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Abstract
Object-basd visual attention marks a key process of mammalian perception. By which
mechanisms this process is implemented and how it can be interacted with by means of
attentional control is not completely understood yet. Incremental binding is a mechanism
required in demanding scenarios of object-based attention and is experimentally well
investigated. Attention spreads across a representation of the visual object and labels
bound elements by constant up-modulation of neural activity. The speed of incremental
binding was found to be dependent on the spatial arrangement of distracting elements
in the scene and to be scale invariant giving rise to the growth-cone hypothesis. In this
work, we propose a neural dynamical model of incremental binding that provides a mech-
anistic account for these findings. Through simulations, we investigate the model proper-
ties and demonstrate how an attentional spreading mechanism tags neurons that partic-
ipate in the object binding process. They utilize Gestalt properties and eventually show
growth-cone characteristics labeling perceptual items by delayed activity enhancement of
neuronal firing rates. We discuss the algorithmic process underlying incremental binding
and relate it to our model computations. This theoretical investigation encompasses com-
plexity considerations and finds the model to be not only of explanatory value in terms
of neurophysiological evidence, but also to be an efficient implementation of incremen-
tal binding striving to establish a normative account. By relating the connectivity motifs of
the model to neuroanatomical evidence, we suggest thalamo-cortical interactions to be
a likely candidate for the flexible and efficient realization suggested by the model. There,
pyramidal cells are proposed to serve as the processors of incremental grouping informa-
tion. Local bottom-up evidence about stimulus features is integrated via basal dendritic
sites. It is combined with an apical signal consisting of contextual grouping information
which is gated by attentional task-relevance selection mediated via higher-order thalamic
representations.

Author summary
Understanding a visual scene requires us to tell apart visual objects from one another.
Object-based attention is the process by which mammals achieve this. Mental processing
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of object components determines whether they are compatible to the overall object and,
thus, should be grouped together to be perceived as a whole or not. For complex objects
exhibiting great variability in the spatial arrangement of feature compositions, or for
complex, ambiguous scenes, this processing needs to progress serially, determining the
compatibility step by step. In this work, we propose a neural model of such processes
and try to answer the question of how it might be implemented in the brain. We test
the model on a case of object-based attention for grouping elongated lines and com-
pare it to the available experimental evidence. We additionally show that the model not
only explains this evidence, but it does so also by making efficient use of neurons and
connections—a property likewise desirable for brains and machines. Together, these
findings suggest which brain areas might be involved in realizing object-based attention
and how to reason about the complexity of this computation.

1. Introduction
Visual cortex is recruited for a variety of tasks, such as searching a scene for the presence of
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an object, visual tracking of moving objects, or making visual comparison judgments. Many
of these tasks are based on seemingly effortless perception that relies on processes operat-
ing in parallel. The visual system can employ different processing strategies during different
temporal phases of processing [1]. Object recognition can work rapidly, oftentimes relying
on detecting learned patterns during a single sweep of feedforward propagation followed by
automatic parallel grouping schemes establishing relations between these patterns [2–4]. Rec-
ognizing highly ambiguous objects requires the dedicated deployment of functional resources
and only can be executed sequentially [5–7]. Such deployment of functional resources is con-
trolled by selective attention. Endogenous attentional control steers the sequence of visual
mental operations. Each sequence forms a dedicated pattern of neural activity and can be
used to establish a specific visual function [8–10]. Object-based attention is one such cogni-
tive function, which requires grouping together visual components that may belong to the
same object. The goal is to segregate these from distracting parts of a scene, to assemble a
visual object, and to disambiguate between possible alternatives of explanation [11].

To achieve this goal, two forms of grouping, or binding, can be distinguished: parallel and
incremental grouping [8,9]. Parallel grouping automatically extracts matching input patterns
into representational elements and groups them by a fixed scheme that determines com-
patibility based on statistics of co-occurrence. Ambiguities that cannot be resolved by par-
allel grouping require volitional incremental grouping processes [5,9]. Incremental group-
ing iteratively and dynamically evaluates compatibility of previously grouped elements with
their neighbors [12–14]. If compatible neighbors exist, they become part of the grouped ele-
ments as well and the iterative process likewise continues for their neighbors to discern the
assembled shape [15].

Executing an incremental grouping operation serves to bind visual elements through the
evaluation of spatial relations that are not hard-wired as in automatic grouping operations.
For example, incremental grouping is deployed to decide upon a spatial relation of two dis-
parate locations in the visual scene. In contour tracing tasks subjects use incremental group-
ing to determine the end point of a connected line while maintaining fixation of a reference
location ([16]; Fig 1). Execution of contour tracing requires four phases of processing [20].
During the first phase, features are detected by an onset response. The second phase estab-
lishes a base representation of foreground and background elements by parallel grouping. In
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Fig 1. Incremental binding in contour tracing tasks and the growth cone hypothesis. (A) During contour tracing
tasks a fixation point (FP) is presented together with a pair of contours to non-human primate subjects. Subjects need
to determine which contour is connected with the fixation point and perform a saccade towards the contour’s end
point in response. Neurons coding for the connected contour show an up-modulation of their activity (green) with
respect to a baseline response profile (black) [16]. The onset latency of this up-modulation is thereby dependent on
the distance along the line from the fixation point (blue). Furthermore, the up-modulation is found to be persistent
over time, so that ultimately the whole contour representation is up-modulated. These findings indicate that incre-
mental binding utilizes a serial process of grouping relatable items after an initial phase of stimulus response. (B) A
specific hypothesis of incremental binding is the growth-cone hypothesis [14,17]. It explains how speed-variations
in incremental binding arise from the distance to distracting elements in the vicinity of the target object. The initial
processing phase has extracted features of the stimulus in parallel to build a hierarchical base representation (left).
Within this hierarchy incremental binding starts from an attentional seed position (red arrow) and can proceed at
different scales with representations evolving over time (center, right). While coarser scales span more space and can
proceed faster (“no interference” case, center), they might suffer from interference with nearby elements. In the case
of interference finer scales still can perform incremental binding, but with a reduced speed (“interference” case, right;
hatched area at top-most scale and missing feedback arrow). Neural receptive fields are represented by colored circles
as an overlay to the input image and are drawn with their relative sizes. Colors are matching the respective level of the
hierarchy on which the neurons are localized. Green colored circles denote neurons that are up-modulated and have
become part of the incremental representation. Gray colored circles on the target curve denote neurons already up-
modulated during the previous timestep. For the same amount of time, more neurons can be grouped in case higher,
coarser scales can participate in incremental binding. Colored circles on the distractor curve are only displayed if
relevant for the current interaction. The red arrow in the input displays denotes the location of the seed of attention,
which triggers the execution of the incremental binding process.

https://doi.org/10.1371/journal.pcbi.1012835.g001

contour tracing scenarios this base representation encodes bottom-up evidence for the exis-
tence of line elements that match the respective neuron’s retinotopic position and feature
selectivity. During the third phase, an incremental representation is computed by combining
the existing evidence with an attentional binding signal into elements of a perceptual object.
After the process has converged, during a fourth phase, a decision is made based on the inte-
grated evidence about the visual objects. The formation of the incremental representation
during the third phase relies on incremental grouping to propagate the binding signal and
iteratively group the attended object [15]. The binding signal consists of two kinds of informa-
tion: contextual information and task-related information. Contextual information stems from
a neuron’s spatial neighborhood and serves to evaluate compatibility between the features a
neuron and its neighbors encode. Task-related information signals whether this compatibility
is behaviorally relevant and provides the attentional seed point for building the incremen-
tal representation. This seed is selected, or indexed, by the fixation point in contour tracing
panels.
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In order to build such incremental representations different neural coding schemes have
been proposed [5,11]. To make the presence of an object explicit, one candidate scheme
instantiates all possible combinations through hard-coded feature selections. Such con-
junctive code requires an expensive realization in terms of the number of neurons and their
connections. Alternatively, binding through synchronization of neural oscillations and the
delayed modulation of neural firing rates have been proposed as other schemes [21]. The
latter frameworks are more flexible and more efficient to implement, particularly utilizing
those neurons which are already involved in the base representation. Such neurons can be
recruited dynamically and context-dependently as incremental components to form a percep-
tual object. The evidence from neural correlates about the incremental binding mechanism
indicates a constant up-modulation of neural firing rates across the whole attended object
[11,16]. This further discerns the spreading of object-based attention by incremental binding
from the idea of an attentional spotlight, where only a proportion of the object would be mod-
ulated at a time [22]. Additionally, the onset time of the modulation depends on the neuron’s
distance along the curve [16]. This is taken as evidence that an active labeling process operates
to incrementally propagate the binding signal along the object.

Does such contour labeling operate independently of the context of a scene? Further inves-
tigations showed that the speed of incremental binding is dependent on the target object’s
distance to distracting neighboring elements and that this behavior is best explained in terms
of the so-called growth-cone hypothesis [14,17]. The growth-cone hypothesis incorporates the
observation that incremental binding is a scale-invariant process [14,17,23]. The local speed of
incremental binding is determined by the neuron with the largest receptive field, which does
not interfere with distracting elements in the scene. This way, incremental binding speed is
high if the relative distance to distractors is large. If distractors are located close by, binding
signals are propagated by neurons with smaller receptive fields. This reduces interference but
leads to slower propagation speeds (Fig 1).

Further evidence has been accumulated about incremental grouping in recent studies.
These can be categorized by the kind of species in which they had been conducted, by the
kind of correlates that have been found, and by the kind of stimuli that were used. Notably,
studies so far only investigated the phenomenon in (non-)human primates but not other
mammals. Neural correlates have mostly been measured in non-human primates, with one
exception stemming from a human epilepsy patient [24]. There, experiments are either based
on variants of the contour tracing tasks, where the to-be-grouped object elements are lines
[16,17,25–33], or are based on abstract shapes where the to-be-grouped elements are surface
regions of the objects [20,34]. Human experiments were mostly restricted to reaction time
measurements, of which many have been conducted based on curve displays [5,12,23,35–39]
and some based on shapes and semantic objects [14,40] or real-world images [41,42]. Overall,
incremental grouping phenomena can be found at least in human and non-human primates
and for a broad set of contour- and region-based visual stimuli alike. This broad range of find-
ings highlights incremental binding as an essential mechanism for visual-cognitive processes
of object-based attention.

Aside from experimental studies, incremental binding has been investigated on all lev-
els of analysis [18]. On an implementational level models were proposed, of which some are
mechanistic and some are rather phenomenological. The different models address differ-
ent neuroanatomical scales and range from a laminar circuit level [43], over the level of local
pools of neurons representing the computation by predefined interactions [44–46], to the
level of neural networks exhibiting learned interactions to perform incremental binding tasks
[47–49], to match behavioral evidence [42,50], or to explain object-based binding by a
diffusion-like labeling mechanism [51]. On an algorithmic level more abstract descriptions
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either discuss incremental binding directly [8,13,15,52] or its embedding within cognitive
models [10]. Likewise, the computational level of incremental binding is discussed in terms
of visual routines and cognitive programs [8–10] and provides connections to theories about
binding in general, which embed the computation within the broader context of object-based
visual processing [11,53–59]. Yet, integrative models that link across the levels of analysis are
scarce. This current state of findings motivates the following questions: Are there generic prin-
ciples for mechanisms of incremental binding that also help to better understand and compare
existing models? Is there a normative account that can guide the choice of a minimal set of ele-
ments to implement such mechanism? And, what predictions about binding in the brain would
arise from a model which adheres to such generic and normative principles?

In this work, we present a mechanistic model for incremental binding that spans the multi-
ple levels of explanation [18] and links them to a normative account of connection and rep-
resentational complexity (Fig 2). On an implementational level, it proposes how local pyra-
midal cell computation and inter-areal interactions can implement the incremental grouping
algorithm while utilizing only a minimalistic set of computational elements and connectiv-
ity patterns. Through extensive simulations, we show that the model explains a broad range of
experimental evidence. On the algorithmic level, we analyze the model within a graph-based
model framework of incremental binding. We consider the model’s functional processing
and provide complexity estimates for different realizations of the incremental grouping algo-
rithm. In this more functional investigation, we consider several architectural principles of
distributed neural processing that could implement the desired computational operations for
incremental binding. Furthermore, the serial composition of multiple elemental operations
into a visual routine defines additional constraints. We argue that the wiring and, thus, rep-
resentational network complexity, can be utilized to assess the efficacy of a specific network
structure and its combination of components. We show that the network architecture pro-
posed in this contribution possesses favorable properties regarding the complexity of its con-
nectivity and neural code. On the computational level, we suggest that respecting these com-
plexity considerations yields a normative account of incremental grouping in object-based
attention. Considering the simulation results, the model architecture, and recent experimen-
tal evidence about functional anatomy, we then suggest coupled cortico-cortical and cortico-
thalamo-cortical loops as a likely target circuitry that could implement such incremental
binding mechanism in the brain and provide testable model predictions.

2. Results
Based on the motivations above, we now present the mechanistic model architecture that
implements the neural incremental binding operation. Through numerical simulations, it
explains a broad range of experimental evidence using only a single set of model parame-
ters. An additional theoretical consideration relates the model to other possible architec-
tural designs of incremental binding and reveals its favorable properties regarding model
complexity.

2.1. The incremental binding model
The resulting model implements experimental findings about incremental binding and offers
a mechanistic explanation by means of a dynamical neural network architecture (Fig 3). The
model is described at a mesoscopic level, where neural processors resemble the computation
of a local neural population. The neural processors capture functional principles of pyramidal
cell computation and utilize a rate-based encoding scheme. The architecture is organized into
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Fig 2. The proposed model leverages different levels of analysis. The presented study provides insights into incremental grouping
among Marr’s three levels of analysis [18]. On the computational level a normative account is provided for efficient connectivity and
computation of incremental grouping in object-based attention. The normative account is based on complexity considerations, that are
grounded in an algorithmic graph-based perspective of the incremental binding algorithm [15] and that are inspired by earlier work
on computational complexity of vision processing [19]. On the implementational level we provide an image-computable dynamical
neural model that respects these complexity considerations and propose how a biological network of pyramidal cells and higher-order
thalamic neurons could form interacting cortico-cortical and cortico-thalamo-cortical loops to implement this model.

https://doi.org/10.1371/journal.pcbi.1012835.g002

modules with distinct functions. It consists of a visual cortex module, an interfacing mod-
ule, and a task module. The visual cortex module is organized in a hierarchy of retinotopic
feature maps, which represent oriented contrast information in a scale-space pyramid. Fea-
ture maps order neurons in two-dimensional sheets. There, neurons are placed at retinotopic
locations in a rectangular grid, code for specific stimulus features and exhibit local connectiv-
ity patterns. The visual cortex module computes the base representation as well as the incre-
mental representation and propagates information among feed-forward and feedback con-
nections from lower levels to higher levels and vice versa. Feedforward filtering is based on
more localized information and extracts features for the next higher levels, while feedback fil-
tering is based on larger regions and provides contextual information to stages at lower levels
(see Methods for details). Overall, receptive field sizes grow along the stages of the hierar-
chy in accordance with neural data [61]. The interfacing module is likewise composed of neu-
rons in a two-dimensional sheet. Yet, different from the visual cortex module, the neurons do
not encode multiple stimulus features, but only whether a retinotopic position is part of the
attended object or not. The module serves to interface task-related information between the
task module and the different hierarchical levels of the visual cortex module, and broadcasts
information about the binding state originating from one of the hierarchical levels to all other
ones. Due to its connectivity, it forms a shallow, rather than a hierarchical interaction with the
visual cortex module and is, thus, associated with higher-order (HO) thalamic regions [62].
The task module represents an attentional seed location. By this seed location the task mod-
ule selects the starting position of the incremental binding operation. This selection happens
by forwarding the location to the interfacing module. There, it constitutes the first entry in
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Fig 3. Thalamo-cortical model architecture for incremental binding with local grouping processors that are represented by cortical columnar pyramidal cell com-
putation. (A) The proposed incremental binding architecture consists of three modules. The visual cortex module encodes the stimulus in a high-dimensional feature
space organized along a spatial hierarchy. Adjacent hierarchical levels interact recurrently via feedforward (orange) and feedback (blue) connections. The interfacing
module encodes task-relevant spatial locations. It is reciprocally connected with the visual cortex module aggregating information per location across features and pro-
jecting information back onto a local neighborhood irrespective of feature expression and hierarchical scale. The task module provides external input to the interfacing
module to set the initial seed point of attention. It is proposed that these modules have biological counterparts in visual cortex areas V1 to V4 (visual cortex module),
higher-order visual thalamus (interfacing module) and regions involved in attentional selection in either prefrontal, parietal, or temporal cortical areas (task module;
the red arrow denotes the location for attentional selection). (B) Neural computation of cortical columns within the visual cortex module is represented by dynamical,
rate-based pyramidal cell models. Each model pyramidal cell consists of two compartments and three types of input. The two compartments describe basal and apical
integration sites of pyramidal cells [60]. From the coincidence of the three types of inputs local grouping information is evaluated to change the neural activity from a
base representation state into an up-modulated activity state coding for binding information. There, feedforward signals about the base representation arrive at the basal
compartment and can drive the cell into a baseline level activity (orange), while feedback signals arrive apically and are combined with thalamo-cortical gating signals
before having an up-modulating effect on the basal computation. This up-modulated state of activity represents the binding state (green).

https://doi.org/10.1371/journal.pcbi.1012835.g003

the sheet and, thus, determines the starting point from where an object should be incremen-
tally grouped by attention. Such selection process is necessary to decide which object should
be grouped and can likewise be useful in disambiguating the representation.

Within the visual cortex module, each retinotopic position is represented by a model pyra-
midal cell neuron. These model neurons abstractly capture the computation of a cortical col-
umn. Each neuron engages in the computation of the base representation and the incremental
representation. Model neurons possess two sites of integration. These describe a basal den-
dritic site and an apical site of integration [60]. At the basal site input-related information
enters via feed-forward signal propagation and is required to compute the base representa-
tion. This base representation results in a neuronal activity level that encodes the likelihood
of feature presence. At the apical site contextual information enters via feedback signals prop-
agated from higher levels and is integrated with binding signal information from the inter-
facing module. In case both kinds of information coincide, the apical site relays this signal to
the basal site. There, it can be integrated with the base representation to compute the incre-
mental representation. Thus, the incremental representation depends on the co-incidence
of basal and apical signals of a model neuron. As a result, the neuron’s activity level will be
up-modulated and shifted towards a regime of higher activity. Such up-modulated activity
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distributions represent the labeling of neural elements to signal binding through enhanced
firing rates. The interfacing module aggregates firing rates from the pyramidal cell neurons
of the visual cortex module. It filters these rates for such higher activity level to represent the
binding state at that retinotopic position. The label is then broadcast back to spatial neighbors
across scales in the visual cortex module to further propagate the binding signal locally.

2.2. Simulation results capture experimental evidence about incremental
binding

2.2.1. Tracing time depends on contour length and captures neural correlates. To
investigate the incremental binding capabilities of the model we evaluated it on contour trac-
ing tasks similar to those experiments conducted with human and non-human primate sub-
jects (Fig 4). The model is able to capture the main findings and neural correlates. The model
neurons encode the binding state by a constant up-modulation of their firing rate. The incre-
mental nature of this binding process is visible in the time course of this up-modulation.
After an initial onset phase, neurons located along the attended curve become up-modulated.
There, the time when modulation begins depends on the neuron’s distance along the contour
from the seed point of attention. Once all neurons along the contour have been bound, the
representation reaches a stable equilibrium, and the incremental binding mechanism comes
to rest. These findings likewise imply, that the time to incrementally bind a curve depends
on the curve length. Therefore, decisions about the connectedness of two points will take
longer the further apart these points are along the curve. This is in line with experimental
findings on a behavioral level [12] as well as regarding the neural correlates of incremental
binding [16].

2.2.2. Tracing operates on multiple scales—as predicted by the growth-cone
hypothesis. Consider once again two curves among which one needs to be selected and
incrementally bound via attentional selection. As detailed above, the activity in the underly-
ing neural contour representation is up-modulated to enhance the neurons’ firing rate [11].
It was demonstrated [12] that the time to mentally trace a contour depends on the distance
between the target and the distractor curve. The growth-cone model of object-based atten-
tion predicts that neural spreading can progress at larger scales when contours are positioned
farther apart [14,17]. The hypothesis is that the faster spreading is accomplished by cells hav-
ing larger receptive fields operating on a spatial grid that is sampled less densely by the neu-
rons that perform the spreading. The spreading mechanism proceeds on the largest scale on
which neurons represent the target contour unambiguously. There, ambiguity is determined
by whether the contours captured by the same receptive field contain interfering distractors.
For densely spaced contours, only cells with smaller receptive fields do not interfere and are
able to resolve the spreading unambiguously [38]. The growth-cone behavior realizes a scale-
invariant incremental binding process [14,17], a property of incremental binding that was as
well behaviorally identified by earlier experiments [23].

To investigate this function in the proposed model, we more specifically performed
experiments with respect to the growth-cone hypothesis of incremental binding. Thus, to
vary the degree of target-distractor interference along the contour, we systematically var-
ied the proportion of the overall stimulus which has a smaller distance between the tar-
get and distractor curve (Fig 5). In line with the idea of multi-scale incremental binding,
the time until the whole curve is bound together depends on this narrow-wide propor-
tion. The longer the narrow section of the configuration the more time it takes the model
to reach the other end of the curve. This tracing time result already indicates that the
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Fig 4. Simulation results for stimulus with varying target-distractor distance. (A) The synthesized stimulus captures the main
properties of contour tracing stimuli [17] by providing a varying distance between target and distractor contour. (B) Neural
representation after incremental binding has taken place for basal (V1B, V2B, V4B) and apical (V1A, V2A) potentials across
model areas V1 to V4 and for higher-order thalamus (HO). Arrows denote the attentional seed location (Att) and probe locations
(P1 to P3). Activity for areas V1 to V4 is summed across the feature channel and normalized to 1.0. Activity map sizes reflect the
scale space ratios between areas. (C) Neural activity across time at the probe locations shows the main hallmarks of incremental
binding, i.e., a constant up-modulation when being bound and a distance-dependent modulation-onset latency. (D) Neural repre-
sentations at the beginning of (left), during (center), and after (right) incremental binding. While apical context of V1 is available
for the complete contour from the beginning, the context of V2 is missing at first for the narrow contour segment due to inter-
ference. (E, F) Distribution of neural activities in V1 along the contour (n = 2834) while being grouped in comparison to their
baseline activity (base grouping representation after stimulus onset, but before incremental grouping started), and distribution of
modulation indices for the respective neurons. Neurons with a high baseline activity mostly experience a strong up-modulation
during grouping, while a similar proportion of neurons ends up with nearly no modulation or slight suppression attributable to
biased competition processes in the model (cf. Section 4.1.2). No modulation is denoted by the black identity line through origin
in E and by the red vertical line in F. See Section 4.2.2 for details on the evaluation method.

https://doi.org/10.1371/journal.pcbi.1012835.g004
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Fig 5. Tracing time across input stimulus conditions of different distance proportions between target and dis-
tractor curves. Tracing times for different proportions of narrow distances among target and distractor line segments
for the intact model and a model without feedback connections from V4 to V2 (top). Representative stimuli for
different such ratios are shown (bottom). The tracing time dependency on the fraction of narrow distances along the
contour is well explained by a linear model (black, linear fit; blue, simulation data). In case of lesioning feedback con-
nections of the higher hierarchical scales of the model no such distance-dependent tracing time variation is observed
anymore. Instead, the tracing time becomes constant. Results extend a previous investigation that was performed
with a simpler model version [46].

https://doi.org/10.1371/journal.pcbi.1012835.g005

speed of the model’s incremental binding computation depends on the target-distractor
distance.

In addition to measuring the overall time to complete the binding process, the time it takes
to label a segment of the contour can be computed. If the length of the respective contour
segment is known in addition, then this yields an estimate of the binding speed for each seg-
ment separately. From these estimates a distance-dependent variability of binding speed can
be seen from the modulation onset times of model neurons along the contour (Fig 6). There, a
reduction of binding speed coincides with the narrow section of the curve configuration (2.14
neurons/step, 1.63 neurons/step, 2.12 neurons/step, for the first wide segment, the narrow seg-
ment and the second wide segment, respectively). This observation is likewise reflected by the
apical integration process along the hierarchical scales (Fig 4D). While apical context infor-
mation on the higher hierarchical scale can be established for the wide contour segments right
from the beginning, this context information is only becoming available as the binding pro-
gresses for the narrow segments. Conversely, on the lower hierarchical scale this apical con-
text information is established also for the narrow segments right away and readily can be
integrated with the basal signal once a coinciding binding signal from the interfacing mod-
ule become available. Thus, it can be seen in the model how this distance-dependent speed
variation links to the apical representation of contextual feedback information.

2.2.3. Ablation studies showcase model predictions. The results so far established that
the model is able to implement incremental binding and that these binding capabilities exhibit
growth-cone-like variations in binding speed. There, the binding speed variations coincide
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Fig 6. Tracing speed varies along contour dependent on the lateral distance to distractor elements. (A) Neurons along the contour show a modulation onset latency
dependent on their distance from the attentional seed location. For the contour segments of constant distance to the distractor linear regressions provide an excellent fit
to the onset latency along the line. The green line overlaid on the stimulus denotes the path along which neurons have been read out. V1 activity has been summed across
feature channels and normalized to the maximum per neuron. (B) Based on the modular architecture specific connectivity patterns can be lesioned to investigate their
functional role. (C) Computing smoothed finite differences between neighboring onset latencies provides an estimate of the instantaneous tracing speed at each neuron
location along the contour. A higher speed indicates that a smaller time increment is necessary until a neuron becomes up-modulated if its neighbor has just become
up-modulated itself. Transforming the regressed latency slope into an average speed per segment provides a good fit to the speed profile. Lesion studies yield speed
profiles differing from the intact model version. The differences distinctly depend on the type of lesion. The different lesions are indicated in the architectural diagram.
Gray lines denote speed estimates, black denotes the fit for the intact case, colored lines denote the respective fits for the different lesion cases. Deviations from the mean
arise due to limited spatial and temporal resolution of the speed estimates (see Section 4.2.2 for details).

https://doi.org/10.1371/journal.pcbi.1012835.g006
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with a variation in the apical contextual state of neurons along the hierarchy of the visual cor-
tex module. What cannot be seen directly from the results so far, is whether there is a causal
link between the introduced scale space by the hierarchy and the binding speed variations,
or whether the variation in binding speed arises within the model dynamics independently
of the different scales. For that reason, we performed ablation studies to learn more about
the functional relevance of the model’s components. From such lesion studies it can be fur-
ther deduced whether the model matches with experimental evidence and whether respective
model predictions about impairments can be derived.

In order to selectively impair the complex information flow between the model’s compo-
nents, we eliminate connections between them. We investigated the effect of removing either
specific feedback connections within the visual cortex module from area V4 to V2, or specific
connections between the visual cortex module areas V4 and V2 and the interfacing module
(Fig 6). These lesions specifically test for causal contributions of areas higher up the hierarchy
of the visual cortex module to the model’s incremental binding computation and by which
pathways they impact the computation in which regard. Therefore, the lesions show whether
these larger spatial scale representations contribute to growth-cone-like propagation speed
variations in the model as would be predicted by the growth-cone hypothesis and has been
observed in experimental data [14,17].

For investigating the impact of feedback connections, we removed the connections on
the larger scale, i.e., from the highest area (V4) to the middle area (V2) in the model. Under
this ablation condition the speed profile becomes near-constant along the curve’s outline
and, thus, misses the drop in speed for the contour segment with a narrow target-distractor
distance (1.50 neurons/step, 1.49 neurons/step, 1.51 neurons/step). Furthermore, the con-
stant speed level in this ablation case resembles rather the speed of the narrow than the wide
segment of the contour’s outline from the intact case (1.63 neurons/step vs. about 2.13 neu-
rons/step, cf. above). Likewise, this constancy in binding speed can also be seen at the level
of the total binding times, which do not vary with the proportion of narrow segment length
(Fig 5).

This lesion case indicates that the model’s feedback is necessary to exhibit target-distractor
dependent speed-variations. Thus, the model’s growth-cone behavior cannot be repro-
duced without feedback interaction at the coarser scales. Also, it can be seen that the target-
distractor interference for the narrow segment during the intact case has nearly the same
effect as removing the higher-level feedback during the lesion case, since both of these causes
result a similar speed. That the interference for narrow segments leads to feedback that is vir-
tually absent at the higher levels can also be seen again from the initial apical representation
of the intact case (Fig 4D). This observation further demonstrates that the model implements
growth-cone behavior by feedback among spatial scales and the interference thereof in case of
close-by distractors.

For investigating the role of connections between the interfacing module and the higher
areas of the visual cortex module we removed connections from both the middle area (V2)
and upper area (V4) to the interfacing module. While an overall drop in binding speed can be
observed, the qualitative speed profile stays to a degree intact exhibiting higher speeds for the
wider segments of the contour’s outline and a further reduced speed for the narrow segment
(1.50 neurons/step, 1.36 neurons/step, 1.52 neurons/step).

The interfacing module accumulates evidence about up-modulated activity from all the
areas of the visual cortex module and gates the subsequent binding increments. Thus, remov-
ing some of the inputs to this evidence accumulation, i.e., inputs from V2 and V4, slows down
the process. As the inputs of larger scales affect a larger neighborhood than inputs from V1,
not only the overall process is slowed down, but also part of the relative difference in speed
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between wide and narrow segments is lost. So, in this case, the only scale at which evidence
can be accumulated is the scale of V1. Yet, once enough evidence is accumulated from V1, a
speed-variation is still noticeable, since the contextual integration of feedback from V4 to V2
is still intact. Once the interfacing module opens the gates and sends a task-relevance signal to
the visual cortex module it allows also this higher-level (V4 to V2) integration to take place,
which, in turn, affects the lower-level (V2 to V1) integration.

Applying both types of lesions simultaneously, i.e., removing feedback connections from
V4 to V2 and connections from V4 and V2 to the interfacing module, results in a constant
speed profile again. Notably, this constant speed is lower than any of the speeds for the indi-
vidual lesions investigated before (1.14 neurons/step, 1.11 neurons/step, 1.10 neurons/step).

This lesion results in effectively decoupling the higher levels, and thus, scales, from tak-
ing part in the incremental binding process: higher-level contextual integration cannot occur
due to missing feedback from V4 to V2, and neural activity in V2 and V4 cannot affect the
evidence accumulation in the interfacing module due to missing connections. Thus, only V1
will be able to integrate contextual evidence from V2 and enter it into the interfacing module.
Consequently, this lesion realizes the case of incremental binding on a single scale.

Together, we interpret these results as follows. The lesions indicate that both kinds of con-
nections, namely cortico-cortical feedback connections and cortico-thalamic connections,
influence the dynamics and speed of binding. Yet, specifically the feedback connections from
model area V4 to V2 are responsible for the multi-scale effects associated with growth-cone-
like incremental binding properties. Conversely, projections to the interfacing module from
both model areas V2 and V4 affect the integration process overall and lead to a reduction in
overall speed, if the projections are missing. In sum, a causal relationship exists between the
model’s feedback connections in scale space and its growth-cone-like binding properties.

2.2.4. Task-dependent Gestalt disambiguation is based on attentional seeding. So far,
the model has been tested on configurations with contours adjacent to each other. These con-
figurations already revealed the model’s incremental binding properties and its growth-cone-
like behavior. There, the target contour was selected by the seed of attention on one of its ends
which served as the fixation point. The influence of the other, distractor contour on the tar-
get contour’s incremental binding process was mediated by the distance between the contours.
What remains open from these investigations, is what happens to the model’s binding pro-
cess when target and distractor object intersect. Therefore, we chose a configuration with two
contours crossing each other, similar to the stimuli used in [16].

We probe the model presenting pairs of contours which cross each other at about half the
length of each contour (Fig 7). The attentional label again grows along the target contour until
it reaches the location of the crossing point. Geometrically, the attentional label has three
options to spread along one of the continuing arms that leave the junction or even tag mul-
tiple contour segments by splitting the attentional signal. The simulation demonstrates that
the attentional label spreads along the smooth continuation of the contour at the entrance of
the crossing. In other words, the incremental binding follows the Gestalt law of good contin-
uation [4]. Beyond explaining the shown spreading behavior across intersections the model
further generalizes to a range of different intersection angles between two curves (cf. S2 Text).
We emphasize that incremental grouping in the model recruits mechanisms that are also used
for linking perceptual items in base grouping operations.

By investigating the model’s internal representation one can learn about why the binding
happens like this (Figs 7 and 8). After the initial base representation has been formed by the
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Fig 7. Task-dependent grouping of an intersection. (A) The synthesized stimulus captures the main properties of intersection stimuli
[16]. The fixation point location can be varied between the two contours and steers the seed of attention to indicate which of the con-
tours should be grouped into an object (Att1, Att2). (B) Dependent on the attentional seed location the simulation results in either one
or the other line being grouped. The behavior follows the Gestalt law of good continuation. (C) Over the time course of integration,
the role of the apical representation becomes visible. After the base representation has been formed the intersection is initially not
represented apically in either condition (Att1 and Att2). This indicates no compatibility to either contour segments, because of mutual
inhibition between the feedback projection to orthogonally oriented feature maps. Only once the up-modulation signal reaches the
vicinity of the intersection, the mutual inhibition becomes biased and allows the intersection elements to become compatible to the
respectively grouped line elements. Naming conventions and scaling of response maps according to Fig 4. See Fig B in S2 Text for
further intersection stimuli.

https://doi.org/10.1371/journal.pcbi.1012835.g007

model’s feedforward processing, the aggregated apical contextual evidence around the cross-
ing point exhibits a configuration with no preference for compatibility to any of the curve seg-
ments. Within the representation of the visual cortex module, neurons project to neurons in
the next lower level of the hierarchy. There, they target neurons that are selective to similarly
oriented contrasts via excitatory connections, and neurons that are selective to orthogonally
oriented contrasts via inhibitory connections (Fig 8A and 8B; Fig A in S1 Text). The evidence
for the four segments surrounding the crossing is equally strong encoded in the base repre-
sentation across the maps of neurons tuned towards different orientations (Fig 8A and 8C).
Thus, neurons at the location of the crossing, which are selective to either horizontally or ver-
tically oriented contrasts, receive the same amount of excitatory and inhibitory feedback pro-
jections from the likewise and orthogonally tuned neurons of the higher level, respectively. As
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Fig 8. Task-specific apical integration for intersecting lines. (A) Schematic depiction of the effective reciprocal influences between different maps of orientation-
selective cells of a common population of area V1 apical compartments for the case of two intersecting lines. We show two phases as samples of the continual
integration process. During an initially ambiguous phase horizontal and vertical influences balance out (left). During a later phase a disambiguated state emerges
through the bias generated by attentional signals (right). Based on feedforward-feedback filtering between neurons in V1 and V2, neurons in different orientation
maps provide enhancing (similar tuning and coherent position; green) or suppressing (dissimilar tuning and incoherent position; red) influences on the development
of apical contextual potentials. Biasing attentional signals unspecific to orientation selectivity (blue arrow) work on these mutual interactions to establish a new, task-
specific equilibrium. (B) Diagram that depicts the influences different orientation-selective cells exert on the development of apical potentials of cells with same and
orthogonal orientation tuning. Forward-feedback filtering between adjacent hierarchical areas is realized depending on the specific combination of orientations. This
establishes an interaction skeleton between features to express current compatibilities ([15]; cf. Fig A in S1 Text for feedback filters). Gating input from the interfacing
module allows or prohibits the contextual influence on cell output independent of tuning, but dependent on the attentional state. (C) Temporal evolution of apical
potentials for the case of an intersection with attention directed towards the horizontal line. Apical potential is aggregated across orientation maps (top) and is sep-
arately visualized for horizontal and vertical channels (mid, bottom). Larger displays between timesteps of evolution depict differences in apical potentials between
adjacent panels. An incremental progression of apical amplification from left (initial seed of attention) to right (final system state) can be noted for the horizontal
channel, a suppression of apical potentials close to the crossing’s center is visible for the vertical channel. In combination, both influences establish a disambiguated
version of an apical interaction skeleton, which allows the attentional signal to continue spreading horizontally beyond the crossing.

https://doi.org/10.1371/journal.pcbi.1012835.g008

a consequence, the initial apical evidence at the crossing location is balanced for horizontal
and vertical preference. These equal contributions only change later on, once the incremen-
tal binding signal spreads into the vicinity of the crossing point’s representation. Then, neu-
rons coding for the orientation of already bound segments are up-modulated. Their enhanced
activity is subsequently fed back onto their lower-level neighbors and biases their apical input
towards oriented contrasts collinear to those of the already bound curve segments, simi-
lar to association fields ([63,64]; cf. S1 Text for further details on apical coupling structure).
Through this interaction, the model establishes an incremental binding version conforming
not only with neural correlates of incremental binding and the growth-cone hypothesis, but
also with the Gestalt law of good continuation [4] in the crossing contours case.

2.2.5. Model performance on more complex stimulus geometries. Up to this point,
we investigated the function of the model using line stimuli with varying distances and with
and without crossings (as in experiments, [16,17]). We conducted additional simulations on
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a set of other, more complex, configurations inspired by further psychophysical experiments
(Fig 9, see S2 Text for supporting information). These simulations show whether the model
generalizes to other stimuli and also reveal its limitations.

The stimuli test the model performance regarding different spatial input configura-
tions and item features. We specifically investigate phenomena of similar tracing speed on

Fig 9. Model performance for a broader set of stimuli. The model successfully performs tracing on different types of stimuli and shapes. (A) Line configurations
with a small (15 pixels) distance between lines (line15) and a larger distance (40 pixels) between lines for the case of dashed line segments (dashed40) and
solid lines (lines40). (B) Single ring segments of 240 degrees with different radii (15 pixels, singleRing15; 30 pixels, singleRing30; 45 pixels, sin-
gleRing45; 60 pixels, singleRing60). (C) Configuration consisting of 6 rings with radii between 25 and 100 pixels in steps of 15 pixels. Attentional seed
location can be varied (e.g., rings25 denotes attentional seeding of innermost ring). (D) Configuration of two interleaved spirals with a radial spacing of 15
pixels between neighboring lines and a starting radius of 6 pixels (spiral condition). (E) Distribution of tracing speeds for the different stimuli as measured by
probe locations along the curves. Speeds are comparable among fixation locations in the ring condition and larger than in the lines condition with comparable
distances between lines (lines15). If no other rings are acting as distractors (singleRing conditions) tracing speed is faster than if distractors are present
(rings conditions). Only for very large curvatures (smallest radius tested) a decline in speed is noticeable (singleRing15). The spiral condition con-
tains a range of tracing speeds but reaches a level comparable to the one of the rings conditions. While an influence on the exact distribution of speeds along the
extent of the broken lines is noticeable (dashed40), the range of speeds is comparable to that of the solid lines (lines40) case. (F) Example stimulus from the
Pathfinder14 dataset [65,66]. This more realistic stimulus combines challenges of tracing on changing orientations, curvatures, and dashed contour elements.
The target curve is indexed by a bright dot. (G) Model simulation on the Pathfinder14 stimulus (V1 basal and apical potentials aggregated over orientation
channels). Depicted stimuli are scaled in proportion with respect to each other. See S2 Text for supporting information.

https://doi.org/10.1371/journal.pcbi.1012835.g009
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broken versus solid lines [5] (dashed40, lines40, Fig 9A); reduction of tracing speed
with increasing curvature and relation to straight lines with similar distractor spacing [35]
(singleRing, rings and lines15 conditions, Fig 9A, 9B, and 9C); ability to trace on
more complex stimuli with intertwined distractors [23] (spiral, Fig 9D); and extensibility
toward more realistic stimulus configurations (Pathfinder14, Fig 9F).

Comparing the tracing speed on broken versus solid lines, one can see that the range of
speed values is similar for both cases (Fig 9A and 9E; dashed40 versus lines40), while
being slightly larger on average for solid lines (cf. Table A in S2 Text). On the set of rings, the
dependency of the model’s tracing speed on curvature is investigated (Fig 9B and 9C). The
presentation of individual rings of different curvature therefore only impacts tracing speed for
the most extreme curvature tested (singleRing15 stimulus), but yields a similar tracing
speed for smaller curvatures, i.e., larger radii (Fig 9E; singleRing40–singleRing60).
Likewise, having nearby distracting rings affects the tracing speed, but does so seemingly
independent of the actual curvature of the traced ring (Fig 9E; rings cases). Notably, the
tracing proceeds also faster than for a configuration without curvature but similar line dis-
tances (lines15 stimulus; Fig 9A and 9E). That the model is able to trace on curved out-
lines with complex involvement of distractors can also be seen on a spiraling curve, where
radius, and, thus, curvature, continuously varies along the curves (Fig 9D and 9F; spiral).
There, close to the spiral’s center the model first traces with a low speed and becomes increas-
ingly faster until it reaches a similar distribution of speeds as the rings stimulus (Fig 9E; cf.
S2 Text for a tracing speed profile). A stimulus from the Pathfinder dataset shows a combi-
nation of the former stimulus features ([65,66]; Pathfinder14, Fig 9F). The dataset con-
sists of randomly generated dashed lines with different lengths and changing orientations.
Among these, one line is the target line indexed by a bright dot. The dataset was designed as a
test bed for learning long-range interactions in deep neural network models, that at the same
time serves as a precursor for model deployment to realistic scenes. The proposed model suc-
cessfully traces the target contours on a proportion of the dataset (Fig 9G). The success of the
tracing on stimuli from the dataset depends on the respective target-distractor configuration.
If local curvature of the target line is too high, or the distance to co-linear distracting lines is
too small tracing will stop and fails to cover the complete target line.

With this set of experiments the proposed model is evaluated for how well it can explain
a broad range of experimental evidence. Overall, the model is able replicate many aspects
from these findings. It exhibits a similar tracing speed on dashed versus solid lines ([5];
dahsed40, lines40) and shows to some extent the reduction in tracing speed under
strong curvatures ([35]; singleRing). The model is likewise able to perform tracing on
more complex stimuli ([23]; spiral) indicating that it generalizes beyond simple straight-
line configurations. This generalization capability is in part shown by the model’s tracing per-
formance on a subset of stimuli from the Pathfinder dataset ([65,66]; Pathfinder 14).
Yet, also limitations of the proposed model can be seen on the Pathfinder dataset, as tracing
success depends on the respective target-distractor configuration. Furthermore, experimen-
tal findings would predict a curvature-dependent reduction of tracing speed for curved lines
under the presence of distractors ([35]; rings). There, the model so far only shows constant
tracing speeds.

2.3. Complexity considerations of incremental binding architectures
The proposed model links on an implementational level descriptions from pyramidal neurons
to inter-areal computation and provides a dynamical realization of the incremental binding
algorithm. Beyond the simulation results that show that the model is able to explain a variety
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of experimental evidence, a theoretical analysis of the model’s complexity yields insight into
how far it fulfills a normative account. Such theoretical complexity analyses have been pre-
viously constructed to constrain theories about computational processes underlying visual
function [19,67,68]. To this end, we analyze the model’s complexity in terms of connectivity
and representation and compare it against alternative realization schemes for solving incre-
mental binding. This analysis extends the canonical framework of incremental grouping by
Roelfsema [15] and builds upon earlier investigations of our own [46,47].

2.3.1. Basic components for incremental binding. The analysis focuses on incremental
binding models that capture the neurophysiological evidence discussed above. Thus, models
need to be able to compute a base representation and an incremental representation, and they
need to do so within a hierarchy of multiple scales to achieve growth-cone-like incremental
binding. Abstractly, such models can be described by network graphs [15]. These network
graphs are composed of two basic elements: neural processors (NProcs) and channels. NProcs
capture the computation that takes place within a local microcircuit at a certain retinotopic
position and hierarchical scale. Channels capture the network’s connectivity structure and
form passive elements that relay information between NProcs unidirectionally. Different
models of incremental binding can be described by these elements. Such models can be dis-
tinguished by the properties of the network graph, i.e., by how NProcs encode the represen-
tational information, what types of channels exist, and how they connect NProcs with each
other.

Such distinction between models helps categorizing them with respect to their computa-
tional properties and complexity. A comparison based on the complexity properties addition-
ally answers the question to what extent a model not only provides a mechanistic account for
incremental binding, but also a normative one.

The following subsections investigate the complexity of individual network components in
more detail. First, different variants of how NProcs can encode the necessary information are
discussed with respect to their representational complexity. Second, it is investigated how dif-
ferent channel types can be used to provide NProcs with the necessary information for their
computation and what it means in terms of connectivity complexity. Third, it is shown which
possibilities exist to interface with these networks in terms of task signaling and read-out and
what are their pros and cons. The last subsection then relates these insights to the specific
model proposed in this work.

2.3.2. Local neural processors and their representational complexity. To perform
incremental binding, models need to adhere to the main phases of the incremental binding
algorithm, i.e., computing a hierarchical base representation at first and an incremental repre-
sentation afterwards. Each NProc is involved in this computation locally and needs to imple-
ment decision rules accordingly. A symbolic interpretation of these decision rules provides an
understanding of the required flow of signals within the network. On a local NProc level this
computational logic can best be understood in terms of Boolean logic using “and” (∧) opera-
tions. Similarly, a population level view across NProcs can be used to describe the incremen-
tal binding algorithm. There, set-theoretic terms describe the algorithm, where becoming a
part of the set of NProcs coding for a specific variable would translate into a union (∪) opera-
tion. In this contribution the necessary computational logic will be described in local Boolean
terms to understand the decision functions each NProc needs to implement locally.

For computing the hierarchical base representation NProcs need to have access to the base
evidence provided by the respective lower hierarchical level (or by the visual input directly in
case of the lowest level’s NProcs). If sufficient evidence is provided to the respective NProc
it should likewise code for this evidence at its output. In Boolean terms, each NProc that is
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part of the base representation computes a binary variable about the evidence for base rep-
resentation at its position XBase ∈ {noevidence, evidence} as a function of the incoming base
representation variables X∗Base from other NProcs XBase = f(X∗Base).

To compute whether an NProc belongs to the incremental representation or not it needs to
have access to two distinct signals: the base representation for the space-feature combination
for which it is selective at the respective hierarchical scale, and the incremental representation
from its neighboring NProcs. If enough evidence for the local NProc’s base representation
is available and the incremental representation among its neighbors provides a compatible
constellation for this NProc, then it should likewise become a part of the incremental repre-
sentation and code for this circumstance at its output. In Boolean terms each NProc that is
part of the incremental representation needs to compute a binary variable about its binding
state, i.e., XBinding = {unbound, bound}. This variable is computed by a logical “and” between
the NProc’s base evidence XBase and the evidence about the incremental representation, which
is a function of the binding state variables X∗Binding of the neighboring NProcs XBinding = XBase ∧
f(X∗Binding).

Different alternatives exist to implement this Boolean NProc logic: a naive two-node static
implementation and a single-node static implementation which employ a static encoding, and
a single-node phasic implementation which relies on bi-phasic codes.

A naive two-node static implementation of these decision rules above will require
log2 4 bits = 2 bits to encode the two binary variables XBase and XBinding as independent output
signals. In this case a model either assumes to have two NProcs per space-feature combina-
tion with a binary output code for 2× 2 distinct values, e.g., one coding for the base repre-
sentation and one coding for the incremental representation, or to have one NProc that pro-
vides a more complex output code with 4 distinct values to cover all combinations between
the variables. An improved single-node static version considers the fact that the binding state
XBinding is dependent on the base representation XBase, in such a way that it can never be in
binding state if no base evidence exists for that space-feature combination, i.e., XBinding =
bound if XBase = noevidence is an impossible state. Thus, effectively only 3 distinct values
{noevidence, evidence ∧ unbound, evidence ∧ bound} need to be encoded at the output. As
the binding state implies the existence of base representation evidence the value can simply
become {noevidence, evidence, bound} (Fig 10A). This leads then to log2 3 bits ≈ 1.58 bits,
which could be encoded by a single NProc with a ternary output code. Another alternative
exists in the single-node phasic implementation if one assumes a strict phasic processing of
the two representations. Then, instead of having two binary NProcs for 2× 2 distinct values,
one such binary NProc would suffice coding during the first phase for the base evidence and
then during the second phase for its binding state. Yet, to do so it would require additionally a
memory of 1 bit to store the information about its base evidence state from the first phase.

As a result, the ternary NProc realization is the most efficient one in terms of bits to encode
the required representations.

2.3.3. Connectivity schemes and their complexity. To compute their outputs NProcs
need access to the signals from other NProcs for base evidence X∗Base and binding state X∗Binding.
The transmission of these signals between NProcs happens via unidirectional channels. The
necessary connectivity scheme for these channels depends on the signal they transmit. For
base evidence signals it is sufficient to connect from NProcs of adjacent scales of the hierar-
chy (from lower to higher; Fig 10B). As a result, each NProc needs to have channel connec-
tions with NProcs from Kl–1 neighboring locations from the lower hierarchical scale l–1 and
NF,l–1 features per location. For each location, this connection scheme must be established
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Fig 10. Incremental binding framework and complexity considerations. Binding computation can abstractly be represented by a graph with nodes coding for
information and edges propagating specific semantics. (A) Each neural processor (NProc) captures the processing of a local neural processing site. NProcs encode
semantic information states: no evidence (white filling), existing base evidence state (textured filling), or a binding state (black filling). (B) Necessary bi-directional
information flow among NProcs to realize incremental binding (left) and available connectivity patterns to implement this information flow using uni-directional
couplings (right). The proposed target architecture uses the “Three channels, ternary NProc, Proxy node” pattern (last column). (C) State-dependent binding speed
based on a hierarchical incremental binding architecture as proposed by Roelfsema & Houtkamp [15]. The graphs conceptualize the cases of faster (left column) and
slower (right column) binding speeds, respectively. Here, the connectivity pattern for ternary NProcs is shown. After an initial phase of evidence accumulation (first
row) incremental binding can take place among the hierarchy starting from an NProc for which an attentional seed (red arrow) has been provided. Combining base
evidence and neighborhood information, specific NProcs among the hierarchy become (un-)available (indicated by pink star) and speed up or slow down the binding
process. (D) Two decomposed sub-signals can be joined by an “and” operation to retrieve the binding state information of an NProc. (E) Main connectivity variants
underlying the complexity considerations. If NProcs are extended for feature selectivity per location (denoted by different fillings), full connectivity is required to
compute the binding state information (left). Using a proxy node to aggregate the binding state information across features greatly reduces the number of connections
(right; see text for details).

https://doi.org/10.1371/journal.pcbi.1012835.g010
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for all NProcs coding for NF,l different features. Thus, the required amount of base evidence
channels per location is characterized by NBE,l ∼OBaseEvidence(Kl–1 ⋅NF,l–1 ⋅NF,l).

For binding state signals the situation is more complex. On the one hand, NProcs need
to compute the binding state given the context of their neighbors. This context can be estab-
lished by channels laterally connecting from neighbors within a hierarchical level, or by feed-
back connecting from neighbors of the next higher hierarchical level. On the other hand,
incremental binding proceeds as a growth-cone-like process. This requires that NProcs need
to communicate their binding state signals back and forth across the hierarchy to other
NProcs that are selective for the same space-feature combination but on another spatial scale
(Fig 10C):

• If spreading has been taking place faster at a higher hierarchical scale, the correspond-
ing NProcs at the lower scales need to receive feedback to enter the binding state signal
as well on their level of representation.

• If spreading has been taking place on a lower hierarchical scale but the local context of
an NProc on a higher hierarchical scale would now allow for the binding state, then the
lower level’s binding state signal needs to be transmitted to the higher level via feedfor-
ward connections.

• If spreading can only continue on the current scale, then lateral connections would be
required to signal this information across neighbors and allow them to integrate this
evidence with their contextual information.

Thus, the naive realization of binding state channels would require all three kinds of connec-
tivity schemes, feedforward, lateral, and feedback. The required amount of binding state chan-
nels per location in hierarchical level l is then characterized by NBS,l ∼OBindingState(NF,l ⋅Pl),
where Pl =Kl–1 ⋅ NF,l–1 + Kl ⋅ NF,l + Kl+1 ⋅ NF,l+1 denotes the pool of Kl neighboring NProcs
from the different levels l of the hierarchy.

Here, a simplification is possible. It approximates the connectivity scheme by assuming
the binding state signal is (de-)composable. Instead of having to compute the binding state
signal directly from its neighbors (XBinding = XBase ∧ f(X∗Binding)), an NProc might compute
two intermediate signals for whether it possesses a bound neighbor XB = fBound(X∗Binding) and
whether its own space-feature combination is compatible to its local neighborhood XC =
fCompatible(X∗Binding). If both signals are available, then the binding state signal can be com-
posed. In Boolean logic this would correspond to an “and” function once again XBinding =
XBase ∧ f(X∗Binding) = XBase ∧ (XB ∧ XC) (Fig 10D). This simplification assumes independence
of the binding state signal and the compatibility signal, i.e., the neighbor which provides the
information that a binding signal is available does not need to belong to the same neighbor-
hood from which the compatibility of an NProc to the bound representation is calculated.

To extract the information whether a bound representation exists in the neighborhood,
the binding state information can be provided by any neighbor irrespective of the feature
selectivity. Since it is this binding information which needs to be propagated across all hier-
archical scales to establish a growth-cone-like algorithm the decomposition approach can
save connections of all three kinds across the hierarchy, i.e., feedforward, lateral, and feed-
back. What is required, though, is the introduction of an intermediate proxy node, which
aggregates the binding state information across features of a local neighborhood to obtain the
featureless binding state signal (Fig 10B and 10E). Then, the connectivity complexity can be
reduced greatly to NB,l ∼OBindingState(NF,l +Pl) from NF,l ⋅Pl (cf. above). Conversely, whether
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the neighboring bound representation is compatible with an NProc still requires an evalua-
tion of feature-based compatibility. Yet, by the simplification, it suffices to compute the com-
patibility information from one of the neighborhoods, i.e., from the next lower, same, or next
higher scale, respectively. Thus, the complexity of evaluating the compatibility still needs to be
based on evaluating an NProc’s feature against all other features of the neighboring locations,
but now the neighborhood information only needs to stem from one neighborhood source,
e.g. via feedback channels, leading to NC,l ∼OContext(NF,l ⋅ (Kl+1 ⋅NF,l+1)) with Kl+1 ⋅NF,l+1 < Pl.

This complexity reduction by decomposition yields the greater benefits in terms of connec-
tivity the more neighbors {Kl–1,Kl,Kl+1} each NProc possesses and the higher-dimensional
the feature space {NF,l–1,NF,l,NF,l+1} is. Thus, these benefits are one of the major motivations
for the model architecture proposed here.

2.3.4. Interfacing demands for incremental binding as an elemental operation. An
additional requirement for models of incremental binding is imposed by the fact that incre-
mental binding, as an elemental operation, needs to be employed within more complex visual
routines and cognitive programs. Such programs are supposed to achieve a behavioral goal,
e.g., making a saccadic eye movement to signify a decision about the task. This requires the
incremental binding implementation to interface with other operations and to be composable
into visual routines. Consequently, the question becomes relevant about how the incremen-
tal binding operation can be interfaced efficiently. In other words, this question addresses the
signature of the operation with its input and output interfaces. Regarding the input, the oper-
ation can be triggered by providing it with an attentional seed location. Regarding the output,
the operation’s result can be read out in terms of the bound representation.

Under the growth-cone hypothesis, the relevant NProcs to interact with, as targets for
input and sources for output, can be found replicated across the different hierarchical scales
of the model. Thus, different options exist to realize such interface (Fig 11). Besides the neces-
sity to function under all circumstances, such option should be favorable that requires the
least number of connections. The extreme cases of realization are top-level interface, bottom-
level interface, and full interface. The top-level interface uses the representation at the highest
hierarchical scale of the model as an interface to provide the attentional seed and to perform a
read-out of the binding state (Fig 11A). Since the highest scale offers the most compact spatial
representation due to the spatial down-sampling, this realization would yield a low number
of connections. The bottom-level interface uses the opposing end of the model’s hierarchy as
an interface sending information to and reading from the lowest hierarchical scale (Fig 11B).
Since this is the most extensive spatial representation due to its high resolution, this realiza-
tion would yield a high number of connections. The full interface realization uses all scales of
the model hierarchy as representations to interface with (Fig 11C). As a result, this realization
will yield the highest number of connections. Considering only the number of connections
the top-level interface would provide the favorable solution. Yet, there is a downside: If mod-
els should implement the growth-cone hypothesis, then processing of the binding state infor-
mation can only proceed up to that level of the hierarchy which provides an interference-free
representation between the target object’s components and distractors. Likewise, providing an
attentional seed via the interface would fail in such cases for which interference would occur
at that level to which the attentional seed has been provided. An analogous argument holds
for reading out the binding state from such scales. Thus, only a bottom-level or full interface
are options for a robust realization of incremental binding under all circumstances.

An additional complexity reduction step that can be applied to either realization consists in
the usage of a proxy interface (Fig 11). While a cognitive controller would have more degrees
of freedom if it would interface with the NProcs of a respective scale directly, it would also
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Fig 11. Variants of interfacing with the incremental binding network architecture to provide an attentional
seed from a task module to different hierarchical levels. (A) A top-level interface restricts provision of the seed of
attention to the highest level of the hierarchy. (B) A bottom-level interface restricts provision of the seed attention to
the lowest level of the hierarchy. Both interface variants form extreme cases of a range of interface patterns. (C) The
most general, but also connection-wise most expensive variant is formed by the full interface variant. Irrespective
of the interface variant the number of connections that directly need to originate from and be controlled by a task
module depend on the number of features per retinotopic position in the hierarchy. A proxy interface can be utilized
as a solution. There, only positional information about the attentional seed is provided by the task module to a proxy
map of purely spatial encoding nodes and broadcast to all space-feature encoding NProcs of the associated hierarchi-
cal level. The proposed model architecture utilizes the proxy interface pattern in combination with the full interface
variant. Additionally, it establishes a bi-directional interaction with the proxy map to realize an information flow
pattern which reduces the connectivity complexity for incremental binding further (see text for details). Colors as in
Fig 3.

https://doi.org/10.1371/journal.pcbi.1012835.g011

need as many direct connections as there are NProcs per feature and location. Yet, if the cog-
nitive control mechanism only needs to interact with spatial information, i.e., to which loca-
tion the seed of attention needs to be allocated, and to read out which locations are occupied
by the bound object, then the cognitive controller does not need such fine-grained control
over features. Instead, a proxy interface can encode all spatial locations within a map without
a replication across features. It can then provide an interface for the control mechanism and
broadcast the attentional seed to all NProcs of a scale coding for the different features at the
corresponding location. Likewise, such proxy interface can aggregate the binding state from
all NProcs of a scale by marginalizing over the feature dimension and only retain the loca-
tion of the binding states. While such proxy interface comes at the cost of adding another set
of nodes for the spatial map representation, it reduces the representational complexity of the
interface with which a cognitive control mechanism or other areas of the brain would have to
interact.

Consequently, the proxy interface uses NInj = Lp +M connections to connect the cog-
nitive control mechanism with the levels of the hierarchy targeted by the respective injec-
tion method. There, M =∑Ll ⋅NF,l is the number of connections needed to connect the
interface to NProcs of each space-feature combination across all targeted levels l along the
hierarchy, i.e., Ll is the number of positions and NF,l the number of features in a level. This
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number M is identical to the number of connections a respective injection method would
require without the proxy interface. Conversely, the proxy method needs additional Lp con-
nections to connect the cognitive control mechanism with the interface, where Lp is the
number of spatial positions encoded by the interface. Thus, while the total number of con-
nections and nodes increase by Lp, the number of connections which are required from the
cognitive control mechanism itself reduce from M to Lp. This reduction becomes greater the
more levels l are targeted by the injection method. While the greatest savings are established
for the full injection case, already the case of targeting a single level results in a reduction
from Ll ⋅NFl to Lp.

2.3.5. Resulting model complexity. The proposed model combines the optimal com-
plexity cases for each of the components discussed above and further integrates them with
each other. Thus, it establishes a normative account for the considerations above. It combines
the different optimal components from the considerations of NProc coding, channel connec-
tivity and interface realization. Thus, the presented model uses NProcs with a ternary code
mapping the logical states, {noevidence, evidence, bound}, to the gradual output regimes of
the pyramidal cell model of zero firing rate, low to intermediate firing rates and high firing
rates, respectively. To stabilize these gradual output regimes, pyramidal cell model neurons
compete via inhibitory pooling across a local space-feature neighborhood. The pyramidal cell
model utilizes feedforward channels for base evidence signals entering the pyramidal cell’s
basal compartment and feedback channels for the compatibility computation entering the
cell’s apical compartment (cf. Fig 3). The binding state information is stemming from proxy
nodes marginalizing binding state information across features per location. It enters the pyra-
midal cell computation via a gating component effectively realizing the required “and”-logic.
The interface is likewise realized by making use of such proxy nodes. Yet, instead of utilizing a
different set of nodes for the interface, a further simplification is performed by using the same
proxy nodes for interfacing and model-internal binding state transmission. Therefore, the
required number of proxy nodes is further reduced by∑Ll from Lp +∑Ll to Lp. Likewise, the
required number of connections is reduced from NInj+∑Ll ⋅NB,l ∼O(Lp+M+∑Ll ⋅(NF,l+Pl))
to O(Lp +∑Ll ⋅P∗l ), where Ll ⋅NB,l denotes the fact that the binding state complexity per loca-
tion NB,l needs to be considered for the total number of locations Ll per level l and the mul-
tiplication by P∗l = (NF,l ⋅Kp,l + NF,l ⋅Kl,p) < Pl denotes the fact that the different levels l now
need to connect to the common proxy map p via a local neighborhood that maps their spatial
scale and vice versa, by Kp,l and Kl,p, respectively, instead of mapping to each adjacent level.
This results in a single proxy map, located in the interfacing module. It serves to encode bind-
ing state information and to signal it to NProcs of corresponding positions across the hier-
archy and to other brain areas involved in functions such as cognitive control or oculomotor
behavior.

3. Discussion
Here, we describe a mechanistic model of incremental binding that is able to successfully
explain a broad range of experimental evidence and implements the growth-cone hypoth-
esis. The model representations during simulation matched with neural correlates reported
in the literature, replicating phenomena of constant up-modulation to signal a task-relevant
object, distance-dependent onset of up-modulation [16], and growth-cone-like binding
speed variations in presence of distractors [14,17]. Furthermore, lesion studies identified the
causal involvement of specific connection types. Direct feedback connections between larger
scales of the hierarchical model are necessary to keep the growth-cone-like incremental bind-
ing properties intact. Without those connections binding was still able to proceed, but at an
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almost constant and lower speed. Beyond these findings, the model is also able to handle
more demanding stimulus configurations, such as intersecting curves, and extracts grouped
objects that conform with Gestalt laws of visual perception [4].

To achieve these results, the model only needs a single type of neural processors across the
hierarchical levels of the visual cortex module and utilizes a common interface for provid-
ing output to other nodes in the network. Neurons of the interfacing module filter the activ-
ities from the visual cortex module for their binding state by accumulating their output and
thresholding it against a high enough value. This threshold mechanism effectively filters visual
cortical activities for attended positions of task-relevance. A task module serves as a cogni-
tive control mechanism and provides external input to the interfacing module. This external
input takes the form of an attentional seed location and is triggering the incremental binding
process between the visual cortex module and the interfacing module.

These design decisions for the model can be contextualized within a theoretical frame-
work of incremental binding. Within this framework we identified constraints and evaluated
the individual model components against possible alternatives regarding their connectiv-
ity complexity, coding efficiency, and implemented logic. Finally, this complexity analysis
of the model and its components showed that the model compares favorably against other
viable alternatives for incremental binding architectures. Thus, it makes the proposed model a
good candidate for a normative account of incremental binding. To this end, we conclude the
section with a list of testable model predictions that arise from this proposal.

3.1. Incremental binding could be explained by an interplay of cortex
and thalamus
Based on the details of the presented architecture, the question arises how the model’s com-
putational structures may relate to visual cortical anatomy. Here, we propose a potential map-
ping of the computational structures to different areas of the primate brain. The mapping
considers underlying model assumptions and their relation to anatomical and functional evi-
dence from neurophysiology. While important aspects are understood already about neu-
ral correlates of incremental grouping and (sub-)cortical connectivity schemes in general,
much about the involved pathways and structures is still unknown. Thus, the model serves a
predictive purpose involving its components across Marr’s three levels of analysis (Fig 2).

3.1.1. Representations in visual cortex are organized hierarchically. The proposed
model is organized according to the structuring principles of the primate visual system. The
spatial hierarchy of representational levels best corresponds to visual areas along the ventral
pathway [69–71]. Furthermore, the receptive fields of model computational units increase
along the model visual cortical hierarchy (cf. Sect 4.1.1; Fig 12) similar to findings about cells
in the ventral pathway [61,72,73]. Another aspect are eccentricity-dependent receptive field
size effects [74,75] (cf. [76] for an analysis and model). Visual acuity largely depends on the
eccentricity of the visual location with respect to the foveal center [77]. The mechanism pro-
posed in this work was studied on a Cartesian grid without eccentricity effects. Thus, we take
the model as a first approximation to the processing in central, (para-)foveal regions where
such effects would be small and concentrate on the precise mechanisms that facilitate incre-
mental binding and dynamic contextual disambiguation. Further discussion and simulations
of eccentricity-dependent effects on the model’s processing can be found in the supporting
information (S2 Text).

3.1.2. Perceptual disambiguation happens in parallel across multiple areas. While the
visual cortex is organized hierarchically with respect to its representation, processing among
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Fig 12. Overview of relative projection sizes in model cortical areas and higher-order (HO) thalamic nucleus and exemplary feedback kernels.
(A) Relative projection sizes for neurons in model area V1. The reference size consists of the spatial scale from which a feedforward kernel would gather
information, i.e., a single grid element in the (x,y)-space of the area (V1FF). This feedforward kernel likewise corresponds to the neuron’s receptive
field. Neurons within each area of the visual cortex module receive projections from different neuron populations: inhibitory surround connections
(V1Inh), gating connections from the interfacing module (V1HO), and feedback projections from model area V2 with excitatory (V1FB_Exc) and
inhibitory (V1FB_Inh) component. Lateral and feedback projections extent over larger diameters than the driving feedforward projections in accord
with experimental evidence [61]. (B) Relative projection sizes for neurons in the interfacing module. In relation to a single grid element in the (x,y)-
space (PxHO), model HO neurons receive driving input from model areas V1 to V4 with an increasing projection size (HOV1 to HOV4, respectively).
Relative projection size circles are approximations to the real filter sizes (see S1 Text for additional information). A and B are not drawn up to the same
scale. (C) Approximate receptive field sizes in the visual cortex module. Spatial scales of filters increase along the hierarchy of areas in the visual cortex
module. With increasing hierarchical level, the map sizes of areas reduce in spatial resolution and coarsely aggregate information from the higher-
resolution lower area (center). Neurons in higher maps effectively achieve a larger integration size by filtering and subsequent downscaling. Upscaling
cortico-cortical feedforward kernels between areas onto retinotopic input size provides an approximation of the receptive field sizes (top). By means of
surround and feedback interactions actual receptive field sizes might differ from the depiction. (D) Exemplary feedback connectivity structure from
model area V2 to V1. Depicted are the spatial kernels between two V1 neurons of orthogonal orientation selectivity (top row; horizontal and vertical
orientations) and V2 neurons of all orientation channels (left column). V2 neurons of similar orientations provide excitatory feedback if aligned along
the direction of preference. Off-axis V2 neurons of any direction provide inhibitory contextual information instead. The colorbar indicates excita-
tory and inhibitory connection weights of a relative spatial location to the feedback signals. See Fig A in S1 Text for complete feedback connectivity
structure.

https://doi.org/10.1371/journal.pcbi.1012835.g012

each of the areas does not happen purely in sequence, but rather in parallel. Once an ini-
tial feedforward propagation of stimulus information has taken place, neural activity within
each area can develop interdependently on other areas by feedforward and feedback process-
ing [78,79]. Thus, information processing co-evolves concurrently across levels. This ongo-
ing concurrent interaction allows for extraction of stimulus information and computation of
contextual information early on, as well as for dynamic disambiguation at later time points.
An example of this late-phase disambiguation is seen in the experiments using line cross-
ings in the stimuli (Sect 2.2.4). There, the ambiguous crossing representation evolves early
on and only becomes biased towards a horizontal or vertical representation as neighborhood
information changes with attentional seed and context (Figs 7 and 8).
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3.1.3. Pyramidal cells integrate different processing streams. Neural processors within
each level represent pyramidal cells and their local inhibitory circuits. The model neurons
provide a close functional description of the underlying biological neuron’s computation.
They capture main findings, namely, apical-basal coincidence detection [60] yielding asym-
metric integration of feedforward and feedback signals [80], thalamic gating of respective
integration [81,82], and response up-modulation through attention [16]. That pyramidal cells
play a dominant role for cortical computation is likewise suggested throughout experimen-
tal and computational approaches (see [83,84] for an overview). Since the model’s frame-
work provides a clear guidance for the distinct roles of each connection type, one yields inter-
pretable neural representations. A direct mapping can be made between the concept of a
binding-state-dependent compatibility computation and the apical integration of the model’s
neural processor. Thus, the model provides a prediction in assigning such role to the apical
dendritic integration of pyramidal cells.

Not all pyramidal neurons are similarly sensitive to attentional up-modulation. Only about
half the recorded sub-population of V1 neurons seems to be susceptible to attentional up-
modulation (A-units), while the other half is not (N-units; [27,31]). A-units might compose a
labeling network that signals attentional relevance given a cognitive state, while N-units might
encode sensory information veridically [3,85]. The A-/N-unit distinction gave rise to theoret-
ical considerations about incremental grouping [3,15] and subsequent computational model-
ing [44,45]. Beyond their mutual correlative properties during incremental grouping [27], it
is yet unclear how A- and N-units are interconnected and how they functionally interact. The
presented model’s pyramidal cell units are similar to A-units leaving N-units beyond the cur-
rent scope, but without precluding their existence. N-units could hypothetically play role in
feedforward filtering and activity normalization to establish the initial base(-grouping) repre-
sentation. We assume that such more complex feed-forward processing may improve robust-
ness and flexibility (cf. discussion of parameter criticality in S1 Text) but would not qualita-
tively alter the algorithmic model considerations or its complexity requirements to implement
the incremental grouping process itself. A further strength of the current model description
lies in its generic neural model specification, which can describe A- and N-unit behavior by
different parametrization of the same set of equations (cf. discussion in [86]). This way it is
as well conceivable to model a population of neurons with a gradual distribution of A- and
N-unit-like properties.

3.1.4. Higher-order thalamus reciprocally interacts with cortical areas. Another
important component of the model consists in the interfacing module. It implements a neu-
ral sheet of proxy nodes, serves as an interface between hierarchical levels of the visual cor-
tex module, and gates the apical-basal integration of model pyramidal cells. We suggest that
this proxy node computation is best matched by higher-order proportions of the visual thala-
mus, such as the pulvinar. This suggestion is supported by experimental evidence as discussed
below. Still, our suggestion poses a model prediction as no distinct measurements for causal
thalamo-cortical interactions during incremental binding exist to date.

Anatomically, higher-order thalamus forms direct connections with several cortical areas
along the visual pathways [87,88]. Given these many direct connections, thalamus and corti-
cal areas are reciprocally connected in a shallow hierarchy [62]. There, visual cortical areas are
predominantly connected to the pulvinar [89] forming overlapping projection regions [88,90]
of which at least two are retinotopically organized [91–95]. The presented interfacing mod-
ule likewise establishes a shallow hierarchy by direct connections with the different model
visual areas. This allows for fast communication between areas which would be otherwise
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considered distant in a hierarchical view, such as V1 and the task module (Fig 3). Impor-
tantly, this allows for attentional selection and up-modulation to align at roughly the same
onset latencies, as measured during visual curve tracing [32].

Functionally, pulvinar regions are involved in processing of visual stimuli [96]. Findings
indicate roles in processing visual salience [97], space- and feature-properties [98–100], action
formation [101–105], and attentional processing [106–108] and selection [109,110]. More
generally, the pulvinar was found to gate cortico-cortical information transmission [106,111],
and, likewise, pulvinar representations seem to be gated by cortical attentional influences
[112]. Such mutual exchange of attentional signals resembles the interaction of the proposed
interface module in the model with the model visual cortical areas (e.g., Fig 4B). Whether the
thalamic representation is rather featureless or coding for specific features, like visual motion
or motor information [99,100], is not completely clear yet. But, overall, the thalamic repre-
sentation seems to be involved in task-related processing [109,110] and is lower-dimensional
than that of the associated visual cortical areas. These properties are likewise crucial factors of
the proposed interfacing module.

Inactivation of the pulvinar has been found to affect performance in attention paradigms
[113] and filtering of visual distractors [114–116] up to a point that area V4 is thought to
enter an “inactive state” during visual processing of stimulus changes [107]. Pulvinar inac-
tivation furthermore affects cortico-cortical interactions showing that a causal relationship
between pulvinar and visual (attentional) processing exists [117]. Such coordination of atten-
tion and task-dependence might be relayed through pulvinar from frontal cortical regions
forming a fronto-parietal network [118,119]. At the level of pyramidal cells in cortex recent
neurophysiological evidence suggests a gating role of thalamic input sources for apical-basal
integration [82]. We modeled the thalamic control on the apical-basal integration process
through direct coupling onto the pyramidal cell apical trunk. A more detailed implementation
might mediate such control indirectly via apical (dis-)inhibitory circuitry [120–123]. Such
a dis-inhibitory circuit could then also account for further pathway-specific gating [124] or
aspects of thalamo-cortical interaction in synaptic long-term adaptation [125]. Similarly to
pulvinar inactivation [117], the model lesion experiments indicate a causal role of the inter-
facing module in attentional processing (Fig 6).

3.1.5. Higher-order thalamus mediates phases of attentional processing. At the com-
putational level, several theoretical frameworks have been proposed which are based on the
experimental findings discussed above. Adaptive circuitry in pulvinar could support functions
of visual cognition [126] and might mirror the ventral-dorsal processing pattern of visual cor-
tex [127]. Cyclic (dis-)engagement of attention coordinated via thalamic nuclei led to the pro-
posal of a rhythmic theory of attention [128]. There, theta-band oscillations coordinate phases
of attentional engagement with visual stimuli (sampling, exploitation) and attentional dis-
engagement to shift attention between processing sites (shifting, exploration) [129]. In line
with this theory, behavioral performance was shown to fluctuate in a theta rhythm [130–132].
During complex tasks also other frequency bands may be important, such as the alpha-band
during memory tasks [133]. The role in leading and following the theta-band oscillation shifts
between the fronto-pulvino-parietal network depending on the respective processing phase
[128]. In the proposed model several modules likewise interact via the interfacing module
to exchange information for attentional processing of stimuli. There, rhythmic phases can be
identified during which a module provides input to the interface or receives output from it.
For example, the task module first provides an attentional seed as input to the interface and
triggers the binding process, while later on it can receive output from the interface in terms of
the final tracing outcome (Fig 4C).
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Coherence of theta-band oscillations could establish functional networks between cortical
areas [134] to monitor and coordinate attentional task demands [135]. This coherence may be
mediated by higher-order thalamus [136] with waxing and waning theta-band power depen-
dent on attentional engagement [119,137] and may be reduced under prolonged attentional
exploitation [138,139]. How brain-wide frequency-band specific oscillations relate specifically
to the attentional setting encountered in incremental grouping has not been specifically inves-
tigated yet. We propose that the model simulations provide an idealized view on the atten-
tional spreading mechanism under sustained, on-going attention, where theta-band activity
is low and frontal and occipital visual regions interact coherently [139]. There, the interfac-
ing module concurrently communicates incremental binding states to the model visual cortex
areas and the task module to keep them in sync. Once a perceptual decision is reached, the
task module might alter the state of the interfacing module and shift the seed of attention to
a new position to start another cycle of attentional processing.

3.1.6. Thalamic spiking and attentional processing. While the presented interfacing
module employs rate-based neurons, thalamic neurons possess response properties that allow
for interesting predictions about a spike-based model extension. Thalamic neurons across dif-
ferent sub-divisions exhibit two distinct modes of firing [140–142], namely tonic and bursting
mode firing, with relations to slow-wave sleep states [143], activity synchronization [144] and
sensory information processing [145], such as detection versus discrimination [140,146]. The
firing mode depends on hyperpolarization from inhibition [147] where prolonged process-
ing periods and adaptation to sensory input result in tonic firing regimes [140,148], while the
first stimulus response is oftentimes a thalamic burst [145,149,150]. Furthermore, thalamic
bursting has been shown to reduce cortical theta-band coherence [151].

A spike-based version of our thalamic model would have a clear relation between tonic-
vs.-burst mode firing and theta-band-related phases of attentional (dis-)engagement and pro-
cessing (Section 3.1.5). Thalamic processing sites under prolonged attentional engagement
would reside in a tonic firing mode and synchronize with respective cortical neurons in a
theta-band regime. Thalamic neurons at unattended or actively ignored processing sites may
become less active due to inhibitory influences. This inhibition may be lifted during atten-
tional disengagement and sampling. Post inhibition, thalamic neurons will reside in burst
mode and yield higher susceptibility to cortical sensory evidence. Therefore, previously unat-
tended sites will have an elevated probability of being detected and selected by the prefrontal
task module for the subsequent phase of attentional engagement and tonic-mode firing.

3.1.7. Cognitive theories rely on thalamo-cortical interactions. From the cognitive pro-
cessing perspective, the role that was assigned to the thalamus has changed in light of evi-
dence from the past decades. From being a mere relay station that duplicates (sub-)cortical
signals its role has now become a more important one involved in coordination of cortical
signaling [152,153]. Yet, its precise functional role is still debated and led to a range of (non-
)exclusive suggestions [154]. Suggestions closest to the original relay station idea assign the
thalamus the role of a gatekeeper [155,156] or switchboard [157] selectively (de-)activating
trans-thalamic signals. Similar to this is the idea of the thalamus as a hub [158–160] integrat-
ing different signal streams and promoting them to other brain regions for different cognitive
functions. Focusing on the integrating behavior of the thalamus, but for more specific corti-
cal functions, it has been suggested that thalamus serves as (part of) a blackboard [161,162].
There, cortical processes can write information to the thalamus to store and update infor-
mation, and read from it to communicate with each other. In this regard, thalamus would
store current system state information and provide a buffer that exposes a common interface
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to different cortical areas which take part in executing a common function. A similar black-
board role has been suggested for primary visual cortex [163,164] opening up the possibility
that thalamus and visual cortex jointly implement a blackboard. Focusing rather on behav-
ioral implications, the thalamus could play a task-related role as well (cf. Section 3.1.4). In a
broader view of a hub that integrates processes across cortical sites it is also suggested that
thalamus serves as a gateway for permitting information and regions into a conscious state
[165–170]. In a recent review Cortes et al. discuss the role of the pulvinar in global cortical
brain networks for visual processing further [170]. In this review they identify the pulvinar
as a structure modulating cortico-cortical signaling and provide links to the global neuronal
workspace (GNW) theory of conscious processing and predicitve processing paradigms. In
these paradigms the pulvinar may serve the role of establishing an integrated state of pro-
cessing by enhancing cortical processing, e.g., enhancing coincident cortical inputs to an
area during the ignition phase of the GNW, or regulating the transmission of (un-)reliable
cortico-cortical information in predictive inference processing.

In our model the thalamic regions are modeled by the interfacing module and are assigned
properties of task-related coding, interfacing, and blackboard functionality. In terms of a task-
related role, it aggregates coarse-grained location-specific information about task-relevant
integrated representations from cortical pyramidal cells. In terms of an interface, it can be
used as such for attentional control, as the task module can provide a seed location of atten-
tion to the visual cortex module via the interfacing module’s proxy nodes. As a blackboard,
the interfacing module contains the binding state of the visual cortex module, aggregates it
in a map, and provides supra-threshold activity for those positions that signify binding states.
As a hub or gateway, the interfacing module projects this supra-threshold activity back to the
visual cortex module to enable cortico-cortical feedback integration. This aspect of the inter-
facing module is similar to the proposal of Cortes et al. in that it helps to build an integrated
global network representation [170]. The predictive processing aspect of the proposal from
Cortes et al. may seem in stark contrast with our model at first, in that predictive processing is
oftentimes associated with subtractive mechanisms and activity reduction, while the proposed
model is built on cortical activity enhancement through thalamo-cortical interactions. In fact,
these two views can be reconciled since predictive processing by mechanisms of enhancement
are more likely candidates for realizations in the brain [123]. Overall, the interfacing mod-
ule takes part actively in the binding process and exerts cognitive control onto the cortical
architecture based on task-related guidance signals in line with existing evidence.

3.1.8. The multiple sites of attentional processing. In our model the thalamic nucleus
serves as an interface for attentional signaling between the visual cortex module and other
modules of attentional control. These other modules are abstractly subsumed as the task mod-
ule. For the strict functioning of the presented simulations, it would not be necessary to factor
out a separate task module from the interfacing module. Yet, this segregation highlights the
role and flexible attribution of the source of attentional processing. Such task module provides
attentional control to the visual cortex module arising externally to the interfacing module but
communicates this signal through the interfacing module.

Where such task-related signals are generated before they are passed to the interfacing
module, and whether these sites represent the locus of attention in a similar spatial map,
is beyond the scope of the model. Many brain regions and sub-systems have been reported
to be involved in attention, but whether each plays a causal role is not yet clear [171,172].
Several cortical regions are plausible candidates representing such locus of attention. Candi-
date regions are prefrontal regions, such as the frontal eye fields (FEF) [32,173,174], poste-
rior regions, such as intraparietal sulcus (IPS) [175], or also temporal areas [176], such as the
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dorsal part of the posterior inferotemporal cortex (PITd) [177]. Additionally, other sub-
cortical sites, such as the SC (Superior Colliculus), further modulate this processing by thala-
mic projections [178,179].

While above evidence suggests that especially higher-order thalamic sites play a relevant
role in cortical attentive function, it nevertheless cannot be ruled out, that the role of the
model’s interfacing module is not representing higher-order thalamic sites. Instead, other cor-
tical areas could directly function as an interfacing module with likely candidates from the
above being PITd [177] or IPS [175]. In this case, the specific connectivity pattern, as implied
by the model, is rather unlikely. There, the candidate cortical area would need to connect to
the apical dendrites of each pyramidal cell in the visual areas and subserve a specific gating
role. Such gating signal would need to be distinct from the contextual evidence aggregation
communicated by other apical feedback input, and therefore, would likely require a different
kind of connection type to selectively impact the computation.

Thus, given our findings, we suggest that incremental binding might best be explained by
an interplay between cortex and higher-order thalamus.

3.2. Broader implications of the complexity considerations
The investigations about the complexity of different computational motifs for incremental
binding and their connectivity patterns serve a broader purpose beyond judging the proposed
model’s complexity. Our assumptions and constraints extend an earlier framework for algo-
rithmic descriptions of incremental binding [13,15]. The framework allows to reason about
incremental binding on an algorithmic level and our complexity considerations can help in
guiding further modeling constrained by empirical as well as computational restrictions. Fur-
thermore, existing models can be analyzed with respect to design decisions (Fig 10B) and
how well they fit a normative account regarding their coding and the representational or con-
nectivity complexity. Dependent on the model these decisions are either made explicitly or
implicitly. When it comes to coding for the different states of a node, different choices are
possible. These choices can be, e.g., the introduction of a separate population and/or channels
for the incremental representation versus the base representation [43–45,47–49,180]. Like-
wise, a multi-step approach could be a solution to provide distinct phases of base evidence
accumulation vs. incremental binding propagation [10,42]. Furthermore, existing learning-
based architectures, for which the relationship between different pathways and neurons in the
network and their representational role might be less clear, could be analyzed in this regard
[50,65,181,182].

Unlike the previously mentioned models, the currently proposed model does not foresee
completely separate populations for the base representation and incremental binding state,
nor does it require phasic processing. Instead, it utilizes neural processors with basal and api-
cal integration sites and a by-pass route via the interfacing module, that specifically filters for
binding state information (Fig 3).

Investigating all the different models further with the tools used here, e.g., regarding com-
putational and representational complexity, could provide further insights into the conceptual
strengths and weaknesses of the respective models. Likewise, these comparisons could pro-
vide further insights into which model choices lend themselves for easy trainability within
(deep) learning frameworks and shed light on why that might be the case. Also, models
become comparable based on quantities of representational and computational complex-
ity. There, the implementational overhead per model can be estimated in relation to an ideal
realization that optimally incorporates the outlined complexity considerations.
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The design space laid down by our considerations offers additional modeling solutions,
which have been unexplored so far. For example, the same neural processor could code for
gradual base evidence via tonic firing rates and switch into a state propagating binding infor-
mation by providing higher-rate bursting output with a distinct temporal signature. There,
different recipient nodes could filter the neuron’s output for low- vs. high-frequency codes to
provide multiplexing among a single neuron’s output channel (one channel, ternary NProc
solution, Fig 10B; [183]).

3.3. The broader context of binding and visual-cognitive architectures
The investigated architecture and proposed framework focused on incremental binding mech-
anisms in visual grouping. Nevertheless, one of the underlying assumptions for all the con-
siderations has been that visual cortex is capable of flexible processing dependent on task
demands and attention. Thus, it should not only be able to perform incremental binding, but
can engage in different visual functions, such as grouping, searching, comparing, or tracking
objects.

This generality and flexibility have been discussed in the context of visual routines [8,9]
and cognitive programs [10]. The common idea is that, similar to a computer, visual cor-
tex can make use of different encapsulated computational motifs to find solutions to specific
tasks, and that more complex tasks can be tackled by compositions of these simpler motifs.
The model proposed here implements one such motif, namely incremental binding. As an ele-
mental operation, it therefore needs to be able to read data, e.g. from the task-module, store
data in the interfacing module, and perform recursive binding starting with the attentional
seed and ending when no further increment to the grouped object is encountered. What is
missing so far in terms of visual routines and cognitive programs for the proposed model is
the flexible combination with other operations and a task-dependent selection of the respec-
tive operations. Nevertheless, the proposed model provides a clear interface for possible inter-
action with a cognitive control mechanism for exchange of intermediate results with other
operations and does not possess any hard-coded components that would restrict its function
purely to incremental binding.

To realize the elemental operation of incremental binding the system is evolving in a
decentralized and parallel fashion. Yet, the incremental binding process unfolds only sequen-
tially in time and localized in space. It depends on the availability of local neighbors for com-
patibility computations and on a gating process that is likewise dependent on a local neigh-
borhood. This parallel-yet-sequential processing has similarities to earlier work [3,6,7,184],
where decentralized processes operate in parallel until a sequential bottleneck forms a deci-
sion, that then can lead to the next step of a parallel execution process. For the case described
here, this formation of a rather discrete decision (bound vs. not bound) is happening by the
accumulation process within the interfacing module. It accumulates the evidence for a bind-
ing state at the respective position across a decentralized pool of neurons in the visual cortex
module. Dependent on the state of this accumulation the interfacing module then gates the
parallel and decentralized apical-basal integration processes of the pools of neurons among
the hierarchy of the visual cortex module.

On a broader scope, the model is compatible with theories of cognitive architectures. For
example, the model’s interfacing module could be interpreted as a buffer of visual information
in terms of ACT-R [185]. Likewise, the flow of task information in the model is compatible
with considering it as a parietal-prefrontal processing sub-system [186]. In such framework,
a task-module first triggers a computational motif in the visual cortex module and later on
reads out the resulting attended object.
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Relating the model to other theories of binding and object-based attention commonalities
and differences can be found. In comparison to the feature integration theory (FIT) [53], the
model would not represent specific stimulus features, such as contour or color in a decom-
posed fashion, rather they would be assigned to a common high-dimensional feature space
in the visual cortex module, where different neurons would be differently selective to differ-
ent features. This distinction from a decomposed representation of feature spaces only will
become clear in more sophisticated model versions, since so far, the model was concerned
with processing only a single feature dimension, i.e., oriented contrast information. A com-
ponent in common with FIT is the existence of a spatial relevance map that helps guiding
the selection of what places should be bound. In the proposed model this role is assigned to
the task module, which provides attentional selection to the other modules of the model. In
comparison to a more recent conceptual proposal for an architecture of attention [59], the
model’s interfacing module possesses commonalities with the idea of gain maps. Gain maps
interact with a hierarchically organized stream of levels that perform feedforward-feedback
interactions. There, mutual projections between hierarchical levels and gain maps selectively
influence the respective hierarchical processing in favor of the maps’ contents. This motif of
selectively biasing processing is also found in the model’s interfacing module. It does so by
representing a spatial projection of binding state information from the visual cortex module
and back-projecting this information onto a local neighborhood across the hierarchy. Yet, the
interfacing module is mostly concerned with mediating this process of selection and could
likewise be influenced from other gain-map like areas that influence the selection process
further (cf. Sect 3.1.8).

3.4. Model predictions
Based on the modeling contributions with operations on multiple levels of analysis and its
inspiration by experimental evidence, several model predictions can be derived:

• Incremental grouping happens by a state of coincidence detection leading to response
amplification within pyramidal cells [60]. Thus, processes gating this apical-basal
integration play a crucial role in incremental binding. As a consequence, attentional
visual binding, and therefore incremental grouping, is causally dependent on gat-
ing signals from higher-order thalamus [82]. This implies relations to the states of
(un-)consciousness under which the incremental binding operation could occur [169].
To completely understand this interfacing and gating it may be necessary to extend
investigations from a single nucleus to a network of thalamic nuclei instead. Yet we sug-
gest that the first region to test would be the pulvinar given the mentioned evidence
(Sections 3.1.4 and 3.1.5).

• Growth-cone-like tracing speed variations are established by grouping within different
visual areas at different resolutions. These grouping processes are influenced by spatial
context information that is transmitted by feedback projections to apical compartments
of pyramidal cells. Deactivating such contextual feedback projections between higher-
level areas would require tracing to only rely on lower areas. These lower areas receive
more localized feedback from intermediate levels resulting in slower tracing speeds
(Fig 6). That this tracing happens depends on the coincidence of feedback with feed-
forward information. For simple, solid line stimuli this feedforward information has
been extracted by a base grouping process. How tracing would extend to illusory con-
tours remains an open question. It will require to reveal which base-grouping processes
establish illusory contour representations and where along the visual hierarchy they are
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established. For example, incremental grouping could then require intermediate-level
cortical areas beyond V1 to access base representations.

• Incremental binding is a generic mechanism that acts similarly upon different repre-
sentations dependent on task demands. The prime examples are incremental grouping
of contour or surface elements. As a result, the process is highly decentralized, but an
integrated functional network can be formed by apical contextual signaling and cortico-
thalamo-cortical interaction. Even if our prediction about the role of higher-order
thalamus in this computation would be falsified, the complexity analysis still predicts
structuring principles for the algorithmic and implementational level. For example, the
analysis predicts that there should exist lower-dimensional integration nodes, or hubs,
that serve to reduce dimensionality and therefore connectivity complexity. This impact
on the complexity of the binding operation becomes even more tremendous if it acts
upon a high-dimensional base representation, as required for real-world scenes. If such
a dimensionality reduction principle is at work, the complexity analysis predicts addi-
tionally, that the attentional binding should be a compound of a context-and-feature-
specific and an attention-dependent feature-unspecific processing stream represented at
distinct computational nodes of the underlying neural network (Fig 10D and 10E).

The above predictions outline incremental binding as a multi-scale multi-area problem
operating in a context dependent fashion. Thus, to understand the underlying mechanisms
thoroughly, further experimental and theoretical investigations need to be conducted. For
these investigations the above model predictions provide guidance to better understand and
constrain the exploration space.

3.5. Limitations and possible extensions
3.5.1. Solving more complex visual tracing problems. The framework and model have

been developed to investigate incremental binding processes operating on oriented contour
segments. It has also been tested on additional, more demanding tracing configurations, such
as broken lines [5], curvatures [35], clutter [5], and intersections [38]. Further stimulus con-
figurations have been reported in the literature, but were not considered here. These incor-
porate additional features, such as color, or other elements as line components, e.g., Gabor
patches [5]. Additionally, the experimental evidence covers surface- and object-based cases
of incremental grouping [14,34,40,41]. Overall, scaling the proposed model to such tracing
stimuli will require an extension of the base representation’s feature space.

The range of model simulations shows that the model already covers a broad range of stim-
uli from the literature (cf. Section 2 and S2 Text). Likewise, it becomes apparent that for some
of the configurations additional feature space components would be required to yield more
robust and generalizable simulation results. For example, grouping currently becomes impos-
sible once the element spacing of dashed lines increases beyond a certain limit or if distractors
are placed too close by. Incorporating additional base grouping mechanisms, such as long-
range filters [187–189], could therefore enrich the representation. Furthermore, the model
is able to incrementally group contour elements in the presence of crossing contours relying
on Gestalt properties of good continuation, but does not work properly if lines meet under
acute angles (Sections 2.2.4 and S2 Text). A possible solution would be to extend the rep-
resentation by introducing end-stop-, junction-, or curvature-selective neurons [44,45,190,
191]. Incorporating curvature-selective units could further enrich the model simulations to
make tracing speeds curvature-dependent, and, thus, more similar to experimental evidence
([35]; cf. Section 2.2.5). An extension to surface-based incremental grouping processes [14],
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likely requires incorporating elements of surface-coding and border ownership computation
[192,193].

Another example of a more complex interplay between features consists in a version of the
curve tracing task which is based on motion coherence [20]. While a model for this task exists
[194], it remains unspecific with respect to the incremental versus parallel nature of binding
and invites for further investigations using the model proposed here with a base representa-
tion extended for motion processing.

Notably, all the additional representational elements mentioned above would lead to
enhanced base grouping and a richer base representation. Upon this parallel processing, the
proposed incremental mechanism would still perform the sequential spreading as proposed,
given that the compatibilities in the enriched feature space are correctly expressed in terms
feedback projections.

3.5.2. Model extension to realistic visual scenes. Another interesting direction con-
sists of extending the framework beyond incremental grouping displays to more realistic
feature spaces and object(-part)-level representations [11]. Real-world images exhibit high-
dimensional feature spaces with intricate relations between features, such as color, texture,
and shape. Ambiguities may only be resolved by incorporating higher-level semantic con-
text, for example, what kind of action a person is performing with an ambiguous object. Such
information provides selective context about which locations of a scene to group to the seg-
mented object. A first step to incorporate such semantic context may consist in trying to flexi-
bly connect the proposed model with object category information extracted by another model
for object processing (cf. [195] for an overview). We predict that the interaction skeleton
expressing compatibilities of spatial features with these semantic elements will become more
complex, but that the incremental binding mechanism operating upon this skeleton will stay
the same. Thus, the proposed model’s incremental binding mechanism should be extensible to
more complex configurations and ultimately be scalable to real-world scenarios.

3.5.3. Learning the incremental binding operation. Scaling the proposed model to real-
istic feature spaces will make handcrafting of filters prohibitive. Therefore, it will be useful
to further investigate the proposed model in the context of learning an artificial neural net-
work (NN) architecture, for example, adapting a deep NN or deep recurrent NN. Such NN
model architecture can then be trained and evaluated on contextual binding tasks [196] or
segmentation challenges [42,65,197]. There, it can then be compared to other deep learning
models with relation to incremental binding that have either been investigated on distinct
contour image data [47–49,65], or image segmentation datasets [42]. Exemplary results on
the pathfinder dataset [65,66] indicate that the presented model is generally able to solve such
segmentation challenges (Fig 9F and 9G), but learning to solve the complete dataset is left for
future work.

The task of the pathfinder challenge is to detect the connectedness of two dots by target
line elements placed within a field of similar distractors [65]. The network proposed alongside
the dataset uses the newly introduced horizontally gated recurrent unit (hGRU) as a building
block to solve the task. A comparison with our model reveals similarities and differences that
open up avenues for future investigations. In the hGRU model propagation of contour group-
ing information happens within the hGRU block after input transformation by a convolu-
tional layer, which is similar to providing a base representation for a subsequent incremental
process. The hGRU unit consists of two interacting states, which are motivated from dynam-
ical neuron descriptions of interacting excitatory and inhibitory cells, similar to our model.
Yet, for the hGRU model it is not clear from the state interactions, how the grouping arises on
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a mechanistic level. Synthesizing deep neural network building blocks from the model pro-
posed here may be able to yield such a mechanistic explanation. In comparison to the hGRU
model that computes grouping on a single scale, our model would consist of a hierarchy of
interacting recurrent units (Fig 3B) at different spatial scales (model visual areas) and a gating
mechanism connected in parallel (interfacing module; Fig 3A). While training such network
might be a challenge, similar recurrent units have been trained successfully already on sim-
plified tasks using backpropagation through time [198]. Also, further promising approaches
exist, such as RELEARNN [47–49] or C-RBP [65], to eventually train the proposed
model.

3.5.4. Understanding thalamo-cortical interaction. Regarding the modeling of thalamic
function in thalamo-cortical interactions, relations to other existing relevant models would
be of interest. Logiaco et al. show how exerting control over cortical computational motifs
can be efficiently realized by smaller populations of thalamic neurons [199]. There, ensembles
of less detailed model neurons and the connection density are the guiding principles. Munn
et al. show how the formation of state-dependent pyramidal cell bursting can be linked to
thalamo-cortical interaction [200]. They provide an information-theoretic investigation and
link the thalamo-cortical interaction to a maximization of integrated information in pyra-
midal cell computation. Remaining on a finer physiological level, the simulations, yet do not
imply a specific algorithmic function, but rather provide an argument for optimized infor-
mation transmission. In a related large-scale model for more abstractly investigating attrac-
tor dynamics of thalamo-cortical interactions, Müller et al. show how thalamus can play an
important role in shaping the cortical information state regarding consciousness [201]. Like-
wise, a joint analysis-and-modeling study of magnetoencephalography (MEG) data indicates
the important role of cortico-thalamo-cortical interactions in changing functional network
connectivity during stages of a cognitive task [202]. Investigating interrelations between these
models and the work presented here could further the understanding of thalamo-cortical
interactions.

3.5.5. Further complexity analyses. Further insights could be obtained by challenging
the complexity analysis (Section 2.3) and existing models concerning, e.g., the growth cone
hypothesis. For example, the analyzed attentional seed injection methods investigated in
Section 2.3.4 identified a shortcoming for direct top-injection. Interference cases between the
target object’s representation and a nearby distractor renders this case ineffective prohibiting
backprojection of the binding signal. Yet, a solution could exist if, e.g., the investigated fea-
ture space becomes high-dimensional enough, such that the interference is resolved simply by
the sparsity of the high-dimensional embedding. Testing such ideas also experimentally might
shed further light on how the brain implements incremental binding on a neural level. Addi-
tionally, the proposed framework could be used to consider how easy or hard it is to learn
specific required connectivity structures (Fig 10B) and parameter combinations for different
models to judge their biological plausibility.

Furthermore, the proposed model has been designed keeping in mind the necessity of
providing an efficient and flexible interface for visual operations. Thus, the architecture
and the theoretical complexity analysis could be used to investigate visual search. Visual
search is commonly investigated by theories that try to explain binding in the brain [1,
203,204], and therefore constitutes an interesting target for further model investigations.
A resulting model may then be able to implement both, incremental binding, and visual
search.
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4. Materials and methods
4.1. Model details

4.1.1. Network model. On a network level, our proposed model can be described as
a graph of nodes (neural processors) and channels (directed connection types). Nodes are
arranged in retinotopic space and code for certain input features, i.e., orientations, form-
ing feature maps of a model area. The areas of the visual cortex module form a scale space
and have a relative spatial size with respect to the input of [1, 0.5, 0.25] for the areas V1, V2,
and V4, respectively (Fig 12; parameters sV in Table A in S1 Text). This scale space results in
smaller maps of reduced spatial resolution for higher levels of the hierarchy (cf. Figs 4A and
7B). The interfacing module likewise forms a retinotopic map, but only with a single feature
channel, i.e., the binding state, and a relative size of sHO = 0.66 ranging between the spatial res-
olution of V1 and V2. The channels connecting the neural processors are modeled by local-
ized interaction kernels. Kernels abstractly represent underlying neural connectivity patterns
and provide weighted connections to nodes in a local space-feature neighborhood around the
target position (cf. Fig 12D for feedback connectivity; cf. Fig A in S1 Text for a complete illus-
tration). The neighborhood size depends on the connection type, i.e., driving feedforward,
inhibitory surround, gating input, and feedback (Fig 12A and 12B; [61]). Updates among
these connections are propagated by computing the convolution of the respective kernel with
the source nodes. Overall, the application of a kernel is performed by

gTrgt,Src(xi, yi,𝜃i) = f(resize((ΛC
𝜃i
∗ rSrc)(x, y,𝜃), sTrgt)). (1)

Each node has a certain retinotopic position xi, yi and a feature value 𝜃i it is coding for.
Here, ΛC

𝜃i
describes the kernel of channel type C that represents channels connecting the

source node Src with the target node Trgt based on the source node’s activity level rSrc. The
∗ operator denotes a spatial convolution with circular boundary treatment among the fea-
ture dimension and zero-padding among the spatial dimensions. A resizing operation
resize(●, sTrgt) is applied after each convolution using linear interpolation in space, such that
the filter response “●” matches the target map’s spatial size. Joint filtering and resizing effec-
tively implement a scale space, where down-sized maps span larger input distances at lower
spatial resolution (Fig 12C). Thus, when cortico-cortical projection kernel sizes are measured
in terms of neurons covered, a rather constant parametrization can be utilized across the dif-
ferent scales of the hierarchy (cf. S1 Text). When kernels are expressed in terms receptive
fields in input space the hierarchical scale space becomes apparent (Fig 12C). To restrict the
range of input values to each node, the convolution operation is followed by a non-linearity
f(x) =min(max(x, 0), 1) that realizes a rectified linear response with saturation ceiling level.

The overall connectivity scheme of the network is given by Table 1. Within the network,
four types of channels exist: feedforward (FF), feedback (FB), and proxy-related, with a dis-
tinction into channels projecting to (B1) and channels projecting from (B2) the thalamic
interfacing module. The local pyramidal cell processing of a neighborhood is aided by an
inhibitory (Inh) interaction.

The respective kernels between nodes of the hierarchical levels are space-feature separable
and defined by

ΛC(x, y,𝜃) =ΛC(x, y) ⋅ ΛC(𝜃), (2)

where ΛC(x, y) defines the kernel component in retinotopic space and ΛC(𝜃) the kernel along
the feature dimension. There, kernels of the feedforward channel C = FF consist of a Gabor
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Table 1. Network connectivity structure. See text for details.

From
To Inp V1 V2 V4 HO S

Inp - FF - - - -
V1 - Inh FF - B1 -
V2 - FB Inh FF B1 -
V4 - - FB Inh B1 -
HO - B2 B2 B2 - -
S - - - - B1 -

https://doi.org/10.1371/journal.pcbi.1012835.t001

kernel for the spatial component

ΛFF
𝜃i (x, y) =Gabor𝜎,𝜆,𝜃i(x, y), (3)

with a standard deviation 𝜎 for its envelope, wavelength 𝜆 = 2 ⋅𝜋 ⋅𝜎, and orientation selectivity
𝜃i, and a Dirac kernel along the feature component

ΛFF
𝜃i (𝜃) =Dirac𝜃i(𝜃), (4)

for a given target node’s orientation 𝜃i.
Kernels of inhibitory type C = Inh consist of a Gaussian kernel along the spatial dimension

ΛInh(x, y) =Gauss𝜎(x, y), (5)

with standard deviation 𝜎 and a uniform kernel along the feature dimension spanning all
feature channels, i.e., size 𝜌𝜃 = n𝜃 ,

ΛInh(𝜃) =Uniform𝜌(𝜃). (6)

The composite inhibitory kernels have been normalized to a sum of 1.
Kernels of feedback type C = FB consist of a Gabor kernel along the spatial dimension

(Eq 3) and two feature kernels that are separately convolved with the positive and negative
values of the Gabor filter respectively (Eq 2). While the feature kernel for positive values is
given by a rectified cosine half-wave

ΛFB
𝜃i ,+(𝜃) =max(cos𝜃i(𝜃), 0), (7)

the feature kernel for negative values ΛFB
𝜃i ,–(𝜃) is a uniform kernel (Eq 6). The feedback con-

ductance is computed by filtering the input from the next higher level with each of the kernels
ΛFB
𝜃i ,+(x, y,𝜃) and Λ

FB
𝜃i ,–(x, y,𝜃) separately and afterwards adding up the result:

gTrgt,FB(xi, yi,𝜃i) = gTrgt,Src
+ (xi, yi,𝜃i) + 𝜉 ⋅ gTrgt,Src

– (xi, yi,𝜃i), (8)

where 𝜉 is a scaling factor for the negative contribution of the feedback signal. Gabor filters
for both, FF and FB connections, had a phase shift of 0 (even component), an aspect ratio of
1, and had their positive and negative values normalized to sums of 1 to compensate for the
DC component. To avoid cut-off artifacts matrix sizes of the Gaussian and Gabor kernels were
set to 1 + 2 ⋅ 5𝜎.
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The kernels connecting the hierarchical levels of the visual cortex module with the inter-
facing module are defined as follows. Binding channel connections of type C = B1 connecting
a hierarchical level source Src∈ {V1,V2,V4} to the interfacing module Trgt =HO are given
by a composite kernel (Eq 2), where the spatial component, as well as the feature component
are defined by uniform kernels (Eq 6; with limited extent in space 𝜌x×𝜌x and spanning all fea-
ture channels 𝜌𝜃 = n𝜃). The binding channel connections of type C = B2 connecting the inter-
facing module Src =HO to a hierarchical level target are purely spatial kernels. Remember
that the interfacing module does not code for any feature 𝜃 and the connections are likewise
defined by uniform kernels (normalized to sum of 0.5) with limited spatial extent (Eq 6).

4.1.2. Pyramidal cell model. Within the network each node represents a neural proces-
sor that abstractly captures the computation of a local neural microcircuit of finer detail. For
the hierarchical levels’ nodes, this microcircuit can be represented by a cortical column model
[205]. We describe its computation by means of a pyramidal cell, which is thought to be the
most relevant processing element of such microcircuits [83,84]. The pyramidal cell model
consists of two dynamical equations describing the temporal evolution of basal b and apical
a membrane potentials:

𝜏V
b ̇vV

b = –vV
b ⋅ gV,Leak

b +(𝛽V
b –vV

b ) ⋅ gV,Exc
b –𝜅V

b ⋅ vV
b ⋅ hV,Inh

b , V∈ {V1,V2,V4} , (9)

𝜏V
a ̇vV

a = –vV
a ⋅ gV,Leak

a +(𝛽V
a –vV

a ) ⋅ gV,FB
a , V∈ {V1,V2,V4} . (10)

Such cells reside on all levels V of the model hierarchy, i.e., areas V1, V2 and V4. These
conductance-type equations capture the integration of basal, peri-somatic influences on the
cell’s membrane potential and the changes on apical distal dendritic potentials [60]. Here,
constants 𝛽V describe the excitatory reversal potentials, which provide an upper bound to
the membrane potential values, 𝜅V is a scaling constant for the divisive inhibition, and con-
stants 𝜏V steer the time scales of the temporal evolution of the state variables. Conductances
gV,T describe input-dependent influences on the potential based on specific input channel
types C∈ {FF, Inh,FB,B2}. The inhibitory component gV,Inh is mediated by a non-linearity
f Inh(x) = 1.3/(1 + exp(–(x – 0.25) ⋅ 20)), which captures the response behavior of local
inhibitory interneurons

hV,Inh = f Inh (gV,Inh) . (11)

Additionally, gV,Leak describes a constant leak, and the excitatorily driving conductance
gV,Exc is defined by

gV,Exc
b = kV,FF ⋅ gV,FF ⋅ (1 + 𝜆V ⋅ gV,B2 ⋅ hV

a ) . (12)

This equation describes the three-way interaction between the feedforward channel, the
feedback channel, and the interfacing module input, where kV,FF and 𝜆V are scaling constants.
The feedback channel’s influence is mediated by the apical component via

hV
a =max (vV

a , 0) . (13)

The three-way interaction among these inputs is asymmetrical (cf. Fig 3). While feedfor-
ward input gV,FF alone has an excitatory impact on the basal membrane potential, feedback
input hV

a is only effective if it coincides with the interfacing module’s gating input gV,B2. In
addition, the effect of feedback on the excitatory conductance yields a gain enhancement. So,
it will up-modulate existing feedforward input (abstractly, i.e., gV,FF + gV,FF ⋅, gV,FB; [205]), but
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will have no effect if feedforward input is absent. The up-modulation in combination with
the inhibitory interaction of locally surrounding neurons implements a biased competition
process [205]. For the highest level of the hierarchy, V4, no feedback exists (cf. Table 1). As a
result, the apical membrane potential will not receive any input, and thus, will not influence
the cell’s basal dynamics.

To compute the output rate rV of the pyramidal cell its basal membrane potential vV
b is

passed through a non-linearity fV(x) =min(max(x, 0), 1)

rV = fV (vV) . (14)

4.1.3. Thalamic cell model. Nodes of the interfacing module describe the processing
of higher-order thalamic model neurons. The evolution of their membrane potential vHO is
governed by the differential equation

𝜏HO ̇vHO = –vHO ⋅ gHO,Leak + (𝛽HO – vHO) ⋅ gHO,Exc. (15)

The equation is structurally similar to Eqs 9 and 10 with a constant leakage conductance
gHO,Leak, an excitatory reversal potential 𝛽HO, a time constant 𝜏HO, and an excitatory con-
ductance term gHO,Exc. For thalamic cells, this term consists of a summation across multiple
inputs V according to

gHO,Exc =∑
V

kHO,V ⋅ gHO,V, V∈ {V1,V2,V4, S} . (16)

This summation is weighted by constants kHO,V,V∈ {V1,V2,V4, S} and describes the tha-
lamic evidence accumulation of binding signal information coming from the different neu-
ral processors of the visual hierarchy via channels of type C = B1 and other sites of the brain
S providing a seed of attention. In this case S is the task module providing input to the inter-
facing module. The accumulated evidence (Eq 16) is mediated by the temporal integration
(Eq 15) and then transformed into the cell’s output rate rHO

rHO = fHO (vHO) . (17)

The non-linearity fHO = 1/(1 + exp(–(2 ⋅ x – 1) ⋅ 50)) is a sigmoid and rather steeply seg-
regates non-binding from binding states by its threshold. This segregation provides a filtering
mechanism for up-modulated activity from the visual areas.

4.2. Details on experiments
4.2.1. Simulation details. All simulations have been implemented with the Julia pro-

gramming language and have been performed with the same set of model parameters (see
Table A in S1 Text for an overview). Only the spatial size and value range of inputs differed for
stimuli. Further details about the model and stimuli are provided as supporting information
(S1 Text).

To keep the computational cost for simulating the experiments low, steady state itera-
tion has been performed for all dynamical equations instead of a more detailed numerical
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integration scheme. We use the following update rules

vV
b ←

𝛽V
b ⋅ gV,Exc

b

vV
b ⋅ gV,Leak

b + vV
b ⋅ gV,Exc

b + 𝜅V
b ⋅ vV

b ⋅ hV,Inh
b

, V∈ {V1,V2,V4} , (18)

vV
a ←

𝛽V
a ⋅ gV,FB

a

vV
a ⋅ gV,Leak

a + vV
a ⋅ gV,FB

a
, V∈ {V1,V2,V4} , (19)

vHO ← 𝛽HO ⋅ gHO,Exc

vHO ⋅ gHO,Leak + vHO ⋅ gHO,Exc . (20)

See S1 Text for further details on the derivation. For all simulations, all state values have
been initialized with zeros.

4.2.2. Metrics and evaluation schemes. To evaluate the simulation results, the following
metrics and computations have been performed.

The modulation index MI has been computed by comparing the neuron’s activity between
two conditions during each simulation, respectively: the baseline condition at the beginning
of the simulation (base) and the condition at the end of the simulation (att). The base con-
dition measures the neuron’s activity after a base representation has been formed, while the
att condition measures the neuron’s activity after it has been labeled by attention. The neu-
ral activities during these conditions, ̂rVxi ,yi ,𝜃i ,base, ̂rVxi ,yi ,𝜃i ,att, served as firing rate estimates to
compute the modulation index [16]:

MIxi ,yi ,𝜃i = 2 ⋅
̂rVxi ,yi ,𝜃i ,att – ̂rVxi ,yi ,𝜃i ,base

̂rVxi ,yi ,𝜃i ,att
+ ̂rVxi ,yi ,𝜃i ,base

(21)

Modulation index computation has been applied to neurons in V1 along the target con-
tour for Fig 4E and 4F, resulting in a total of n = 2834 (243 pixel locations along the line with
n𝜃 = 12 neurons per location, respectively, yields 2916 neurons; 82 neurons were excluded for
having zero activity in both conditions).

The point in time when the complete curve has been up-modulated by attention has been
determined as the modulation onset time of the last neuron position in V1 along the curve’s
outline (Fig 5). The modulation onset time has been determined for the population’s activity
summed along the feature dimension 𝜃 to obtain a single onset time per retinotopic position.
The onset time was defined as the time step at which neural activity crossed 50% of its max-
imum across the trial. Linear regression across runs was performed to obtain a fit to tracing
times for the parametric variation of target-distractor distances (Fig 5).

The computation for the speed profiles (Fig 6) has been based on the modulation
onset time definition described above. To compensate for pixel discretization artifacts
and other numerical issues the onset times have been locally smoothed along the contour
outline. Smoothing was performed by convolving the onset times with a binomial kernel
Λs = [1, 4, 6, 4, 1] /16.0. Then speed values spij for positions p along the contour have been
computed from pair-wise differences between smoothed onset times of neighboring positions
pi, pj and subsequently taking the inverse of this onset time difference between both positions,
i.e.,

spij =
1

(tpj ∗Λs)(p) – (tpi ∗Λs)(p)
. (22)
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In theory the denominator of this equation can become zero or even lead to negative speed
estimates if smoothed time estimates for indices i and j do not increase monotonically. In
practice no such non-monotonicity has been observed during the simulations.

To compute estimates of the speeds per contour segment (first wide segment, narrow seg-
ment, second wide segment; Fig 6) linear regression was performed for the modulation onset
times of the neurons per segment. The inverse of the determined slope factor then yielded the
speed estimate.

For experiments with complex stimulus geometries (Fig 9) speed estimates have to be
compared between different stimulus geometries. Therefore, the abstract (au) speeds (Eq 22)
were scaled by a distance estimate d(pj, pi) between probe positions along the respective
stimulus geometry to obtain comparable units (pixel/step; Fig 9E and Fig A in S2 Text).

Supporting information
S1 Text. Further details on methods. Further details on methods regarding the derivation of
the steady-state iteration employed in the simulation, as well as additional details on model
parameters and stimulus creation.
(PDF)

S2 Text. Results on additional stimuli. Extension of presented results and additional simula-
tions on a broader range of stimuli.
(PDF)
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