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Studies in neuroscience inspired progress in the design of artificial neural networks (ANNs) and vice versa ANNs
have also started to provide new insights into the functioning of brain circuits. So far, the focus has been on how ANNs
can help to explain the tuning of neurons at various stages of the visual cortical hierarchy. However, the role of modulatory
feedback connections, which play a role in attention and perceptual organization, has not been tested yet. Here, we present
a biologically plausible neural network that performs scene segmentation and can shift attention using modulatory
feedback connections from higher to lower brain areas. The model replicates several neurophysiological signatures of
recurrent processing. Specifically, figural regions elicit more neuronal activity in model units than the background. The
modulation of neuronal activity by figure and ground occurs at a delay after the first feedforward response, because it
depends on a loop through the higher model areas. Importantly, the enhancement of the figural response is controlled by
object-based attention, which stays focused on the figural regions and does not spill over to the adjacent background, as
observed in the visual cortex. Our results indicate how progress in deep learning can be used to garner insight into the

recurrent cortical processing for scene segmentation and object-based attention.

Introduction

Objects are the building blocks of our perception: we
perceive a visual scene as a layout of objects in the physical
space (O’Craven et al., 1999). We tend to focus on one object
at a time when scanning a visual scene with our eyes. This
process, called object attention, is essential to organize our
visual information and to interact with the external world
(Behrmann et al., 1998; Duncan, 1984; Kramer et al., 1997).
Object attention is indeed the mechanism through which
our brain identifies the portions of the scene that belong to
an object and segment them against the background, and
process each object with the higher spatial detail that is
needed to e.g., grasp and manipulate it (Roelfsema, 2006;
Roelfsema & Houtkamp, 2011).

Although they appear entirely effortless to us, object
identification and attention in the primate visual system rely
on intensive computations in a hierarchy of cortical regions.
The retinal input reaches first the primary visual cortex (V1)
with neurons that have small receptive fields (RFs) and are
tuned to simple features. Information is propagated through
feedforward connections to higher-order regions in the oc-
cipital cortex (areas V2 and V4) and then to inferotemporal
(IT) and frontal (FC) cortices (van Essen et al., 1992). In
higher areas the neurons become selective to more complex
features (e.g. object parts) and have larger receptive fields.

However, feedforward connections are only half of the
story (Kar et al., 2019). After reaching the higher visual ar-
eas, visual information is also carried back to the lower areas
through feedback connections (Felleman & van Essen, 1991)
(Fig. 1A). Whereas feedforward connections drive the early
response of neurons and shape neural selectivity, feedback
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connections modulate the level of sustained neural activity.
Feedback connections enhance the neuronal activity elicited
by relevant figural regions over the activity elicited by the
background, a process called figure-ground modulation
(Poort et al., 2016). Furthermore, feedback connections me-
diate the influence of top-down attention that amplify neu-
ronal activity elicited by task-relevant objects (Roelfsema,
2006; Spitzer et al., 1988; Vecera & Farah, 1997).

At first sight, many of these neurophysiological observa-
tions may seem disconnected, because previous studies fo-
cused on only one or a few of these feedback influences (Ca-
randini et al., 2005). We therefore sought to integrate these
findings into a coherent framework, capitalizing on the re-
cent advances in the development of artificial neural net-
works (ANNs) (Serre, 2019).

State of the art ANNs can achieve human level perfor-
mance on many complex visual tasks, ranging from object
classification to segmentation (Serre, 2019). Similar to the
brain, an efficient neural architecture to segment objects
from the ground in ANNs rely on two different paths: 1) a
feedforward direction, comprising a hierarchy of layers (i.e.
the homologous of brain regions) whose units (i.e., the ho-
mologous of visual neurons) have increasingly larger RFs
and 2) a second opposite direction, mirroring the feedfor-
ward stream and marginally inspired by top-down feedback
connections in the brain (Ullman, 1995), where the hierar-
chy is reversed and units have decreasing RFs along the path
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networks have shown a
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2015; Yamins et al.,

2014). However, their bi-

ologically plausibility is

limited: a key difference

with the brain, common

to all networks, is that

feedback are always ei-

ther totally independent

from feedforward information (e.g. (Hong et al., 2015)) or
multiplicatory (e.g. (Lei et al., 2021)). Feedback in these
models would have a stronger impact on the activity of units
than what observed in real neurons, where feedback are
weaker, merely modulatory, and subtractive rather than
multiplicatory (Poort et al., 2012, 2016; Roelfsema et al.,
2002; Self et al., 2012).

Thus, it remains unclear whether modulatory feedback
are enough to explain object segmentation by attention or
not. In the latter case, our understanding of the role of feed-
back in the brain would need to be revised. To answer this
question, we built a biologically inspired ANN and examined
if it can explain the interaction between figure-ground seg-
regation and selective attention that is observed in the visual
cortex of monkeys (Poort et al., 2012) based solely on modu-
latory feedback. Our network comprised several areas mod-
eled after the brain regions involved in object processing —
denoted here with an ‘m’ suffix - from V1m to FCm (Fig.
1B). We included both a feedforward path, driving the activ-
ity in successively higher areas for object identification, and
a feedback pathway that modulated neuronal activity (Fig.
1C) aiming to highlight the figural image regions when they
were attended.

The model produced an accurate segmentation of at-
tended objects by increasing the firing rate of image ele-
ments in V1m that represent the relevant figure at a high
spatial resolution, whereas the activity elicited by nearby
background elements was suppressed, just as is observed in
the visual cortex of monkeys (Poort et al., 2012; Self et al.,
2019). Moreover, our model independently evolved several
tuning signatures that mimicked key neurophysiological ob-
servations (e.g. orientation tuning and surround suppres-
sion) and offered us the chance to gain novel insights on the
properties of visual neurons.

Materials and Methods
Model Architecture

Figure 1B gives an overview of the model. The architecture was inspired
by the decoupled deep neural network (Hong et al., 2015) that performs se-
mantic segmentation, i.e. the task of assigning an object class to every pixel
of the input. The architecture introduced by Hong and colleagues (Hong et
al., 2015) achieved this by first mapping pixels into object classes in a feed-
forward network. It then selected one of the classes at a time for a given
image, and retrieved the pixels belonging to that class in an additional feed-
forward network that mapped classes back onto pixels. Hence, this ANN
carried out an object-based attention task in a feedforward network. Our
model, instead, used feedforward and modulatory feedback connections
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Figure 1: A neural network to model the primate visual cortex.

(A) Hierarchically organized visual cortical areas that perform increas-
ingly complex transformations of the visual input. V1 registers the infor-
mation coming from the retina. Downstream regions (V2, V4) further pro-
cesses information and object-selective neurons in IT identify the ele-
ments in a scene and send this information to the frontal cortex (FC) that
represents behavioral goals. Frontal cortex sends attentional signal
through feedback connections that modulate the activity of earlier brain
regions, resulting in the segmentation of task-relevant objects at a high
spatial resolution. (B) In the model, the stimulus enters in area V1 (V1m)
and feedforward connections (solid arrows) activate downstream re-
gions that classify the objects. The network can select one of the object
classes and use feedback connections for class-specific object segmen-
tation in Vim. (C) The pattern of connections between Vim, V2m and
V4m. The network contains units that participate in propagating infor-
mation in the feedforward direction (red) and other units (blue) that prop-
agate information in the feedback direction. The signal flowing in the
feedback direction is based on a comparison (subtraction) of the activity
of feedforward and feedforward units.

and can therefore give insight into the different phases of activity of neurons
in the visual cortex.

Feedforward pathway

The interactions between the feedforward and feedback pathway en-
sured that the feedback from the selected shape in FCm modulated the ap-
propriate units at the low-levels. A 12x1x1 layer encoded the object that
should be attended (the “attend” label in Fig. 1B). This was multiplied (ele-
mentwise) with the classification vector from the feedforward pathway. A
series of fully connected layers were then used in the feedback pathway that
mirrored the feedforward pathway, followed by a “deconvolution” (trans-
posed convolution) layer that produced output with dimensions of 100x7x7.
This output was then concatenated with the corresponding 100x7x7 layer
of the feedforward to produce a 200x7x7 tensor, which was passed to a 1x1
convolution reducing the tensor back to 100x7x7.

Each unit in the feedforward pathway had a corresponding (deconvolu-
tional) unit in the feedback pathway in V1lm, V2m and V4m. Feedback con-
nections did not drive units in these areas but they could only modulate the
feedforward response, in accordance with the effects of attention in the
brain (e.g. (Self et al., 2012)). In our model the modulatory feedback inter-
action was implemented as:

b; = max(0, a;(zi+1 + B))

where q; is the firing rate (non-negative) of a feedforward neuron in layer
i,z;,, is the feedback received from a higher layer (via a strided convolu-
tion), B; is a learned parameter, and b; is the activity of a unit of the feed-
back pathway. The “pure” feedback signal, propagated to the next layer, is
the difference between the activity of the feedforward and feedback unit:

¢ =b—a;

Stimulus sets

Based on the MNIST dataset (LECUN & Y., n.d.), we created an
augmented stimulus set SegMNIST (Fig.2). The new stimulus set makes the
MNIST set more challenging and cast it as an object localization task, where
the relevant shape can be outside the center of the image. The size of the
image was increased to twice the size of the MNIST image (56x56 pixels
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instead of 28x28) and MNIST digits were translated, scaled, and positioned
on top of a texture. We also added squares and rectangles at different
rotation angles. We applied two textures types, Gaussian white noise
(spatially IID) and oriented line textures as those used in monkey
experiments on texture segregation (Poort et al., 2012; Self et al., 2012).

Training of the feedforward and feedback pathways

The feedforward pathway was trained on classifying the objects in the
textured and expanded SegMNIST stimuli using Adam (Kingma & Ba, 2015)
with learning rate of 0.001, L2-regularization (weight decay = 0.0005), and
as loss a sigmoid combined with binary cross-entropy (pytorch’s
BCEWithLogitsLoss) in 2,500 epochs (batch size = 1024). There were 12
classes: square, rectangle, and the 10 digits, and one to three objects in each
image. The task of the network was to determine which object classes
appeared in the stimuli. We trained the feedback pathway once the weights
of the feedforward pathway were fixed. The feedback pathway was trained
on object segmentation using Adam (Kingma & Ba, 2015) with learning rate
of 0.001, L2-regularizations (weight decay = 0.0005), and as loss a sigmoid
combined with binary cross-entropy (pytorch’s BCEWithLogitsLoss) in
2,500 epochs (batch size = 256). The network was trained using one GPU.

Simulating the activity propagation in Vim

In order to evaluate the dependence of the attention modulation on the
feedforward activity, we allowed the feedforward activity to propagate to
different number of layers. In this way, we simulated the feedback
modulation as the feedforward activity propagated along the network
(Fig.3). We simulated a single feedforward pass and a single feedback pass
and we did not model recurrence. We aimed to simulate a subject that is
waiting for a stimulus to appear and expecting (i.e. attending) a specific
shape. We started a trial in the simulation by first presenting the activity
level when presenting a white noise stimulus to the network, with the
attention state (the to-be-selected shape) already set. We then presented the
stimulus which propagate ¢ layers, where ¢ corresponds to the number of
simulated time steps. We repeated the same procedure with 1,000 different
stimuli (attending to either figures or digits) and average the obtained
responses. Time-courses showed in Figure Errore. L'origine riferimento
non ¢ stata trovata.B and Errore. L'origine riferimento non ¢ stata
trovata.D were smoothed with a 3™ order Savitzky-Golay filter.

RF position and tuning of network units

To examine the tuning network units to space, orientation, border-
ownership and shape as well as surround suppression, we monitored their
activity while varying the stimuli systematically, as would be done in
electrophysiology experiments.

We computed the RF of each unit using a light-spot mapping (e.g.
(Poort et al., 2016)). In brief, we recorded responses from a set of ON and
OFF stimuli, where a single pixel was either white (ON) or black (OFF)
against a gray background. We reconstructed the spatial RF of the neuron
and determined the RF center, as the mean position of the most influential
ON and OFF pixels.

We determined orientation tuning with full-contrast Gabor gratings
with 8 different orientations (22.5 degrees apart), 3 wavelengths (2.5, 5 and
10 cycles per stimulus) and 8 phases (45 degrees apart). Following (Williford
& von der Heydt, 2016), the orientation tuning index (OI), going from 0 (no
tuning) to 1, was defined as following:

Rpref - Rorth
Rpref + Rorth

Where R, Was the response to the preferred orientation, wavelength
and phase, and R,,;;, was the response to the orthogonal orientation with
preferred wavelength and phase.

To measure surround suppression, we recorded responses from a set of
Gabor patches with increasing sizes (2 pixel steps). We centered the patch
on the RF and used the preferred combination of orientation, wavelength
and phase. The surround suppression index (SSI) varies between 0 (no
suppression) and 1 and was computed as follows:

Rpref - Rfull
Rpres + Rpuu

Where R, was the response to the preferred size and Ry, was the
response to a grating that filled the entire image.

To measure border ownership tuning we placed the edge of a square on
the center of the RF of each neuron. The squares had 64 possible

Ol =

SSI =
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orientations  (5.625  degrees  apart), three different sizes
( Preferred size,2 X Preferred size,4 X Preferred size ) and two
possible sides (i.e., square on the right or on the left). As in (Zhou et al.,
2000), the border-ownership index (BOI), going from 0 (no selectivity) to 1,
was defined as follows:

BOI = Rsame - Rdiff
Rsame + Rdiff

Where Rgqm, is the response to the preferred stimulus, and Ry was
the response to the stimulus having the same properties of Ry, (i-e.,
square size, orientation and contrast polarity) but was on the opposite side.

To determine shape selectivity, we used 2,000 stimuli with a single
object. We averaged the activity across each shape and quantified shape-
selectivity as the sparsity of the distribution. Following (Zoccolan et al.,
2007), the shape index (SI), going from 0 (no selectivity) to 1, computed as

following:
sy 1
st = [1—23}?%1/[1—(5)1
(QRNEPY
Where R; is the response to it" class and 12 is the number of classes.
Finally, we generated a visualization of each unit’s tuning with an ANN
feature visualization method (e.g. (Olah et al., 2017)). Contrast and
luminosity in the images in the main figures have been slightly changed to
enhance visualization, the original ones are visible in the Github page of the
project (see below).

Code availability

Model and analyses were implemented using custom Python code and
NumPy (van der Walt et al., 2011), SciPy (SciPy.org) and PyTorch (Paszke
et al., 2019). The code to generate the stimuli is available at the SegMNIST
Github repository: . The code
to train the model and reproduce the results is available at the Github
repository of the project: [available upon paper acceptance].

A Google Colab of the project to explore the model results and all the
individual units is available at:

Results
Modulatory feedback connections achieve accurate seg-
mentations of attended objects

We trained an ANN to recognize and segment the digits
0 through 9, squares and rectangles in display with a
background of texture elements. First, we trained the
feedforward path of the network to recognize these shapes.
Then we trained the feedback pathway to attend and
segment one of the shapes from the background. In this
training phase, we used a task that was inspired by (Poort et
al., 2012), who trained monkeys to either detect texture-
based figures or to perform another task in which they could
ignore the texture-defined figures.

A few examples of the stimuli and model
segmentations are shown in Fig. 2. As evident, the stimuli
(left column) were particularly challenging, since the edges
of the objects were easy to mix with the line texture in the
background. Despite the clutter in the stimuli, the
feedforward path of the model could lead to a near-perfect
prediction in FCm of the amount and the classes of the
objects in the image (mean absolute error (cross validated)
= 0.023 - ranging between 0 (all objects correctly classified
in each image) and 12 (none of the objects correctly
classified in each image)).

Also, the activity propagating backwards from FCm to
modulate the response of the units in lower regions, could
lead to highly accurate segmentations (left columns in Fig.
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Figure 2: Modulatory feedback achieve highly accurate segmentations of attended objects in clut-

tered stimuli.

Examples of eight stimuli and the corresponding segmentations achieved by the model. Each row shows
one example stimulus and the segmentation generated by the model when instructed to attend to a specific
object class (blue: background, yellow: segmented object). The segmentations are accurate, demonstrating
that modulatory feedback connections are sufficient to enable a precise interaction between attention and

figure-ground segmentation.

2; yellow: regions labeled as the attended object; blue:
regions labeled as background) of one attended object class
in the image (mean pixel-wise absolute error (cross
validated) = 0.0015 - ranging between 0 (all object pixels
correctly segmented in each image) and 1 (none of the object
pixels correctly segmented in each image). These results
demonstrate that attentional modulatory feedback are a
theoretically sufficient explanation of the behavior observed
in monkey.

We next compared the sequence of activations in the
model to the neurophysiological results of (Poort et al.,
2012). That study revealed that the response of neurons in
V1 depends on whether the RF fell on a texture-defined fig-
ure or background and also on its behavioral relevance, i.e.
on attention. The task of the monkey was to attend either a
square figure (visually identical to the stimuli fed to our net-
work and shown in Fig.2) or to perform another task in
which they would ignore the square (i.e. mentally tracking a
curve far away from the square). Their main results are sum-
marized in Fig. 3A, showing the time-course of the response
of V1 neurons when their RF was on the square figure (red),
which was much larger then the neurons’ RF, on the ground
(blue) or on the edge between figure and ground (black): on
top, the V1 response while the monkey was attending the
square figure (“attend: square”) while on the bottom, the re-
sponse while attending away, i.e. a curve far from the square
figure (“attend: away”). Around 40ms after the presentation
of the stimulus, feedforward activations drive the V1 neu-
rons. During this early response phase, their activity depend
on the visual information in the RF, and after a short addi-
tional delay the activity of neurons with a RF on the edge
between figure and ground is enhanced over the activity of
neurons with an RF on the background. During a later re-
sponse phase, around 100ms after the stimulus onset, the

Papale et al. 2023 (preprint)

Attend 1

activity by image elements that
belong to the center of the figure
start to be also enhanced over
the activity elicited by back-
ground elements. Finally, ap-
proximately 200ms after onset,
the influence of attention to the
figure (Fig. 3A, top) kicks in. Be-
havioral relevance causes a fur-
ther enhancement of the activity
of V1 neurons with a RF on fig-
ure region, compared to when
monkeys ignored the figure
(Fig. 3A, bottom, note the dis-
tance between black and red
traces).

We next examined the ac-
tivity of V1m units of the feed-
back pathway in the trained
network (Serre, 2019). We ex-
amined the influence of time,
by propagating the activity in
the feedforward and feedback
directions by one connection at
a time. VIm units showed similar dynamics as those ob-
served in area V1 of monkeys. The model units exhibited a
first, transient peak response that was elicited by the appear-
ance of texture elements in the RF (Fig. 3B). The early re-
sponse elicited by the edge (black in Fig. 3B), was higher
than that elicited by the figure (red) and ground (blue) and
the response elicited by the figure was also enhanced com-
pared to the ground. At a later phase, attention to the tex-
tured square enhanced the activity evoked by the figure fur-
ther (Fig. 3B, top), compared to when attention was directed
to one of the digits (Fig. 3B, bottom). The influence of atten-
tion on neuronal activity in the model feedback pathway was
stronger than in monkey V1. However, the order of the ef-
fects of figure-ground organization and attention was similar
to that in monkey V1.

Also, not just the overall time-courses of response were
similar, but also the unfolding of figure-ground modulation
(i.e., the difference between activity in figure and ground) in
time followed an analogous pattern. In Fig. 3C, D, as in the
panels above, the effect is shown separately for the two dif-
ferent attention conditions (i.e. “square” or “away”), only
this time the square stimulus in each trial was placed in dif-
ferent positions relative the RFs of either V1 neurons (Fig.
3C) or V1m units (Fig 3D). The difference between the two
attention conditions is evident both in monkey V1 and in the
model: while response to the borders is enhanced early after
the stimulus onset, the enhancement of the figure occurs
later, when top-down feedback kicks in.

Attend: Sluare

Attend: 8

Tuning of units in the feedforward and feedback paths of
the network

Given the similarity between the dynamics of activity in
V1m and monkey V1, we investigated the tuning of units,
following the same procedures used when studying real


https://doi.org/10.1101/2023.01.19.524712

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.19.524712; this version posted January 20, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Modulatory feedback explain object segmentation by attention

Vim
Attend: Square

A

V1 (Poortetal, 2012)
Attend: Square

o
n
o
n

Stimulus onset

Normalized activity
Stimulus onset
Normalized activity

=]

Figure 3: Vim evolves figure-ground modula-
tion by selective attention as observed in mon-
key V1

(A) Activity of V1 neurons from the study of Poort
et al, in which macaques were cued to either de-
tect texture-based square figures (top) or to per-
form another task in which they did not attend the
figures. V1 activity depended both on texture ele-
ments falling in RF (part of the figure, the ground
or the edge between figure and ground) and atten-
tion. There were three different phases of activity:
a first transient response (top, left arrow), a later

11

Attend: Away (curve) Attend: Away (digit)

phase in which figures elicited more activity than
grounds (middle arrow) and an even later phase
in which attention increased the figure response
(right arrow). (B) Response of feedback units in
Vim when attention is directed to the figure (top)
or to one of the digits (bottom). The successive
time steps were simulated by propagating the ac-
tivity of the units one connection at a time. Dashed
regions represent SEM (across 1,000 stimuli).
(C,D) Space-time profile of figure-ground modula-
tion (FGM: difference between figure and back-
ground response) for V1 neurons when attending
to the figure (C, top) and when attending away (C,
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neurons. For each of the units in the three lowest areas
(V1m, V2m and V4m) of our model, we computed the degree
of selectivity to many stimulus properties that are common
in the primate visual system (Fig. 4A-B) and we also evolved
an image (image insets in Fig. 4C, D) to show the stimulus
preferred by each different unit (Bashivan et al., 2019; Papale
et al., 2021; Walker et al., 2019). Indeed, neurons in the
visual cortex are selective for the orientation of edges inside
the RF (a schematic of typical responses is shown in Fig. 4A,
left). This tuning relies to a large degree on the selectivity of
feedforward connections to V1 (Chung & Ferster, 1998; Jin
et al., 2011; Lien & Scanziani, 2013). For each unit, we also
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bottom) and for Vim neurons (D, top: figure: bot-
tom: away).

quantified the tuning (i.e. the orientation
index (OI): see Methods) using stimuli
with different orientations centered on the
RF of the units, and then considering the
relationship between the response to the
preferred orientation and that to the
orthogonal orientation. Most units in our
model also exhibited tuning to the
orientation of image elements (Fig. 4C, D,
blue).

Another common property of visual
neurons is surround suppression (Fig. 4B,
red), i.e. the evidence that elements in the
surround of the RF can suppress the
activity of a neuron. This property is the
result of the influence of the activity of
both nearby neurons, in the same cortical
region, and top-down feedback from
neurons in higher regions (Angelucci et
al., 2017; Bijanzadeh et al., 2018). Some of
the units in our model showed surround
suppression (Fig. 4C-E, red), that we
quantified considering the relationship
between the response to a stimulus of the
preferred size, centered on the RF of each unit, and the
response to a stimulus covering the whole image (surround
suppression index: SSI).

A property of visual neurons that has been more
directly linked to figure-ground perception and to the role of
top-down feedback is the coding of border-ownership (Qiu
etal., 2007; Williford & von der Heydt, 2016). In most natural
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Figure 4: Artificial neurons show tuning properties similar to real neurons

(A) Schematic of typical responses of tuned selective neurons. Left: feedforward driven orientation tuning. Right: feedback driven border-ownership
selectivity. (B) Schematics of the tuning of typical V1 neuron responses. From left to right: orientation tuning, surround suppression, border-owner-
ship and tuning to more complex shapes. (C) Representative examples of the selectivity of feedforward (rows 1,3) and feedback model units (rows
2,4) in Vim and (D) in V2m. (Ol: orientation-index: SSI: surround suppression index; BOI: border-ownership index; CSI: class-shape-selectivity
index). (E) The impact of feedback modulation on neural selectivity is represented by a same example V4m neuron in either feedforward or feedback
path.
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images, boundaries belong to a figure that is seen as
occluding a background. Border-ownership tuning means
that neurons are selective for the figural side of boundary: a
schematic of the response of a typical border-ownership
neuron is shown in Fig. 4A (left) To quantify the degree of
border-ownership selectivity (BOI), these responses can be
averaged and plotted against the corresponding stimulus
features, as shown in the schematic in Figure 4B (yellow).
Despite its more direct role in segmentation, none of the
units in our model showed border-ownership selectivity
(Fig. 4C-E, yellow): a unite selective for border-ownership
would show a different response when their RF is placed on
the edge between figure and ground that is dependent on the
side of the figure. However, the units in our model show an
identical response when the figure is either on one side or
the opposite.

Finally, we investigated the tuning to shape classes: a
form of selectivity that is more common in neurons in higher
regions, that tend to respond more strongly when a specific
shape is present, irrespective of low-level differences such as
orientation or view-point (Zoccolan et al., 2007). Some of the
units in our model showed shape tuning (Fig. 4C-E, green),
computed as the sparseness of the distribution of their
average response to stimuli belonging to the 12 different
shape classes (shape-class selectivity index: CSI).

Of note, all the tuning properties for all the units in our
model can be explored in a Google Colab:

The influence of feedback connections on the tuning of
units at different network levels

Therefore, we tested more systematically the difference
between the degree of selectivity in the feedforward and in
the feedback path in each region. Figure 5 shows the
population distributions of selectivity to orientation (blue),
surround suppression (red) and object shape (green) in Vim
to V4m in both feedforward and feedback paths. In V1im,
surround suppression in the feedback pathway was stronger
than in the feedforward pathway (p < 0.01, Bonferroni
corrected, Wilcoxon signed rank test; Fig. 5A), whereas
orientation tuning and shape selectivity did not differ (both
ps > 0.05, Bonferroni corrected, Wilcoxon signed rank test),
while the RF size increased (p < 0.001, Bonferroni corrected,
Wilcoxon signed rank test). In V2m, surround suppression
and shape-selectivity were stronger in the feedback pathway
(both ps < 0.001, Bonferroni corrected, Wilcoxon signed
rank test; Fig. 5B) with no difference in orientation tuning (p
> 0.05, Bonferroni corrected, Wilcoxon signed rank test),
while the RF size increased (p < 0.001, Bonferroni corrected,
Wilcoxon signed rank test).. In V4m, shape-selectivity was
stronger in the feedback pathway (p < 0.001, Bonferroni
corrected, Wilcoxon signed rank test; Fig. 5C), orientation
tuning was of similar strength (both ps > 0.05, Bonferroni
corrected, Wilcoxon signed rank test), surround suppression
was weak in both paths and no significant difference in the
RF between the two paths was observed (p > 0.05,
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Bonferroni corrected, Wilcoxon signed rank test; note that
the RF size across areas was different by design)..

In all regions, however, we found the modulation to
determine a positive shift in learned weights (all ps < 0.001,
Bonferroni corrected, Wilcoxon signed rank test). Finally,
we found no significant correlation between different tuning
properties neither in feedforward nor in feedback areas
(Pearson’s correlation: all ps > 0.05, Bonferroni corrected, t-
test), meaning that we observed no relationship between, for
instance, being selective for a particular object shape and the
amount of surround suppression.

Discussion

In this work, we built a biologically inspired ANN
implementing a model of the primate object processing
pathway, composed of a driving feedforward path and a
modulatory feedback path. We demonstrated that this
simple but biologically plausible architecture can integrate
selective attention to solve with high accuracy a complex
object segmentation task on cluttered stimuli, relying solely
on modulatory feedback.

We also compared the activity of model units to the
responses of neurons in the visual cortex of monkeys, and
we found that it replicated many key neurophysiological
findings. Interestingly, the model was able to reproduce the
spatial profile of the segmentation result, with a strong
enhancement of the representation of image elements at all
figural locations compared to background, even though the
image elements of figure and ground were, on average, the
same.

The time-course of activity of model units in Vim
resembled the time-course of response of V1 neurons.
Activity started with a transient response, followed by
figure-ground modulation and the influence of attention
was expressed at an even later time-point, because
feedforward processing had to reach FCm, which then had
to reach back to Vlm. The delayed attentional influence is
in accordance with neurophysiological evidence about
comparable top-down influence (e.g., (Bichot et al., 2015,
2019; Moore & Fallah, 2004; van Vugt et al., 2018)). The
attentional influence in V1m was stronger than in monkey
V1. A likely reason for this difference is that our model was
only trained on a binary segmentation task, whereas V1 of
animals contributes to many more tasks (Roelfsema & de
Lange, 2016).

Interestingly, many of the properties of neurons in the
visual cortex were shared by the model, including
orientation tuning, surround suppression and shape-
selectivity. Furthermore, there were interesting differences
between tuning in the feedforward and feedback pathways.
For example, the degree of orientation tuning was similar in
the two pathways, but RFs were larger in the feedback
pathway, given the contribution of units in higher areas with
larger RFs. It was also interesting to observe that shape
selectivity was higher in the feedback pathway in V4m and
V2m, indicating that the identity of objects was carried back
from higher regions (ITm and FCm) through feedback
connections. These results provide insight into why object
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Figure 5: Modulatory feedback reshape feedforward tuning
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class can be decoded from the activity of early visual neurons
in the primate brain (e.g., (Muckli et al., 2015; Papale et al.,
2019, 2020, 2021; Williams et al., 2008)).

Surround suppression was strongest in the feedback
pathway although this property was less common than in V1
of animals (Jones et al., 2001). Again, there are multiple
possible reasons for this discrepancy. For example, the
model did not include horizontal connections so that
surround suppression was mediated by feedback only,
whereas horizontal connections in the visual cortex of
animals are thought to contribute to surround suppression
(Adesnik et al., 2012).
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A surprising result in our analyses was the lack of border-
ownership selective cells in our model. A previous study
used cloned Markov random field model in a similar setting
as ours (Dedieu et al., n.d.), parsing MNIST digits on a
background with distracting image elements. This model
using a number of computational mechanisms, including
“cliques” and “query training”, that do not translate as easily
into neurobiological mechanisms as the model units and
training curriculum used here. Interestingly, units in
(Dedieu et al., n.d.) did exhibit border-ownership. Although
we did not carry out simulations to explore the differences
between models in detail, an interesting possibility is that


https://doi.org/10.1101/2023.01.19.524712

bioRxiv preprint doi: https://doi.org/10.1101/2023.01.19.524712; this version posted January 20, 2023. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission.

Modulatory feedback explain object segmentation by attention

this previous study included horizontal connections and was
able to disregard spurious contours from shapes that are
caused by the occlusion of overlying shapes. Hence, it is
reasonable to believe that border-ownership might be
crucial to recognize occluded objects, a condition that we did
not explore .

As a matter of fact, many complex visual tasks have been
solved with ANNs that were only barely inspired by brain
mechanisms. Moreover, recent work has showed that some
form of object segmentation can be retrieved from internal
representations in very deep feedforward models (Seijdel et
al., 2020). Thus, while our model evolved brain-like
mechanisms, it is possible that similar mechanisms can be
observed with different, not brain inspired architectures.
However, mounting evidence show that brain-like
mechanisms can improve the performance of ANNs in
several ways. Incorporating feedback not only leads to
higher similarity with brain representations (Kietzmann et
al., 2019; Kubilius et al., 2018) but increases classification
accuracy and noise resistance (Jarvers & Neumann, 2019;
Yan et al, 2019), while integrating also horizontal
connections is critical to solve complex perceptual grouping
tasks (Kim et al., 2019; Linsley et al., 2018). This evidence
shows that biological plausibility can indeed lead to better
artificial models, calling for an increased collaboration
between the neuroscience and artificial intelligence (Doerig
etal., 2022).

Previous studies implemented similar, but simpler,
models by assembling hand-crafted functions derived from
neurophysiological evidence, leading to a limited set of
applications (Poort et al., 2012; Roelfsema et al., 2002). Our
model, instead, presents a remarkable advancement with
respect to these previous models, as it solved a much harder
segmentation task by learning and developing internal
representations similar to what observed in the primate
brain, without explicitly modeling them. A more similar
work to ours is represented by the model of (Lei et al., 2021),
which is based on a similar architecture and that can also
solve complex segmentations. Our work, however, goes one
step further in testing the role of modulatory feedback, by
implementing a biologically plausible form of top-down
feedback and it also provides a direct comparison of the
effect of these feedback on the tuning of units, thus
providing novel falsifiable findings about the visual system
that can be tested in future neurophysiological experiments.

Overall, we demonstrated that modulatory feedback can
produce accurate object segmentations of attended shapes.

Future work, using ecological stimuli, will further test if
the same architecture can also capture known behavioral
(Fowlkes et al., 2007; Neri, 2014, 2017; Zuiderbaan et al.,
2017) and neural (Hesse & Tsao, 2016; Papale et al., 2018;
Williford & von der Heydt, 2016) signatures of object
segmentation in natural vision, and further versions of our
model will also improve biologically-plausibility by testing
for the role of horizontal modulatory connections and using
brain-like learning rules (Pozzi et al., 2020)
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