) N

(RmEsSign_convex (il?, Y, ‘9) < RmEsSign_concave (il?, Y, 0)) (49)
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Similar to 2DSIL, the responses of mLocalCurv cells are combined by employing a max opera-
tion over all orientations. Consequently, the final layer feeding to mV4 neurons consists of eight
curvature maps, four scales x two signs, representing four levels of acuteness for convexities and

concavities.

4.3.2 Learning V4 Receptive Fields

In a way, Pasupathy and Connor had learned V4 receptive fields by fitting Gaussians to the biolog-
ical data. However, as mentioned earlier, their model was simple and could not capture complex
interactions between stimulus parts. Our goal is to learn V4 receptive fields in a way that complex
and long-range interactions between shape parts, if they exist, can be captured. Recovering exis-
tence or equivalently lack of such interactions in V4 imparts significant insight into shape processing
mechanisms in this visual area. For this purpose, we learn V4 receptive fields from the recordings
provided to us by Dr. Anitha Pasupathy. Note that experimental data is limited with a total of
366 samples and data augmentation is not an option since any changes to the stimuli might result
in changes in biological neuron responses.

In SparseShape, a naively-added fully-connected layer from mLocalCurv to mV4 cells has more
than 14K weights to learn from less than 366 data points. To address the issue with the dispropor-
tionate number of parameters with respect to samples, we propose imposing sparsity priors that are
compatible with discoveries of V4 [28] and other brain areas involved in shape representation [248].
Here, we leverage sparsity in a higher dimensional space and with a more relaxed model compared
to the APC model, to learn V4 selectivities from their responses. The sparse coding procedure
explained below is repeated for individual V4 neuron. Therefore, the equations that will appear
below, will hold for each individual V4 cell and the procedure for learning the receptive fields will
be repeated for each V4 neuron. With the learned RFs, mV4 responses to any stimuli set is a
simple feedforward pass (with dorsal recurrence) in SparseShape.

Our proposed sparse coding method formulates V4 RF recovery as a supervised learning prob-
lem. Specifically, given the responses of mLocalCurv cells and biological V4 responses to a stimuli
set, we seek a sparse combination of curvature components across the receptive field that can explain
V4 responses. These contributions are weighted. Having found the desired curvature components

and their weights, responses of the mV4 neurons corresponding to the biological V4 cell to an
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arbitrary stimulus s can be obtained by:
Ruva = DIy, (4.10)

where ~ is the weight vector and D is a vector whose elements signal presence or absence of a
shape part at a particular position within the receptive field. For example, the i-th element of D
denoted as d4(i) might indicate presence of a broad convex part at the right top side of the receptive
field for stimulus s. Consequently, D, will be referred to as the part-based vector. To account for
a variety of positions for shape parts, a 3x3 grid over the receptive field with Gaussian kernels in
each cell of the grid filters each mLocalCurv map. The parameters of each Gaussian characterize
the position and extent of a particular curvature component within a cell. Putting these together,
ds(i) is computed as:

ds(l) :ZC(x,y,s,k:)G(x,y,],,uj,zj), (411)
z,y

with C(z,y, t, k) corresponding to the responses in the k-th mLocalCurv map to stimulus s at visual
location (z,y) with k£ € {1,2,...,8}. In this equation, G(x,v, j; 115, 2;) represents the Gaussian
in the j-th cell with parameters p;,¥; and j € {1,2,...,9}. With 8 mLocalCurv maps and 9 cell
positions, D, and v in our implementation are 72-dimensional vectors.

Minimizing the objective function:

-
. 1

glglz §||Rt—DtTvllz+AHvH1, (4.12)
Tot=1

where R; is the biological V4 response to stimulus ¢ and 7 is the number of stimuli in the training
set results in a sparse combination of parts. In this equation, V is the set of parameters of the
Gaussian kernels and A balances between sparsity and the error term.

The diagram in Figure 4.16 shows the different components of our sparse coding formulation.
Note that the green box in this figure corresponds to the green arrow in Figure 4.13. In order to
perform the optimization, we alternate between optimizing for the sparse code vector v and the
parameters of the Gaussian kernels V. Optimization over the parameters of the Gaussian kernels
is similar to parameterized dictionary learning algorithm explained in [243]. The details of our

optimization can be found in Appendix B.
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Figure 4.16: The proposed sparse coding step in SparseShape. For pairs of ({mLocalCurv}, mV4),
to a set of presented shapes, the algorithm looks for a combination of shape conformations that
could best explain mV4 responses. To account for the various positions of shape parts, a set of
9 Gaussian kernels spanning a 3 x 3 grid over the RF filter mLocalCurv responses at each cell.
These filtered responses form the part-based vector. A weighted combination of part-based vector
elements yields mV4 responses. These weights are determined by the sparse code vector. The
green box in this figure, depicting the different components of our sparse coding, corresponds to
the green arrow in the SparseShape architecture shown in Figure 4.13. The elements in this box
that are identified with red asterisks are the parameters that are learned in this step.

Although our optimization formulation looks strikingly similar to that of Equation 4.2, there

are three major differences:

1. Our proposed approach learns a mapping from mLocalCurv maps to V4 responses in a su-

pervised manner.

2. In our formulation in Equation 4.12, one single sparse vector is learned for all the training

samples for a given V4 cell (min, outside the sum in Equation 4.12).

3. Whereas the unsupervised algorithm iterates between feature learning and feature selection

steps, in our formulation, the features are known and instead, both steps in each iteration
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perform feature selection.

Despite these differences, we make use of advances in the sparse coding algorithms in ML as

explained in Appendix B.

4.4 Evaluation

To evaluate the proposed model and learning approach, two categories of experiments were carried
out. In one set of experiments, the goal was to evaluate model performance to the stimuli shown
in Figure 4.6 and examine what the learned model could reveal about V4 cells. We refer to
any experiment performed on shapes shown in Figure 4.3 as a standard experiment. The second
category consists of an experiment with a new stimuli set to test scale invariance in the learned

mV4 neurons, similar to the reported scale invariance in V4 responses [29].

4.4.1 Stimuli and Data

Two sets of stimuli were employed. In the standard experiments, the stimuli in Figure 4.6 from the
study by Pasupathy and Connor [20] with 366 closed shapes were employed. These shapes, which
we call standard shapes, were scaled such that stimulus edges were offset from the RF center by
0.75x RF size. The code to generate the shape as well as the V4 recordings from [20] were kindly
provided by Dr. Anitha Pasupathy. In the scale invariance experiment, we generated stimuli similar
to those in [29] by using the code from the standard experiments. The scales were matched to those
in the V4 scale invariance study [29].

Similar to the RBO network, input to the network was set to 400x400 pixels. We measured
1° visual angle at 50cm to be 32x32 pixels for our stimuli size. Model V4 RFs were set to 4°

following [92] equivalent to 128 x 128 pixels.

4.4.2 Training Procedure

SparseShape parameters in the last layer are learned through the sparse coding step. The parameter
A in Equation 4.12 is set using cross-validation over the training set for each neuron. Having

determined the optimum lambda, the model neuron is trained on the entire training set. All
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other non-learnable parameters, those known to us through previous experimental findings, are set
according to RBO and 2DSIL.

To learn the model weights from mLocalCurv maps to mV4 cells, the shapes in the standard
experiments were divided into a 60%-40% train and test splits. This procedure was employed to
report all the experimental results below except for one: where we compare our model with the
HMAX network, we follow their cross-validation steps. Specifically, in HMAX, they carried out a
six-fold cross-validation over the whole stimuli set and reported the average correlation coefficients.
This way, each shape will appear in the test set once and therefore, responses of the model to all
the shapes in the set will be in hand. For comparison purposes, we adhered to their procedure.

The data from the biological V4 cells shows a variety of selectivities. For example, one V4 cell
might be selective to sharp convexities at the left middle part of its RF while another is strongly
activated with broad concavities at the bottom right side of the RF. Due to this diversity in V4
selectivities, stratified division of shapes into train-test sets was executed for each individual neuron
to ensure an assortment of responses are present in each set. Our stratification procedure considered
three folds of shapes in the stimuli according to weak, medium and strong activations of the neuron.
Consequently, during learning, the model is fit with respect to shapes to which neuron responses

span weak to strong activations.

4.4.3 Quantification

To quantify model performance, two measurements with respect to biological V4 responses are
reported: mean error and correlation coefficients. The mean error comparison, following [16],
computes the mean absolute difference between the normalized responses of each mV4 and V4 cell
as:
N
Zizl [Rimva — Ryal

= 4.13
mean error ~ , (4.13)

where N is set according to the number of stimuli in each of train and test sets. Similarly, correla-
tion coefficients (Pearson’s r) are computed separately for train and test sets between model and

biological responses.
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4.4.4 Comparison with Biological Responses, 2DSIL, and HMAX

To evaluate the performance of our model, we presented standard shapes in the training set to the
SparseShape network and recorded mLocalCurv maps. For each of the 109 biological V4 recording,
we assigned responses to a corresponding mV4 cell. We call responses of biological and model
V4 cells as biological V4 and mV4 responses respectively. Then, given the curvature maps and
biological V4 responses, we learned a sparse mapping from mLocalCurv responses to mV4. Having
learned the sparse mapping including the Gaussian maps from Equation 4.11 and the sparse code
vector, we determined responses of each mV4 cell to unseen shapes as explained in Equation 4.10.
Examples in Figures 4.17, 4.18, 4.19 depict responses of mV4 and biological cells to all the 366
stimuli in the standard shape set.

In these figures, each shape in the standard stimuli set is shown as a blue icon within a square.
The ground intensity in each square signifies the strength of cell response to the shape in that
square. Overall, these figures demonstrate similar responses between mV4 and V4 neurons.

To measure this similarity, following 2DSIL, we computed the mean errors from Equation 4.13
for train and test sets separately. Additionally, to evaluate the performance improvement of the
proposed steps compared to 2DSIL, we plotted mean errors of 2DSIL alongside ours. Figure 4.20
summarizes train and test mean errors for 109 mV4 cells in SparseShape and the mean error for 75
model neurons for which a shape template could be found in 2DSIL. This figure demonstrates that
compared to 2DSIL, SparseShape mean errors are decreased compared to all the 75 2DSIL model
neurons. Additionally, the remaining 34 cells follow a similar trend in train and test mean errors.
Over the 109 mV4 SparseShape cells, the mean error is less than 0.18 whereas the 2DSIL error gets
as high as 0.34 for some of the neurons. Mean errors from HMAX were not available and therefore,
this model is missing in Figure 4.20.

Both APC and HMAX reported correlation coeflicients as a goodness-of-fit measure. While
the APC fitting was based on responses to all the 366 stimuli, HMAX employed a six-fold cross-
validation and reported the average correlation coefficient (). As explained in Section 4.4.2 and
only for this part of our experiment, we report the average r over six-fold cross-validation over the
whole stimuli set for fair comparison with HMAX.

One goal in this chapter was to relax the strong prior imposed by Pasupathy and Connor to
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Figure 4.17: Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of the ground in
each square indicates the response strength. The mV4 cell in this figure exhibits a similar pattern
of responses as that of the biological V4 cell. (b) Biological V4 responses plotted against mV4
activations illustrates a strong correlation between these responses (r = 0.69).

recover neuron tunings. To compare the proposed approach, we also consider the APC model.
Pasupathy and Conner also evaluated a four-dimensional APC model (3 curvatures and 1 angular
position) by considering the two neighboring curvature components at either side of a shape part.

We call this model as APC—4D and the 2D version as APC—2D. For completeness, we also considered
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Figure 4.18: Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of the ground in
each square indicates the response strength. The mV4 cell in this figure exhibits a similar pattern
of responses as that of the biological V4 cell. (b) Biological V4 responses plotted against mV4
activations illustrates a strong correlation between these responses (r = 0.63).

the correlations for 100 random neurons selected from convolutional layer 2 (conv2) and fully-

connected layer 7 (FCT7) of Alexnet reported by Pospisil et al. [56]. Figure 4.21 illustrates the

correlation coefficients for all the APC-2D, APC—4D, Alexnet—conv2, Alexnet—-FC7, HMAX, 2DSIL

and SparseShape models. A ridgeline plot separates theses distributions according to their overlap
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Figure 4.19: Responses of a learned mV4 cell. (a) shows two rows of mV4 and biological V4
responses. Each shape stimuli is depicted as a blue icon in a square. The intensity of the ground in
each square indicates the response strength. The mV4 cell in this figure exhibits a similar pattern
of responses as that of the biological V4 cell. (b) Biological V4 responses plotted against mV4
activations illustrates a strong correlation between these responses (r = 0.70).

for easier comparison. This figure shows that SparseShape and HMAX have similar correlation

coeflicient distributions. In contrast, 2DSIL correlations are shifted to smaller values compared to

both train and test plots for SparseShape.
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Figure 4.20: Mean error in responses of model V4 cells for 2DSIL and SparseShape. Neuron errors
are plotted in two rows for better visualization. SparseShape improves the performance measured
as the mean difference of responses with biological V4 cells compared to 2DSIL.

model and represents each stimulus in the suggested angular position and curvature space. By
considering signed curvature in their model, they encode an object-centered representation and in
that sense the APC model is most similar to SparseShape representations. Although the APC model
was fitted to the complete data, the correlation distributions in Figure 4.21 show that the APC-
2D correlations are smaller than that of SparseShape—test. Combining three shape components in
APC—4D shifts the correlations to larger values. This shift in distribution with incorporating more
than a single contributing part, as Pasupathy and Connor pointed out, suggests V4 cells encode
complex configurations within their RF. Still, APC-4D distribution matches that of SparseShape—
test and the shift to larger correlations in SparseShape—train suggests a more complicated pattern
of interactions between shape parts than three neighboring ones within V4 RFs.

Figure 4.21 shows Alexnet—conv2 and Alexnet—FC7 correlations are comparable to those of
APC—4D with slightly larger correlations in FC7 neurons. Alexnet is a blackbox model as discussed
in Chapter 1 that does not lend insight into processing in the ventral stream. Moreover, Alexnet
is a feedforward network and the same argument on object-centered representations due to global
context applies to this network.

Table 4.2 summarizes the median correlation coefficients for all the distributions plotted in
Figure 4.21, confirming comparable distributions between HMAX and SparseShape. Despite com-

parable distributions, HMAX representations are not object-centered. When the goal is to replicate
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Figure 4.21: Population distribution of correlation coefficients () for Alexnet, HMAX, APC,
2DSIL and SparseShape. The proposed approach improves the correlation coefficients compared
to 2DSIL and the APC model. The standard two-dimensional APC is identified as APC-2D. Pa-
supathy and Connor [20] also considered the two neighboring conformations for each shape parts
presenting shapes in a four-dimensional space. This presentations is called APC—4D. The plot
illustrates that by incorporating the influence of more than one conformation to V4 responses, the
correlations are improved. Note that in both APC-2D and APC—4D, the model fitting is per-
formed with all the 366 stimuli. Both conv2 and FC7 layers in Alexnet perform comparable to
APC—4D with a slightly higher correlations in FC7 neurons. Note that Alexnet is a feedforward
network and the same argument on global context for modeling convexities and concavities applies
to this network. HMAX is the model with best correlations. As explained in the text, this supe-
rior performance could be due to overfitting, although this conjecture needs further investigation.
Additionally, since HMAX compresses V2 and V4 processings into a single layer that is learned
using a heuristic greedy approach, this network does not match the rest of the models in terms of
explanatory capacity.

the observed behavior of V4 neurons, this model lacks a proper explanation of V4 shape processing
mechanisms. Additionally, in a study, Bair et al. [249] reported that the learned HMAX neurons
could not achieve the levels of invariance to scale and position observed in V4 neurons. Together,

these results suggest that HMAX, despite impressive correlation coefficients, does not replicate V4
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’ Model — Set \ Correlation Coefficient

HMAX—train 0.72
HMAX-test 0.57
SparseShape — train 0.70
SparseShape — test 0.56
2DSIL 0.28
APC -2D 0.46
APC-4D 0.57

Table 4.2: Medians of correlation coefficients for the models which population distribution was
shown in Figure 4.21. HMAX-train is the best performing model followed by SparseShape—train.

responses.

As a summary, our results show that mV4 responses of SparseShape are highly correlated
with biological V4 responses with small mean errors. In contrast to HMAX and 2DSIL, mV4
representations are object-centered. Furthermore, comparison with APC—4D confirms complex

interactions with multiple shape part contributions to V4 responses.

4.4.5 On Sparsity

The APC—-2D and APC-4D models take one and three contributing shape parts into account
respectively. Our sparse coding scheme, compared to APC, is more relaxed in incorporating more
shape parts and not only those in spatial proximity, but also components across the RF. Asking
the question of how many shape components were determined as important to shape encoding in
V4, we examined the sparsity of the learned sparse code vector by considering the percentage of
its nonzero elements for each of the 109 neurons. To better evaluate the impact of convexities
versus concavities, we calculated the nonzero percentage separately for each of convex and concave
parts. The plot in Figure 4.22 demonstrates the distribution of convex/concave sparsity for the
population. Each neuron is displayed with a dot and when neurons coincide in this space, a single
dot is shown. The distribution of dots in this space suggests contributions from more than a single
or even three shape parts to V4 responses. Moreover, the marginal distributions on the top and
right sides of this plot suggest that most V4 cells integrate a higher percentage of convex part
compared to concave components. These results are in agreement with convexity-bias observations
reported in [19, 28].

With more convex parts feeding to V4 cells, one possibility is that the weights from these con-
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Figure 4.22: Sparsity analysis. For each neuron in the mV4 population, we calculated the
percentage of nonzero convex and concave elements of the sparse code vector. Each neuron is
shown with a dot and when neurons have matching sparsity, a single dot is shown. This figure
demonstrates that more than a single or three curvature components contribute to V4 activations.
Moreover, the skewness in the distribution of convex components (right side histogram) confirms
previous observations of bias toward convexities in V4 neurons [19, 28].

formations is smaller compared to the fewer concave parts impacting V4 responses, compensating
for this imbalance. To evaluate this possibility, we did the following: for each neuron: we nor-
malized the sparse code vector with the maximum set at 1. Then, for each mLocalCurv map, we
took the maximum weight from the map to mV4. This process will result in a vector of length
8 corresponding to the eight local curvature maps for each neuron. Then, for the population of
mV4 neurons, we plotted the distributions of weights for each local curvature map. If weights from
concave maps were larger compared to those of convex ones, then, one would expect the concave
distributions to be shifted to larger weights. The eight distributions for the mV4 population is
illustrated in Figure 4.23. Interestingly, all distributions are relatively overlapping, except for the
one for acute convexities that peaks at one. This plot, along with that of Figure 4.22, confirms bias

toward convexities in the learned model.
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Figure 4.23: Distributions of normalized weights from mLocalCurv maps to mV4 neurons sepa-
rated according to signed curvature. overall, all distributions overlap except for the acute convex
weights that peaks at one. This plot in conjunction with results from Figure 4.22 indicate a bias
toward convexities in mV4 neurons.

4.4.6 Facilitatory versus Inhibitory Contributions

In all other models, including APC, contributions to V4 responses are limited to facilitatory ones. If
V4 neurons indeed integrate V2 responses in both excitatory and inhibitory manners, these models
neglect accounting for important contributions to V4 responses. In SparseShape, both types of
contributions are accounted for in the model and a combination of both types of effects in V4
activations are explored during learning.

In order to assess the effect of each type of contribution to mV4 responses, we evaluated those
effects in the learned weights in the sparse code vector. Specifically, similar to above, we normalized
the sparse code vector for each neuron. Then, we plotted the distribution of the sum of facilitatory
and inhibitory weights, separately for convex and concave components, for the population of mV4
neurons. These four distributions are depicted in Figure 4.24 demonstrating overlapping distri-
butions with a slight shift for facilitatory convex weights. Overlapping population distributions

indicate similar effects from both facilitatory and inhibitory contributions, suggesting that without
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Figure 4.24: Facilitatory versus inhibitory weight distributions. The distribution of facilitatory
and inhibitory contributions from shape parts greatly overlap, with a slight shift for facilitatory
convex weights, suggesting both types of contributions determine V4 responses.

taking inhibitory parts into account, our understanding of V4 shape processing is incomplete.

4.4.7 Visualizing Receptive Fields

An advantage of combining an analytically-defined model with a learning step is effortless un-
derstanding of the learned features. Visualizing the recovered receptive fields is a means to that
purpose, which helps the goal of furthering our understanding of shape selectivities in V4.

In APC and 2DSIL, visualizing the recovered RFs is not difficult. In HMAX, however, absence
of intermediate processing stages encapsulates all those layers into a single learned layer. This
procedure yields recovered receptive fields that are difficult to interpret. For example, consider
the recovered V4 receptive fields by the HMAX model in Figure 4.8. Aside from the fact that no
curvature-like combinations of C1 units were learned in some of the cells (see those denoted with
red squares), examples could be found which combination of C1 units appear difficult to interpret
in terms of curvature components (green-squared examples in Figure 4.8).

Unlike HMAX, the more abstract representation of signed curvature in the mLocalCurv layer
of SparseShape makes the task of explaining the recovered receptive fields effortless. For example,
Figure 4.25 shows an example neuron responses and its biological V4 versus mV4 response plot
along with a visualization of its recovered receptive field. One look at this RF indicate selectivity

to acute to mild convexities in the left and bottom part of the RF with neuron responses inhibited
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Figure 4.25: Responses of an example neuron and its recovered RF. (a) Responses of a mV4 cell
are shown. The shapes inside the magenta box evoke strong activations in the biological neuron.
Same shapes but rotated at 45deg inside the green box do not excite this cell. (b) Biological V4
responses plotted against mV4 responses. (¢) The recovered RF of the neuron using the proposed
approach with red and blue indicating facilitatory and inhibitory contributions. Shapes with acute
and medium broad convexities at the left and bottom part of the RF respectively, evoke strong
activations in the cell. In contrast acute and medium broad convexities in the top and right parts of
the RF inhibit neuronal responses. This RF shows a relative clustering of excitatory and inhibitory
parts raising the question of if neurons V4 neurons exhibit contiguous excitatory/inhibitory regions.
This recovered receptive field also displays that shape conformations from the spatial extent of the
neuron’s RF are combined to account for its selectivity. For example, in this RF, the distance
between two contributing components is as large as 0.75 x RF. Such long-range interactions between
shape conformations were not captured in the APC model due to fitting a single Gaussian to neuron
responses. 129
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Figure 4.26: Examples of learned receptive fields in SparseShape. In each plot, red and blue
shape parts in the RF are for facilitatory and inhibitory contributions respectively.

with appearance of acute and mild convexities on top and right parts of the RF respectively.
The recovered RF can be qualitatively verified with the biological V4 responses in Figure 4.25a.
For example, the shapes within the magenta rectangle in Figure 4.25a have two convex parts on
facilitatory positions and only one part matching an inhibitory component causing relatively strong
activations of the cell. The same shapes rotated with two convex part within the inhibitory parts
of the RF (encompassed with a green rectangle) have less success in activating the neuron. A few
more examples of recovered RFs are presented in Figure 4.26.

Looking at the recovered RF in Figure 4.25c presents an interesting observation: the contri-
butions to this neuron’s responses are from the full spatial extent of the cell. As the arrow in

Figure 4.25¢ shows, the distance between interacting shape parts is almost 0.75 x RF size. In order
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Figure 4.27: Histogram of distance of shape parts with RF of mV4 cells. The majority of mV4
cells (104 out of 109) integrate shape parts that are apart as far as three forth of the RF diameter,
suggesting V4 neurons incorporate V2 responses from the full span of their RF.

to quantify the extent of shape part interactions within the RF, we did the following: for each
neuron, we computed the distance of all pairs of contributing parts in the RF. For each cell, we
took the maximum distance among all parts and plotted the distance histogram for the population
of mV4 neurons as shown in Figure 4.27. As the figure illustrates, the majority of neurons integrate
shape parts from as far as two-third of their RF diameter. Such interactions across the RF could
not be accounted for in the APC model unless extending its representation to a nine-dimensional

space (for eight curvature parts and one angular position) and only for excitatory ones.

4.4.8 Scale Invariance

Studying V4 responses to stimuli of various sizes, El-Shamayleh et al. [29] found these cells en-
code shapes in a size-invariant manner. More specifically, they reported that V4 neurons encode
“normalized” rather than “absolute” curvature of shape parts. Figure 4.28 depicts how absolute
curvature changes with variations in shape scale with normalized curvature remaining unchanged.
They prepared a stimuli set of parametric shapes at various scales and hypothesized that if V4
cells were sensitive to shape size, their tuning peaks would shift with scale. However, if these neu-
rons exhibit scale invariance, their tuning peak would not shift with changes in scale. Examples
of schematic responses for these two hypotheses are presented in Figure 4.29. To test for the two

hypotheses, they measured the shift in tuning centroids as a function of scale. The size-dependent
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Figure 4.28: When a contour is scaled, its shape is preserved but its curvature changes. To test
whether V4 neurons are sensitive to scale or encode curvature as a size-invariant property of shape,
El-Shamayleh et al. [29] defined absolute curvature as the rate of change of the tangent angle per
unit of contour length (left) and normalized curvature as the rate of change of the tangent angle per
unit of angular length (right). These two examples show that absolute curvature is size-dependent
while normalized curvature is preserved with changes in shape scale. Figure adapted from [29].
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Figure 4.29: Predictions for selectivity to absolute and normalized curvature. (a) If representa-
tions in V4 neurons are size-dependent, then, with changes in shape scale the tuning centroids shift.
(b) A scale-invariant encoding in V4 neurons keep the tuning centroids to changes to shape scale.
(b) With the tuning centroids plotted as a function of scale, the scale-invariant hypothesis predicts
yielding a line with zero slope. The absolute curvature hypothesis predicts a non-zero slope for the
same function. Figure adapted from [29].

hypothesis would yield a non-zero slope while the slope would remain close to zero in the scale-
invariance hypothesis (See the example plot in Figure 4.29¢). For their population of neurons,

they found a notable peak around zero in the tuning centroid slope histogram. To examine if the
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observed invariance in responses could be attributed to the shift in the position of boundary con-
formation, they performed a similar experiment with only the convex shapes at various positions
within the RF. Having found the slope of the tuning centroids peak around zero for the population,
they concluded that the observed scale invariance could not be caused by the changes in position.

We performed a similar experiment on the learned mV4 cells. For this purpose, using the code
provided to us for the standard stimuli set, we constructed shapes similar to those employed by El-
Shamayleh et al. [29] and evaluated systematic shifts in tuning centroids in mV4 cells. Figure 4.30
demonstrates a few examples of mV4 neuron responses to changes in shape size. These neuron, as
is evident from the plots in Figure 4.30, exhibit scale-invariance representations. For the population
of 109 mV4 cells learned in SparseShape, we evaluated the tuning centroid slope distribution to
changes in size and position and we found that similar to biological V4 cells, our learned mV4 neu-
rons encode “normalized” rather than “absolute” curvature and are position-invariant. Figure 4.31
illustrates two histograms with peaks at zero for scale and position invariance test.

Results from this experiment are interesting in that our mV4 neurons were trained with a
single scale stimuli set. However, unlike HMAX whose responses undergo substantial changes
with variations in scale and position [249], the learned weights in SparseShape accounted for that

variation in responses of biological V4 cells.

4.5 Discussion

Our goal was to demonstrate how combining an analytical model with learning can facilitate use
of biologically-inspired models when there is an evident lack of knowledge about certain processing
aspects. To this end, we studied shape processing mechanisms in V4 and showed that by combining
an analytical model for shape processing with a simple learning method, unknown shape processing
mechanisms in this visual area could be recovered.

Despite years of research, shape processing mechanisms in particular brain areas are still an
enigma. While we know neurons in V1 are selective to oriented edges and bars and V2 cells
encode endstopping, how V4 neurons achieve their object-centered shape representations is still
unknown. To suggest a plausible processing flow of the visual signal to such encodings, we pro-

posed the SparseShape network with all the early and intermediate processing layers implemented.
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Our model and the geometrical interpretations of our model components demonstrate how com-
bining previously discovered representations, namely endstopping and side-of-figure, in the brain
are essential components for the object-centered encoding reported in V4 neurons. Removing any
of the components from this unified framework disturbs the object-centered representations. Con-
sequently, with missing components in previously introduced models, those approaches were not
successful in encoding such a representation. Additionally, combining SparseShape with a simple
learning method revealed more than what was previously discovered about V4 cells: our results
indicated contributions from multiple parts from the spatial extent of the receptive field in both
facilitatory and inhibitory manners in V4 responses. In short, an important contribution of this
work was to relax tuning priors and reveal more by revisiting data from nearly two decades ago.

Although HMAX matches our performance in correlation coefficients with biological V4 re-
sponses, due to lack of modeling intermediate processing stages corresponding to V2, their network
can be viewed as a gray-box (if not a black-box) for shape processing. Additionally, HMAX failed
to exhibit similar levels of invariance to changes in position and scale as V4 neurons [249].

Even modeling intermediate stages is not adequate when important mechanisms are absent
from a model. We demonstrated that the 2DSIL hierarchy required additional mechanisms to
incorporate global context that enable curvature sign encoding. Without such mechanisms, the
model is not complete. Moreover, we showed that the extended model, with assistance from the
learning step, could substantially improve the prediction performance compared to that of 2DSIL.

When only the processing mechanisms in V4 are the focus of research, some might behold no
added value in modeling all the stages from V1 to curvature encoding in V4. In that case, a
simple transformation of shapes to a more abstract space, such as the APC model, might suffice.
In that case, one must employ such models with care. For example, our various experiments
demonstrated that a strong prior such as fitting a single Gaussian in APC could neglect recovering
certain contributing factors such as inhibitory ones from across the RF. We investigated the effect
of loosening such priors and showed that with help from learning methods, the performance was
improved compared to that of the APC approach. Furthermore, very interesting observations about
how V4 neurons combine curvature components within their RF could be made.

We explored representational sparseness in the learned mV4 neurons. Our results all well-aligned

with the reported observations in biological V4 cells for bias toward acute convexities both in terms
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of percentage of nonzero weights and the strength of weights from each curvature component to
mV4 responses.

The SparseShape hierarchy is a step forward to further our understanding of V4 shape pro-
cessing. However, many more questions will arise in the wake of our discoveries. For example,
the facilitatory and inhibitory influence of shape parts could be further examined in biological V4
cells by adding/removing figure conformations. With object-centered encodings in V4 studying
facilitatory/inhibitory contributions by removing shape parts, which alter the representation from
a closed shape to that of an open curve, might prove difficult. However, we discussed in Chapter 3
that the RBO network could explain illusory contours. Moreover, Zhang et al. [14] explored the
effect of removing boundary parts in RBO neurons and found even when boundary fragments were
removed, the side-of-figure preference was present in border ownership responses. Perhaps in a
similar manner, the standard stimuli with Cornsweet shapes could be employed to pinpoint the
influence of parts in V4 responses. Note that such a study will be different from the one in which
V4 responses to occlusion were examined [221, 220]. In the suggested experimental design, there is
no occlusion, but absence of a parts whereas in the occlusion studies, the shape is occluded with
another form affecting border ownership and consequently shape encoding.

Our proposed model can be further improved. For example, in SparseShape, unlike HMAX, we
did not perform cross-validation for individual neurons to determine the optimal parameter (A in
SparseShape) for each cell. Other improvements with more massive modelings are also possible.
For example, adding neurons selective to texture could lend insight into joint shape and texture
processing in this area. Similarly, incorporating horizontal interactions could help in explaining the

dynamics of V4 responses. These steps are left for future work.
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Figure 4.30: Scale-invariance in responses of mV4 neurons. Each row in this figure consists of
responses of a mV4 cell to stimuli of various scales (left) and its corresponding tuning centroid slope
as a function of scale (right). In light of the two hypotheses for scale-invariance in V4 responses,
and compared to their schematic predictions in Figure 4.29, these mV4 cells exhibit “normalized”

curvature encoding.
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Figure 4.31: Tuning centroid slope distribution for the population of mV4 neurons in Sparse-
Shape. (a) Slope distribution for the scale test, (b) Slope distribution for the position test. These
histograms match those of biological V4 cells illustrated in Figure 4.31 implying scale-invariance in
the learned mV4 responses despite the training being performed on a single scale of shapes.
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Chapter 5

Conclusions and Future Directions
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5.1 Summary of Contributions

All the models proposed here were constrained to meet known biological aspects. With amazing
new discoveries about the brain, and the visual system in particular, our knowledge grows, as well
as our set of known unknowns. That being said, the existing models can be further extended or
modified to explain new uncovered processing aspects or similarly to make new predictions. The
loop between neurophysiological experiments and computational modeling, such as those proposed
in this dissertation, is both exciting and necessary. Where testing for certain hypotheses might
be costly with physiological experiments, those can be scrutinized with computational modeling.
With new physiological data available, previously introduced computational models can be tested
and adjustments can be made if necessary. In short, both methods need to go hand in hand for an
efficient maneuver to further our understanding of the brain. This dissertation was an attempt in
computational modeling with the current available knowledge and unknowns. My hope is that the
present manuscript could illustrate the importance of analytically-defined neural networks in the
loop.

In this thesis, I pursued two goals:

1. To incorporate modern neuroscience into biologically-inspired models and demonstrate how
certain representations can be implemented in a vision system in accordance to recent dis-

coveries about the brain.

2. To demonstrate that marrying biologically-inspired models with learning algorithms can ef-

fectively rectify the challenge of modeling still-unknown processing mechanisms.

The hue network and the RBO model covered in Chapters 2 and 3 were attempts toward the
first goal. The SparseShape network explained in Chapter 4 suggests that pairing analytical neural
networks with learning can reach beyond boundaries of our current findings. With these models

explained, the following contributions, repeated from the introduction, are apparent:

e Direct understanding of model features: All three models provide clear explanations
for the various components in the model and allow for an effortless interpretation of features
present in the model. For example, consider answering the question “what features are

extracted at the endstop-curvature sign layer (layer 4 in SparseShape)?” The answer to this
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question is trivial: neuron responses in this layer signal presence/absence of convex or concave

contour segments in an object-centered encoding.

e Effortless verification of contributing factors: With analytical models, the factors con-
tributing to a specific representation can be easily tested. For example, in the hue network,
we evaluated the contributions from single-opponent and multiplicative mV2 neurons to mV4
cells with a simple approach. As another example, in the RBO network, evaluating the ef-
fects of global versus local context did not require any complicated attempts. In SparseShape,
pinpointing contributing curvature components to V4 responses was effortless by simply an-

alyzing the learned sparse code vector.

e Explicit explanation of learned features: When combined with learning approaches, due
to the easy interpretation of features, the learned mechanisms are easy to understand and
explain; the visualized receptive fields in SparseShape are a testament to ease in explaining

the learned features.

In addition to the overall importance of models studied in my thesis, each hierarchy delivers its
own unique advantages in addressing specific visual processing problems. For example, in the case
of the hue network, by proposing a mechanistic computational model inspired by neural mechanisms

in the visual system:

e The contributions of each visual area LGN, V1, V2, and V4 in hue representation were

revealed.
e A plausible process for the progression of hue representation in the brain was provided.

e We suggested the answer to the question “which region in the brain represents unique hues?”
is not limited to a single brain area, which in turn could be the source of disagreement among

color vision researchers.
The RBO network:
e Is the first to combine global and local context for border ownership assignment.

e Lends detailed insight to the role each of the global and local context play in a quantified

way.
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e Eliminates the need for any built-in priors for BO assignment.

e Explains the perception of illusory contours such as the Kanizsa’s square.
Finally, the SparseShape network:

e [s the first computational model to suggest mechanisms for an object-centered representation

in model layer V4.

e Demonstrates how simple learning methodologies can be employed in an analytical neural

network allowing recovering of unknowns of visual processing in the brain.

e Suggests an approach that eliminates the need for any strong priors to recover neuron tunings

in V4.

5.2 Future Directions

This dissertations aimed at answering some questions. But along the way, many more were raised
to be investigated in the future. Possible research directions for each model are reviewed separately

below:

5.2.1 The Hue Hierarchy

The hue network can be further extended to encode lightness and saturation. Modeling double-
opponent neurons encoding color border makes it possible to combine this hierarchy with the
RBO network to represent border ownership along color boundaries. In our proposed model, mV4
responses were obtained by linearly combining single-opponent and multiplicative mV2 responses.
An important question, for which I am not aware of any physiological study or evidence, is if hue-
selective neurons in V4 combine V2 responses in a nonlinear fashion, perhaps with mutliplicative
modulations. A computational model with predictions could help an informed experimental design

for further physiological study.

5.2.2 The RBO Model

In the RBO network, we provided a detail discussion on plausibility of dorsal modulations for border

ownership assignment. This hypothesis need to be tested. For now, we assume dorsal modulations
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is one mechanism employed in the brain to encode border ownership. However, the brain is a
complex neural network with complicated and entangle neuronal connections within and between
visual areas. As such, this complex organ has a variety of mechanisms at its disposal and a subset
of those could be employed for encoding certain features, not just a single mechanism. In that
case, one need to investigate incorporating more than dorsal and lateral modulations into border
ownership assignment. For example, feedback from higher ventral areas could enhance the difference
of responses later in the time course. Additionally, in absence of dorsal modulations, for example
for color borders where colors at abutting regions of the border give rise to the same intensity,
feedback from higher ventral areas could be key to achieving border ownership assignment. One
can investigate these possibilities with an extended version of the RBO network, perhaps combined

with an extended version of the hue hierarchy, prior to any physiological study.

5.2.3 The SparseShape Network

The SparseShape network provided the first object-centered representation for modeling V4 re-
sponses. More experiments can be performed on SparseShape to evaluate its predictive power in
modeling V4 responses. For example, testing the learned mV4 responses to occlusion. Although
we studied position-invariance in mV4 responses as part of our scale-invariance experiment, an-
other study with focus on mV4 responses to translated shapes within its RF could provide better
insight. SparseShape can be further extended to model both filled/outlined shapes in mV2 and
mV4 to model V4 responses to similar stimuli. Adding texture-selective cells allow for modeling
V4 responses to joint texture and shape stimuli.

We demonstrated how learning can be incorporated into an analytically-defined neural network
to compensate for lack of knowledge. In a similar fashion, a learning step could help to account
for variability in the data, for example, those present in natural images. More specifically, the
SparseShape network can be extended with additional neuronal layers to learn natural object

shapes.

Finally, all the three models, and their extended versions, can be combined to make a bigger
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analytically-defined neural network that can better account for variations in the visual signal just

the same way our brain has combined them all in a single intriguing machine.
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Appendix A

The RBO Network Neuron Responses
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Responses of all mBO neurons in the RBO are depicted. In total, there are 16 mBO cells of

type 1 and type 3 as classified by Zhou et al. [11].
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Figure A.1: Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical and horizontal
lines. In each subplot, the set of stimuli images are shown in two rows. Responses of the neu-
rons to each pair of stimuli in each column are plotted below the column in the middle bar plot.
The bottom plot represents the normalized differences for before and after RL. In both plots in
each sub-figure, dark bars are responses after early recurrence and light bars are responses after
relaxation labeling.
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Figure A.2: Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical and horizontal
lines. In each subplot, the set of stimuli images are shown in two rows. Responses of the neu-
rons to each pair of stimuli in each column are plotted below the column in the middle bar plot.
The bottom plot represents the normalized differences for before and after RL. In both plots in
each sub-figure, dark bars are responses after early recurrence and light bars are responses after
relaxation labeling.
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Figure A.3: Example of model border ownership responses to stimuli used in the neurophysiolog-
ical experiments by [11]. Each subplot is separated from that of others by vertical and horizontal
lines. In each subplot, the set of stimuli images are shown in two rows. Responses of the neu-
rons to each pair of stimuli in each column are plotted below the column in the middle bar plot.
The bottom plot represents the normalized differences for before and after RL. In both plots in

each sub-figure, dark bars are responses after early recurrence and light bars are responses after
relaxation labeling.

172



Appendix B

Sparse Coding Optimization
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In order to learn V4 receptive fields from the stimulus-response pairs obtained from cell record-
ings, we solve the optimization problem in Equation 4.12 by solving for v and V, which -

th column forms the parameters of the i-th Gaussian. That is, the i-th column of V will be

Oizx Oizy
v, = [Mix,,uiy,Uz'zx,aizy,giyy]T, where pu; = (uiw,uiy)T and ¥; = are the mean and
Oizy  Oiyy
covariance of the i-th Gaussian. Let
1
T
B =3 5lR Dl + Al (B.1)

In minimizing F with respect to v and the elements of V, we iteratively alternate between opti-
mizing for v and the parameters of Gaussians since the derivate of one is a function of the other.
Optimizing E with respect to =y is the lasso problem [250] and we can use coordinate descent [251]
for this subproblem. In order to solve for the parameters of the Gaussians, our approach is similar
to that of parametric dictionary learning methods such as that of Ataee et al. [243]. The derivative

with respect to v;; is:

E K1 - Df
9 :ZﬁHRt i vll2 (B.2)
8Ujk- i—1 2 81}Jk
We can rewrite
IR — Diyll2 = (Re — D{ )" (Re — Di ),
where we have used short notations C(t,4) and G(i) for brevity. As a result, we have
0|[Rt — Df 7|2 0 T
= —2R:D
avjk avjk( tt 7) +
0
T(VTDt)(DtTV) (B.3)
Uik

Note that in these equations R; is a scalar while D; and v are 72 x 1 vectors. We will compute the
derivatives in the first and second terms of the equation above separately. For the first term, we

have:

9 9 72
e T __9 . .
C%jk( 2R.D; ) C%jk( 2R, ;:1 di(i)y(7)),

where we have replaced the dot product of D; and 7. Note that the derivatives of Ry, v(i), Vi, and
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d(1),Vl # k with respect to v are zero. Therefore,

0

—2R,DI~) = —2R~(k
Ovjk( +Dj ) (k)

Replacing d;(k) with Equation 4.11 gives

0

0
Foge (2RI = —2Rt~y(k>avjk(;yj C(t, k) - G(R)),

where we have used short notations for brevity. Similarly, the derivative of C(t, k) with respect to

v} is zero since the curvature maps are not functions of the Gaussian kernels, resulting in

0

5o (2RDT) = —2Rpy(k)(Y_ C(tk) -

) (B.4)

where 88Gv (]Z) is the derivative of the k-th Gaussian kernel with respect to its j-th parameter. We
J

will compute the derivative of a Gaussian with respect to its parameters later. Now, we can move
to computing the derivative in the second term of Equation B.3. In each line, the rule we have
applied from the line above will be mentioned in brackets. In what follows, tr denotes the trace of

a matrix. For the second term we have
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Ovjk

(vI'D:D

£y

)

9 (te(47D,DT )

0vj;
O (tr(+" D,DT))
(%Jk r{vyy tL/¢
P
o (tr(PH))

avjk > Z PrinHp

0 0

0

m#k
0
aTjk(Pkkak)
0
2y P — Hk;m) + By — (Hir)
m#k Uik
m#£k
0
Pkka (di(k)di(k))
Vjk
8
2" Pridi(m (dt(k))+
m#£k
2 P (k) = (d ()
ek Fuye

QZPmkdt a (dt(k))

0G (k)
2ZPmkdt ZCtk Por
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[a = tr(a) for scalar a]
[tr(AB) = tr(BA)]
[Let P =",

H = D,DI]

[Definition of tr

of a product]

[Only the k-th row and

column of H are
functions of vjj]

[Both P, H are
symmetric matrices]
[P is not a function of

Vjk]

[Since H = DD}

[di(m) is not a function

of vji]
[Taking the derivative of

dj (k)]

[Gathering sums]

[Replacing d¢(k)]  (B.5)



Substituting Equations B.4 and B.5 into Equation B.3 gives

|| Ry — DI |2 GG(k‘) 9G(k)
——————= = 2Ry C(t, k) 2)  Pordi( C(t, k)
O0vj, :LZy: 0vji; )+ Z e Z 8v]k
To further simplify this equation, note that P, = v(m)vy(k). Therefore,
O R: — D}z 0G (k)
o V() (=R +;7(m) i(m)) > C(t, k) Du;r
0G(k
- 2(K)(DF 1~ B) Y Otk o) (g g)
oy Uik
Now, we compute %GU EIZ) below and substitute those in the equation above. We will skip the index

k for the k-th Gaussian kernel for simplicity. Each Gaussian kernel is

1 — _
G(z,y) = ———rexp {2((96,3/)T — )= (2, y)" - u)} :
(2m)2 |52
Opy O
where p = (g, uy)T and Y= |~ . Ow space is two dimensional and so, n = 2. Therefore,

Oxy  Oyy

9G(z,y) {—1 T Ty—1 T 9 1

— = exp —((z,9)" —p) X ((2y)" —p)p 5-—7 =7+

on 2 O (27)2 |52

PRI SIS CRIt).

- Lex -t e — IS )T —
N (2m)2|%|2 p{ 5 (@) — ) 27 ((2,y) ,u)}x
o (-1 -
2 S = ) - )
= G(w,y) X aalu {;((x,y)T _ M)Tz—l((x’y)T _ M)}

= G(z,y) x ((z,y)" =)'z (B.7)

Before jumping to computing the derivative with respect to the covariance, as a reminder, we
have [252]:
0|1X|

= XY, (B.3)
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where | X| is the determinant of the matrix X, and also for vectors a,b and matrix X we have,

TXfl
% = *X_TabTX_T. (Bg)

Now, taking the derivative with respect to the covariance matrix, we have:

0 1

1

- — +
O% (2m)3 (53

-1

L S b O L L RV

1
1
2

maﬁ exp {_1(($7y)T _ ,Uz)TE_l((l’,y)T . M)} ‘ (Bl())

2

We will work on each of the terms in Equation B.10 separately below. For the first term, we have:

0 1 -1 0 1 1
0% (2m)F |5 (amtmip < om P
-1 10 1
= W X (277)28*2(’&2)
—1 1 1 .10
= W x (2m)2 x §|E\ 672(|Z|)
—1 1 1
= — = x(@m)z x =222 HT  [Due to Equation B.8
(@i m)? (2m)2 x 5| 72 |Z(E70)° q ]
— _711 x (27HT. (B.11)
2(2m)3 (3]}

For the second term, let B = exp { 5t (a?X"'a}, where we have used a = ((z,y)” — ). Then:

oy~ Bxaz{2(a = }
-1
= B x ?(—Z_TaaTE_T). [Due to Equation B.9] (B.12)
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Replacing Equations B.11 and B.12 back into Equation B.10 gives:

9 Gla) = exp { ()" = )5 ) - )}
-1

—— 1.1 X
2(2m)z|X|2

S IO {‘1<<<x,y>T TS ()T — m} x

(xHT+

(2m)2 |22 2
T () - () - )T
— _71 ex ;1 T T  NTy-—1 z T
= et { T T T
RS = (2,9)" = w)((@,y)" =)= [S s symmetric]
- _71G<“”’ y) x 2 = (@) = ((z,y)" - )T (B.13)

Algorithm 1 V4 RF Learning
Input:

* Sets of eight curvature maps, C(t, 1, z,y),

* V4 responses, Ry, to stimulus ¢ for all ¢ in the training set,
* Sparsity weight ~,

* Threshold &,

* Learning rate .
Output: Eight Gaussians, G(t,1,z,y; i, 2;) and the sparse code vector ~y

w; = visual field center Vi
i =1Vi
vy=1
Eoq =00
Compute D; from Equation 4.11
Brnew = Y11 3l|Be — D{ 2 + Al
while ||E01d — EneWHQ > ¢ do

for i€ {1,2,...,72} do

Y <— pold — ag—i from Equations B.2, B.6, B.7

(2

10: spew - 5391 — o ZE from Equations B.2, B.6, B.13
11: end for

12: Update Dy from Equation 4.11

13: Learn v with coordinate descent

14: Eolq < Ehew

15 Bnew < Y1y 3llBe = Dfyll2 + Al

16: end while
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