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Abstract 

Natural scenes usually contain many objects that need to be segregated from each 

other and the background. Object-based attention is the process that groups image 

fragments belonging to the same objects. Curve-tracing tasks provide a special 

case, testing our ability to group image elements of an elongated curve. In the brain, 

curve-tracing is associated with the gradual spread of enhanced neuronal activity 

over the representation of the traced curve. Previous studies demonstrated that the 

tracing speed is higher if curves are far apart than if they are nearby. One hypothesis 

is that a larger distance between curves permits activity propagation in higher visual 

cortical areas. In these higher areas receptive fields are larger and connections exist 

between neurons representing image regions that are farther apart (Pooresmaeili 

et al., 2014). We propose a recurrent architecture for the scale-invariant tracing of 

curves and objects. The architecture is composed of a feedforward pathway that 

dynamically selects the appropriate scale for tracing, and a recurrent pathway for 

propagating enhanced neuronal activity through horizontal and feedback connec-

tions, enabled by a disinhibitory loop involving VIP and SOM interneurons. We 

trained the network using a biologically plausible reinforcement learning scheme and 

observed that training on short curves allowed the networks to generalize to longer 

curves and 2D-objects. The network chose the scale based on the distance between 

curves and the width of objects, just as in human psychophysics and the visual cortex 

of monkeys. The results provide a mechanistic account of the learning and execution 

of multiscale perceptual grouping in the brain.
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Author summary

In our perception, image elements that belong to the same object are grouped 
by object-based attention. Object-based attention corresponds to an enhanced 
neuronal representation of the image elements that are grouped in perception, 
in multiple areas of the visual cortex. During perceptual grouping tasks, this 
enhanced neuronal activity spreads gradually over an object representation, with 
a speed that depends on the distance between the relevant object and other 
objects. Here we propose a neuronal mechanism that learns the scale-invariant 
spread of object-based attention and accounts for psychophysical observations 
in human observers and the pattern of neuronal activity in the visual cortex of 
monkeys. This work sheds light on the mechanisms for multiscale object-based 
attention in the visual cortex.

Introduction

Natural scenes usually contain several objects that need to be segregated from each 
other and from the background to guide behavior. Previous studies demonstrated 
that neurons in areas of the visual cortex that encode the elements of a relevant 
object incrementally enhance their firing rate during perceptual grouping tasks [1]. 
This neuronal process corresponds to the gradual spread of “object-based attention” 
in perceptual psychology [2,3]. The rules determining what groups with what were 
already studied in the first half of the 20th century by the Gestalt psychologists [4,5]. 
One of their rules is connectedness, because image elements that are connected to 
each other tend to belong to the same object and group in our perception. Another 
rule is that of good continuation, describing that collinear contours usually belong to 
the same object.

Early theories of perception suggested that Gestalt rules are applied pre-
attentively and in parallel across the visual field [6], and indeed, some basic forms 
of grouping related to, for example, the perception of shape take place in parallel 
across the visual field [2,3]. However, grouping is flexible, because we can also group 
the features of objects that we never saw before. These groupings appear to form 
incrementally if image elements are grouped indirectly, via other image elements. On 
example of such seriality occurs in curve tracing tasks, in which participants report 
if two elements belong to the same curve (Fig 1A). Jolicoeur et al. [7] showed that 
the reaction time (RT) is proportional to the length of the curve that subjects have to 
trace. This serial process is also reflected by neurons in the visual cortex. Neurons in 
the visual cortex of monkeys [1] and humans [8] with a receptive field (RF) on the tar-
get curve increase their firing rate relative to neurons with RFs on a distractor curve 
(Fig 1A,1B). This response enhancement does not occur during the initial feedfor-
ward visual response, triggered by the onset of a visual stimulus in the RF, but after 
a delay. The latency of the response enhancement depends on the distance between 
the start of the tracing process and the position of the RF. It occurs later for neurons 
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Fig 1.  Tasks used to probe the dynamics of object-based attention. A. In this example curve tracing task, the subject must make an eye movement 
toward the blue dot connected to the red fixation point. Extra neuronal activity gradually spreads across the representation of the target curve in the 
visual cortex (yellow). B. Activity of neurons in the primary visual cortex of monkeys elicited by a target curve (orange) or on a distractor curve (blue). 
Inset, curve-tracing stimulus in which the V1 RF either fell on the target (orange) or distractor curve (blue). The panel below shows the time-course of 
attentional modulation, which is the difference in V1 activity between conditions. The target curve is labelled with enhanced activity (adapted from [20]). 
C. Curve tracing and object grouping. In the curve tracing task, a growth-cone model of attention can account for the time-course of neuronal responses 
by proposing that enhanced activity spreads at multiple scales. If curves are far apart, the model uses large RFs (large circles) and smaller RFs when 
curves are nearby. The object grouping task is analogous to the curve-tracing task but takes place within two-dimensional objects. Subjects determine 
which dots are on the same image component.

https://doi.org/10.1371/journal.pcbi.1014193.g001
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with RFs farther along the curve [9], in accordance with the gradual spread of enhanced activity over the representation of 
the target curve (Fig 1A). This spread of an enhanced response corresponds to the gradual spread of object-based atten-
tion across the relevant curve [10,11].

The curve-tracing speed depends on the distance between the target curve and the distractor curves and on the 
curvature. Tracing slows down if distractors are nearby the target curve [9,12] or if it has a high curvature [13]. Poores-
maeili et al. [9] tested the influence of the distance between RFs on tracing speed in the visual cortex of monkeys. In their 
experiment there was a bottleneck where the target curve came close to the distractor (Fig 1C, top). Narrowing of the 
gap between the curves delayed the onset of the response enhancement, but only for parts of the target curve that were 
behind the bottleneck. A possible explanation of the influence of distance between curves is that the spread of enhanced 
neuronal activity across the target curve occurs in multiple cortical areas with different RF sizes [9]. When the target curve 
is close to a distractor, the propagation of the enhanced activity would occur in low-level areas, such as the primary visual 
cortex, where RFs are sufficiently small to not fall on both curves. In these low-level areas, connections between neigh-
boring neurons interconnect neurons with nearby RFs so that tracing speed is low. When the curves are farther apart, the 
spreading could occur in higher areas where the neurons have larger RFs and connections bridge across larger distances 
in the visual field. A “growth-cone” model for the spread of object-based attention proposed that fastest progress is made 
in the area where RFs falling on the target curve almost touch the distractor curve (Fig 1C). An interesting implication of 
the growth cone model is that the RT in curve-tracing depends only little on the viewing distance from a display. When the 
subject approaches the stimulus, the length of the curves, measured in degrees of visual angle, increases. However, the 
distance between curves also increases and grouping can rely on neurons in higher visual areas with larger RFs. These 
two effects cancel each other and the RT remains the same [14].

Jeurissen et al. [15] extended the growth cone model to 2-D images. In their study, human participants reported 
whether two dots were on the same object or not. The pattern of RTs was best explained by a version of the growth-cone 
model in which image regions are incrementally labeled with enhanced activity. The enhanced activity started at one of the 
dots and propagated across the target surface through neurons with RFs with sizes that were small enough to stay within 
the object boundaries (Fig 1C, bottom).

In a previous study, Marić & Domijan [16] proposed an instantiation of the growth-cone model for curve-tracing in a 
neural network with multiple scales. Their neural network architecture used hard-coded, multi-scale Gabor filters and the 
synaptic weights were determined manually to select the appropriate scale. Their network qualitatively reproduced the 
results observed in monkey visual cortex, but the model did not yet generalize to 2-D images.

Here, we focus on neural network architectures that can learn to incrementally group elongated curves and spatially 
extended image regions and we test how the networks generalize across tasks. Specifically, we examine how recurrent 
neural networks with units with several RF sizes learn to trace curves and to fill in objects in a scale-invariant manner. 
Building on prior work [16,17] we developed an architecture with segregated populations of units that either represent 
the stimulus veridically because of pure feedforward connectivity or can be modulated through horizontal and feedback 
connections. A key innovation is the inclusion of a trainable, biologically inspired disinhibitory loop that enables the propa-
gation of attentional modulation across a curve or across an image region [18].

Furthermore, we implement a biologically plausible learning rule that can train networks by trial-and-error. The only 
feedback that the model receives is a reward if it makes the correct choice, like how monkeys are trained on a curve- 
tracing and region-filling tasks. Specifically, we used RELEARNN [17,19] to determine how synapses modify their connec-
tion strength, using information both local in space and time.

Our approach addresses (1) how the networks learn to group image elements of the same objects, (2) the mecha-
nisms allowing networks to learn to propagate enhanced activity at multiple spatial scales. We report that training on short 
curves allowed the model to generalize to long curves and to 2-D shapes. Furthermore, the networks predicted human 
RTs during image parsing tasks and the spread of neuronal activity in the visual cortex of monkeys.
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Model and task

We trained the networks on a curve-tracing task that has been used during electrophysiological recordings in the visual 
cortex of monkeys [9] (Fig 1A,1B). The monkeys first had to direct their gaze to the fixation point before the stimulus 
appeared, but in the version of the task for the network, the entire stimulus was presented at once. We also tested 
how well models that are proficient in curve-tracing generalize to the parsing of 2-D image regions [15,21]. The task of 
the model was to select a blue pixel on a curve or object that was cued with a red pixel (Fig 1C) as target for an eye 
movement.

As in previous work [17], we included a feedforward and recurrent processing group of units (Fig 2A). Neurons in the 
feedforward group only receive feedforward input and propagate the information to higher layers. They represent the stim-
ulus veridically and are responsible for the selection of the appropriate scale. Neurons in the recurrent group receive feed-
forward connections from lower layers, feedback from higher layers and horizontal connections from neighboring units in 
the same layer. They are responsible for the propagation of enhanced neuronal activity. The presence of some units that 
propagate the enhanced activity and others that do not is in accordance with neurophysiological results [22–25]. Neurons 
that engage in incremental grouping are enriched in layers 2, 3 and 5 of the visual cortex, whereas neurons that veridically 
represent the feedforward input are mostly situated in layers 4 and 6 [22–24]. In the model, units in the feedforward group 
gated the units of the recurrent group, so that they could not spread enhanced activity if the corresponding feedforward 
unit was not active (Fig 2A). This feature prevented the spreading of enhanced activity into image regions not occupied by 
curves or objects.

Feedforward network

The neural network had four spatial scales, and the feedforward units were responsible for scale selection. They were 
trained to only activate if the stimulus in their RF unambiguously belonged to a single object (see below) to prevent 
“spilling” of enhanced activity from the target to the distractor object in the recurrent network. In the curve-tracing 
task, feedforward units detected whether all pixels in their RF were connected to each other and colinear (Fig 2B). 
Hence, the model needed to select a finer spatial scale for propagation if the target and distractor curves fell in the 
same RF, or if the target curve had a high curvature [13]. In the object-parsing task, the stimulus inside a recep-
tive field is unambiguous if it doesn’t contain a boundary (Fig 2B). Upon presentation of the stimulus, feedforward 
units propagated activity to higher layers if the stimulus in their RF is unambiguous, resulting in a multiscale base-
representation (Fig 2C).

The activity of feedforward units was computed as follows: first, an input image with three feature channels (R, G, B) 
was projected onto a single feature map of the same spatial dimensions (Fig 2D):

	
X0 = ReLU

(
FF0 ⊗ X

)
	 (1)

Where X ∈ RH×W×3 is the input image and FF0 ∈ R1×1×3×1 is a 1x1 kernel with a stride of 1 and ⊗ indicates convolu-
tion. This projection X0 served as a shared representation and forms the input for all layers and scales. There was a direct 
feedforward projection from the feature map units to each scale, so that the activity in, e.g., layer 4 did not need to pass 
through layers 1, 2 and 3 (Fig 2D).

The activity of feedforward units at all scales l  was computed as follows: X0 was first passed through a convolutional 
layer with 20 feature maps, receptive field size K, and stride 1 to compute an intermediate feedforward activity in each 
layer Xlint :

	
Xlint = ReLU

(
FFlint ⊗ X0

)
	 (2)



PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014193  April 15, 2026 6 / 19

Fig 2.  Model. A. The network incorporated four spatial scales. Units in the feedforward network are responsible for scale selection, whereas units in 
the recurrent network spread enhanced activity. This spread is gated by feedforward units with overlapping RFs. B. Scale selection in the feedforward 
network. In the curve tracing task, units in the feedforward group are only active (orange) if the image elements in the RF are connected and colinear. 
The cells are not active otherwise so that the enhanced activity cannot spill from the target to the distractor curve. In the object-parsing task, feedforward 
units are active if their RF falls on a homogeneous image region. C. Activity in the feedforward network in the curve tracing (top) and the object parsing 
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Where FFlint ∈ RK×K×1×20 with K = 3L–1 for L ∈
{
1, 2, 3, 4

}
 and Xlint ∈ RH×W×20 is the intermediate representation.

The final feedforward output for layer l , used to gate the dynamics of the recurrent network, was computed as:

	
Xl = ReLU(σ

(
FFl ⊗ Xlint

)
– 0.7)

	 (3)

where FFl ∈ RK×K×20×1 with K = 3L–1 for L ∈
{
1, 2, 3, 4

}
, applied with a stride K, Xl ∈ RH×W×1 modulated the recurrent state 

and σ is a sigmoidal non-linearity. Hence, each scale was associated with an independent two-layer neural network with 
shared input X0 (Fig 2D). The resulting activity Xl was used to gate the recurrent dynamics of the main network.

Recurrent network

Units of the recurrent network learned to spread enhanced neuronal activity over the representation of the target object, 
to label it as one coherent perceptual group. They were connected by feedforward, horizontal and top-down connections. 
The propagation of enhanced neuronal activity relied on disinhibition, which was advantageous because we used the 
RELEARNN learning rule (see below) [19] requiring the network to reach a stable state, which is not guaranteed with 
ReLU nonlinearities (Material and Methods). The disinhibitory connection scheme (Fig 2E) was inspired by the interac-
tions between inhibitory neurons in the mouse visual cortex during figure-ground segregation [18] and has been used in 
previous models of attentional selection [26,27]. It ensured stable and expressive networks that learned to trace curves 
with an arbitrary length.

Specifically, the feedback and horizontal connections activated vasoactive intestinal peptide-expressing (VIP) inter-
neurons. The VIP neurons inhibit somatostatin-expressing (SOM) interneurons, which inhibit pyramidal neurons [18,28]. 
Hence, VIP neurons disinhibited the pyramidal neurons. During curve-tracing, VIP neurons incrementally disinhibited 
pyramidal units that represent the target object, which is thereby labeled with enhanced activity. The advantage of the dis-
inhibitory scheme is that the activity of pyramidal neurons cannot be higher than what it would be without SOM inhibition, 
preventing run-away excitation that can occur in recurrent networks with excitatory units that directly excite each other.

We will now describe the recurrent network with an input layer ( l = 0) and multiple hidden layers ( l  ≥1), each containing 
three interacting populations: pyramidal units Yl, VIP interneurons, and SOM interneurons. The network activity evolves 
over discrete time steps t.

Input layer (l = 0).  The input layer receives the stationary sensory stimulus X. Its activity is modulated by feedback 
from the first hidden layer and by lateral inhibition. It acted as a “blackboard” [29] between the raw sensory input and the 
higher layer representations, enriched by modulatory feedback signals and able to propagate this information forward 
again.

VIP neurons in the input layer are driven exclusively by feedback from the first hidden layer:

	
VIP0(t) = Θ

(
FB0 ⊗ Y1(t – 1)

)
	 (4)

with feedback weights

	 FB0 ∈ RC0×C1×K×K, K = 3	

task (bottom). The representation in higher layers is coarser, but RFs are larger and propagation can proceed faster. D. Architecture and training pro-
cedure of the feedforward group. The input image is first passed through the convolutions FF0 to produce a representation X0 shared across all scales. 
Each scale is trained separately with its own ground truth and loss (only two scales are illustrated). E. Disinhibitory interactions between recurrent units. 
Pyramidal neurons receive feedforward from pyramidal units in the layer below. They also receive top-down input from units in the layer above and hori-
zontal input from their neighbors through a disinhibitory loop composed of VIP and SOM interneurons.

https://doi.org/10.1371/journal.pcbi.1014193.g002
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with stride 1. Here C0 is the number of channels in the input layer, C1 is the number of channels in the first hidden layer, 
and Θ is a clipped linear function defined by

	
Θ(x) =

{
x,x < 1
1,otherwise	 (5)

SOM activity is defined as:

	
SOM0(t) = ReLU

(
1 – VIP0(t)

)
,
	 (6)

where 1 denotes a tensor of ones with matching dimensions.
Pyramidal activity in the input layer is not directly driven by feedforward input (unlike in the hidden layers). The units 

receive top-down feedback from the first hidden layer, which is filtered through lateral inhibition. The feedback-modulated 
inhibitory signal is then gated by the sensory input image, allowing feedback to selectively weight the color channels, while 
preserving the spatial structure imposed by the sensory input. The activity of pyramidal units was defined by:

	
Y0(t) = ReLU

(
ϕ
(
X
)⊙(

–LI0
⊗

SOM0(t)
))

	 (7)

where lateral inhibitory kernel LI0 represented self-connections, with a single nonzero value at the center of every 3 × 3 
kernel. The SOM inhibition was local and it did not mix information across spatial positions. The inhibitory weights from the 
SOM cells to the pyramidal cells satisfied

	 LI0 ∈ RC0×C0×K×K, K = 3	

applied with stride 1. The ϕ is a gating function:

	
ϕ(x) = |100x|√

1+(100x)2
,
	 (8)

ensuring that propagation of the enhanced activity can only occur if the scale-selecting feedforward units X  are active. 
⊙

 
is the Hadamard (element-wise) product.

Hidden layers (l ≥ 1).  Hidden layers operated at progressively coarser spatial resolutions Hl ×Wl , where Hl = H
3l–1

 
and Wl = W

3l–1
. This reduction in spatial resolution and the associated increase in RF size were inspired by the hierarchical 

organization of the visual cortex, but did not precisely map onto the resolution and RF sizes in specific visual cortical 
areas. Each hidden layer had Cl feature channels (Cl = 1 for l  = 1; 6 otherwise). VIP activity in the hidden layers integrated 
feedback and horizontal signals:

	
VIPl(t) = Θ

(
Hl ⊗ Yl(t – 1) + FBl ⊗ Yl+1(t – 1)

)
,
	 (9)

where FBl ∈ RCl×Cl+1×Kl×Kl with Kl = 3 and a stride of 3. These feedback kernels FBl  used transposed convolution, such 
that a neuron in layer l  only received feedback from neurons in layer l + 1 with overlapping RFs, restricting feedback 
modulation to spatially aligned units (red in Fig 2E). Finally, horizontal kernels Hl ∈ RCl×Cl×3×3 had a stride of 1 and were 
restricted to the von Neumann neighborhood that corresponds to the four nearest neighbors (up, down, left right). SOM 
activity was given by
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SOMl(t) = ReLU

(
1 – VIPl(t)

)
.
	 (10)

Finally, pyramidal neuron activity evolved according to:

	
Yl(t) = ReLU

(
ϕ
(
Xl
)
⊙
(
FFl2 ⊗ Yl–1(t) – SOMl(t)

))
	 (11)

with feedforward weights FFl2 ∈ RCl×Cl–1×Kl×Kl , where Kl=3, for l = 1 and Kl=1 otherwise, with the stride equal to Kl . We 
note that feedforward kernels FFl2were fully connected within a 3x3 receptive field, ensuring that each neuron in layer l  
received feedforward input from all neurons with overlapping RFs in layer l – 1 (cyan connections in Fig 2E). Note that FFl2 
denotes the feedforward connections of the recurrent network, which differ from the feedforward connections of the scale 
selection feedforward network described above.

Output layer

The output layer was retinotopically organized and units in the output layer learned to represent the Q-value [30], which 
is the expected reward for the selection of an eye-movement to one of the pixels. Each output unit corresponded to a 
pixel and integrated information across all scales via skip connections from the input layer and all hidden layers. Without 
these skip connections, the higher layers, which have a lower resolution, dominated the decision process, preventing the 
network from selecting the correct pixel for an eye movement.

The Q-value map was read out when the network dynamics converged to a stable state at time T. Let Yl(T) denote the 
pyramidal activity at layer l  and time T. The activity in the output layer was given by:

	
Q =

4∑
l=0

Wl ⊗ Yl(T)
	 (12)

where Wl denotes the skip-connection kernel from layer l  to the output layer.
The skip connections from the input layer ( l = 0) were implemented as 1 × 1 convolutions, preserving full spatial resolu-

tion, and skip connections from higher layers were transposed convolutions aligned with the output layer: a neuron in layer 

l  could only project to the 3l × 3l output units representing pixels in its receptive field. We note that these skip connections 
did not suffice for solving the task for stimuli extending beyond two receptive fields at the largest scale.

During training, the model chose to make an eye-movement toward the position with the highest Q-value with probabil-
ity 1 – ε. With probability ε other actions were explored, by sampling a random action from the Boltzmann distribution PB:

	

PB(a) =
exp

(
Qa

)
∑
k

exp
(
Qk

)
	 (13)

We simulated the selection of an eye movement but not the eye-movement itself or the shift of the visual image caused 
by it.

Training

We trained the networks in two phases. We first trained the feedforward network and we trained the recurrent network 
thereafter. The curve-tracing stimuli were random curves on a 36x36 grid, and stimuli for the object-parsing task were 
random objects on a 72x72 grid.
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Training of feedforward networks.  We trained different feedforward networks for the curve-tracing and object-parsing 
tasks. Feedforward units for the curve-tracing task detected whether all image elements inside their RF were colinear and 
connected (using 50,000 stimuli for training) whereas units for the object-parsing task detected whether all inputs in their 
RF were active (10.000 stimuli) (Fig 2B, 2C).

We trained each spatial scale separately with backpropagation during 80 epochs using the Adam optimizer [31] and a 
learning rate of 10-3. Upon presentation of an input image, a cross-entropy loss was computed independently at each spa-
tial scale (Fig 2D) and the training objective was based on summed losses across scales. Because each scale has its own 
loss term, the scale-specific weights updates only depended on the error signals at that scale. The only exception con-
cerns the weights FF0 which are shared across scales and therefore receive gradient contributions from all scale-specific 
losses (Fig 2D).

We verified the accuracy with 100 stimuli for each task. Although we used error-backpropagation, we note that it could 
be replaced by a biologically plausible reinforcement learning rule [32]. We assumed that the tuning of feedforward units 
had emerged during visual experience [33–37], prior to training on curve-tracing or object-parsing. We froze the weights of 
the feedforward network during the subsequent recurrent network training phase. We note that the feedforward architec-
ture processes the various spatial scales in parallel, and its units only combine information within a limited spatial neigh-
borhood so that they are unable to group pixels outside this range.

Training of the recurrent network.  Weights in the recurrent network were updated using RELEARNN, a local learning 
rule inspired by the Almeida-Pineda algorithm [2,17,19,38] that uses three phases. In the first phase, neural activity 
propagated through the network until convergence to a stable state. We considered that a stable state was reached if the 
activity of neurons between two consecutive timesteps was the same or after 30 timesteps. In the second phase, the network 
selected an eye movement, as described above, and an attention signal originating from the winning action propagated 
through an accessory network. This attentional feedback signal is proportional to the influence of each unit on the selected 
action. This accessory network can be conceived of as a linearized, transposed version of the activity propagation network 
and can therefore assign credit to synapses (for details see ref. [17]). In the third phase, the network received a reward r of 1 
unit in case the eye movement was correct and 0 otherwise. It then computed a reward prediction error δ:

	 δ = r –Qa,	 (14)

where Qa is the activity of the selected output unit. The reward-prediction error δ could be broadcasted to the whole 
network by a neuromodulatory signal [39]. The reward-prediction error δ and the attentional feedback signal are available 
at all synapses and determine the weight update, together with the pre- and post-synaptic activity. Hence, the required 
information is available locally at the synapse, making RELEARNN biologically plausible. We used a curriculum for train-
ing [17], a strategy also used to train monkeys. The network was first presented with curves of 3 pixels. Once the network 
achieved 85% accuracy during a test phase with fixed weights and no exploration, we added one pixel to the curve and 
repeated this procedure until the curves were 7 pixels long.

To reduce the computation time, we used weight sharing, although this is biologically implausible. In previous work, we 
showed that networks with a similar structure learned to trace curves with or without weight-sharing, but that the number 
of trials needed to learn the task without weight-sharing was ~ 7 times larger [17]. Hence, our results are likely to general-
ize to learning rules without weight sharing.

Results

Curve-tracing task

We trained 5 networks on a curve-tracing task, which was a variant of a task that has been used for electrophysiological 
recordings in the visual cortex of monkeys [9] (Fig 1A,1C). In the version of the task used here, the stimulus (illustrated in 
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Fig 1C) was presented at once (Fig 3A), and the network was rewarded if it selected an eye movement to a blue pixel that 
was connected by a curve to a red pixel. We trained the networks with a curriculum in which the length of the curves was 
increased until they were 7 pixels long. We used a criterion of 85% accuracy to determine that a network had converged, 
but all networks reached an accuracy of 100% on the curve-tracing task, within an average of 23,200 trials. To examine 
whether the networks memorized specific curve configurations [40] or learned a general grouping rule we generated 
fifteen curves with a length of 30 pixels. The accuracy of the networks was 100%, confirming that they learned a general 
solution. Units of the recurrent network had learned to iteratively spread enhanced activity across the representation of the 
target curve.

The model learned to exploit the disinhibitory circuit to propagate enhanced activity through the recurrent network, 
starting from the red pixel (Fig 3A). In the baseline state, SOM interneurons are spontaneously active and suppress pyra-
midal neurons with overlapping RFs. Feedforward input alone is insufficient to overcome this inhibition. Through trial- 
and-error learning, the network increased the weights FF12 from input units coding for red to the pyramidal neuron in the 
first hidden layer, which now overcame SOM-mediated inhibition (T = 1 in Fig 3A). This activation recruited adjacent VIP 
interneurons via horizontal and feedback connections. The VIP neurons, in turn, inhibited the SOM interneurons, thereby 
disinhibiting pyramidal cells representing the adjacent pixels of the target curve. Repetition of this disinhibitory interaction 
led to a stepwise propagation of enhanced activity along the target curve. We compared the present disinhibitory circuit to 
our previous excitatory recurrent model in ref. [17] (Fig A in S1 Text). The previous excitatory model exhibited progressive 
attenuation of the response enhancement along longer curves, resulting in impaired generalization to new and longer 
stimuli. In contrast, the present disinhibitory network maintained a stable activity difference between target and distractor 
representations, enabling reliable generalization to longer curves.

We next examined how the model’s tracing speed depends on the distance between the target and distractor curves. 
We presented stimuli with a bottleneck where the target curve came close to the distractor [9] (Fig 3B) and examined the 
activity of units with RFs before and after the bottleneck. The latency of the response enhancement, measured as the 
time-step where activity reached 90% of its maximum, was shorter for units with RFs before the bottleneck than for units 
with RFs behind (Fig 3C). Narrowing the gap between the curves delayed the onset of the response enhancement, but 
only for RFs after the bottleneck (Fig 3D), just as has been observed in the visual cortex of monkeys [9] (Fig 3D). The five 
models that we trained learned similar strategies and there was hardly any variability in their dynamics (absence of error 
bars in Fig 3D).

We next examined the scales that were selected by the model (Fig 3B) and noticed that the small gap enforced the 
spread of enhanced activity at lower network levels, where RFs were smaller. The propagation speed was also influ-
enced by curvature because the network resorted to spreading activity at lower network levels if image elements in the 
larger RFs were not colinear. This results is in agreement with experimental evidence in humans that a higher curvature 
decreases tracing speed [13].

Object-parsing task

We next probed the ability of the networks to group image elements of 2-D objects, using a variant of an object-parsing 
task used in human participants [15,21,41]. The participants reported whether a cue fell on the same object as the fixa-
tion point. The version for the network was like the curve tracing task of the previous section. The fixation point was a red 
pixel, and we placed a blue pixel on the same 2-D object and another one on a second object. The network had to plan an 
eye movement to the blue pixel on the same object as the fixation point (Fig 4A).

The models had the same architecture as those for the curve-tracing task (Fig 2). We started with the recurrent units 
that been trained on the curve-tracing task and retrained their weights for the object-parsing task using the same RL pro-
cess. However, we now used a feedforward network that was specifically trained for scale selection in the object-parsing 
task. All 5 networks reached an accuracy higher than 85% within 100 trials when tested in the object-parsing task. This 
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Fig 3.  Networks propagate the response enhancement at multiple scales. A. Spreading of activity by disinhibition. At T = 1 the visual stimulus is 
presented, and the red pixel activates a pyramidal unit, which in turn activates VIP units in an adjacent column through horizontal connections (green), 
which cancels SOM inhibition and activates the next pyramidal cell at T = 2. The disinhibition then propagates further along the target curve. B. Stimuli 
with gaps of two sizes between the target and distractor curve (not used in training). The size of the squares represents the scale that was used by 
the networks and color represents the time at which the attentional tag reached the RF. When the curves are far apart, tracing occurs faster and at a 
larger scale. C. We measured the activity of units with RFs before or after the gap. The activity elicited by the target curve was higher, and the response 
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additional training did not influence accuracy in the curve-tracing task, which remained 100%, implying that the recurrent 
architecture can account for both curve-tracing and object-parsing. The networks parsed the object that was cued by 
the red fixation point by spreading enhanced activity over its representation (Fig 4B), just as has been observed in V1 of 
humans with fMRI [42].

We next investigated the dynamics of the parsing process by comparing the processing time in the model to human 
RTs in two studies. The first experiment was by Jeurissen et al. [15] who presented scrambled shapes, which could not 
be recognized by the participants (Fig 4A). To model the RT, we estimated the timestep at which units in the output layer 
whose receptive field fell on the blue pixel enhanced their response by 90%. The model explained 55% of the variance 
of human RTs. The heuristic growth-cone model (Fig 1) accounted for 63% of the variance, which is close to the noise 
ceiling of 67%. A key difference between the growth-cone model and its implementation as neural network is the number 
of scales. The neural network used four scales, whereas the number of scales used by the growth-cone model was not 
bounded. To further examine the dependence on the number of scales, we tested models with fewer scales. We observed 
that the models with 2 scales and 3 scales explained significantly less variance than the model with 4 scales (p < 10-3 and 
p = 0.03, respectively, see Methods) (Fig 4C).

We replicated these findings modeling data from a second study that presented naturalistic images from the COCO 
dataset [43]. We simplified the task by presenting object masks to the neural network and we measured the number of 
timesteps before the enhanced response reached the blue pixel on the same object as the fixation point (Fig 4A). The 
neural network accounted for 15% of the variance in the human RTs, which is close to the 16% accounted for by the 
growth cone model and to the relatively low noise ceiling in this data set of 24%. These results imply that that the neural 
network accounted well for the patterns of human RTs in image parsing tasks.

Discussion

In this study, we used neural networks to understand the propagation of object-based attention in curve-tracing and 
object-parsing tasks and how it can be learned [44]. The processing time in curve tracing tasks increases linearly with 
the length of the curve that needs to be traced. In the visual cortex of monkeys [1,9] and humans [8,42], curve-tracing is 
associated with the gradual propagation of enhanced neuronal activity along the representation of the target curve [8]. The 
speed of the tracing process depends on the curvature of the target curve and on its distance to distractor curves [9,13]. 
Recent studies started to examine the neuronal processes responsible for the parsing of 2-D surfaces and natural objects 
where the processing time also depends on the distance between the image locations that need to be grouped, and on 
the width of the image regions connecting them [15,21].

We trained a recurrent neural network to perform a curve-tracing task using trial-and-error learning, mimicking how 
monkeys are trained. With minimal additional training, the same networks could also parse spatially extended objects. 
Remarkably, the model accounted for many neurophysiological and psychophysical findings. We reproduced the pattern 
of RTs in humans in curve-tracing and image-parsing tasks, including the influence of the curvature and distance between 
curves and the width of image regions. Furthermore, the model developed a strategy to incrementally label the relevant 
curve or image region with enhanced neuronal activity, just as is observed in the visual cortex. The model thereby pro-
vides a neural network implementation of the conceptual “growth-cone” model (Fig 1C) [9,13,15], explaining why group-
ing speed depends on the distance between curves and the width of object regions. With only 4 scales, the network’s 

enhancement occurred later for units with RFs behind the gap (far) than for units with RFs before the gap (near). D. Latency of the response enhance-
ment in the model (left) and in area V1 of monkeys (right). The response enhancement did not depend on gap size for near RFs before the gap. A 
narrow gap delayed the response enhancement of units with RFs beyond the gap.

https://doi.org/10.1371/journal.pcbi.1014193.g003
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Fig 4.  Object-parsing task. A. We examined how well the model could explain human RTs in image parsing tasks. We presented simplified images 
where objects were filled homogeneously and background locations were empty. Image: Zebra mom and foal by flowcomm, licensed under Creative 
Commons Attribution 4.0 International (CC BY 4.0) (https://flic.kr/p/2rRCJVY). B. Illustration of the spread of enhanced activity (orange) starting from 
the red dot. Large homogeneous image regions are filled faster (steps 5-15) than narrower regions (steps 25-35). C. Explained variance in human RTs 
collected by Jeurissen et al. (10) and Adeli et al. (19). We fitted the RTs with network models with either 2, 3 or 4 scales. Note that the quality of the fit 
improves for more scales. Error bars, standard errors. Red line, noise ceiling. *, P < 0.05.

https://doi.org/10.1371/journal.pcbi.1014193.g004

https://flic.kr/p/2rRCJVY
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predictive power approached that of the growth-cone model, which had not yet been implemented as neural network and 
did not commit to a specific number of scales.

The model thereby goes beyond previous work on incremental grouping by neural networks. It learned to trace curves 
by trial-and-error at multiple scales, whereas previous networks for curve-tracing used a predetermined connectivity 
scheme and did not generalize to the parsing of 2D image regions [16,45]. The model also extends studies [46,47] that 
introduced a specialized hGRU unit for horizonal interactions to solve image parsing tasks. These models computed a 
measure of uncertainty, which had to be transformed into a measure of human RT and they accounted for less variance 
than the present model (21% vs. 55% for Jeurissen et al. [15], and 7% vs. 15% for Adeli et al. [43]).

The new model incorporated several key features inspired by the neurophysiology of the visual cortex. Firstly, we 
created a hierarchically organized network with larger RFs in higher layers, which enabled the faster grouping of straight 
curves and homogeneous image regions [16]. Secondly, we used a feedforward and a recurrent network with separate 
roles. Units of the feedforward network provided a veridical representation of the stimulus, providing a stable scaffold for 
the spreading of enhanced activity in the recurrent network. There are neurons with similar properties in input layers 4 and 
6 of the visual cortex of monkeys [22–24], which do not participate in incremental grouping. We trained the feedforward 
units to only respond to image regions that unambiguously belonged to a single object, enabling the network to select 
the appropriate scale. The feedforward network gated the recurrent units and thereby enabled a set of recurrent interac-
tions that was appropriate for the scale of the stimulus in the RF [29]. Neurons in the recurrent network learned to spread 
enhanced activity over the representation of the target object. In the cortex, such neurons that participate in incremental 
grouping are prominent in layers 2, 3 and 5 [22,24]. Thirdly, we implemented a disinhibitory scheme in which VIP interneu-
rons inhibited SOM interneurons, thereby disinhibiting pyramidal units. Our implementation is consistent with experimen-
tal evidence in the visual cortex of mice showing that visual stimuli in the surround of the RF of pyramidal neurons elicit 
SOM mediated inhibition [48–51]. VIP neurons can release this inhibition by inhibiting SOM neurons, thereby disinhibiting 
the pyramidal cells [28,51–53]. This interaction between VIP, SOM and pyramidal neurons contributes to figure–ground 
segregation [18,54], just as in the present model. This disinhibitory circuit has computational advantages, because the 
maximal activity of the excitatory units in the circuit is bounded by their feedforward input, preventing run-away excitation 
and guaranteeing that the network reaches a stable state. A variant of such a disinhibitory loop was used in previous work 
on how networks learn to track moving objects across successive frames of a movie [55]. Here this disinhibitory circuit 
enabled the network to trace long curves, overcoming the attenuation of the response enhancement occurring in previous 
work [17].

The present study may inspire future work on the neuronal mechanisms underlying image parsing. One limitation of the 
present approach is that we pretrained feedforward units to detect stimulus configurations permitting grouping at larger spatial 
scales, before training the recurrent network to trace curves using reinforcement learning. In the developing visual system, 
sensitivity to colinear and other grouping cues emerges gradually and learning continues into late childhood [56], suggesting 
that feedforward representations and grouping dynamic likely co-develop rather than being strictly serial. In a previous study 
on curve-tracing with only a single scale [17], we were able to train the feedforward and recurrent networks jointly, in an end-
to-end manner. The strategy did, however, not consistently elicit grouping across all scales in the present multiscale archi-
tecture, although a form of disinhibitory propagation did emerge. This result indicates that learning grouping across multiple 
scales imposes additional constraints that are not automatically satisfied by our reinforcement learning scheme.

Future studies could investigate whether joint training of feedforward and recurrent pathways can be achieved by 
introducing appropriate regularization terms, curriculum strategies, or alternative architectural designs. More broadly, other 
perceptual grouping cues, like similarity of motion, color or luminance [57], are also acquired during development. A com-
pelling direction for future work would be to develop biologically realistic learning rules that allow the simultaneous emer-
gence of such grouping heuristics at higher network levels, together with the propagation of enhanced neuronal activity 
that underlies incremental grouping.
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It would also be of interest to generalize the present approach to segment natural images, which is a process that 
depends on object-recognition [58]. Indeed, humans parse upright images more efficiently than images that are presented 
upside down [41,59], illustrating how object recognition aids image parsing. Although the segmentation of natural images 
is a largely solved problem for transformer-based deep neural networks, the mechanisms for image parsing in the human 
brain remain only partially understood. The present approach could be generalized to model the recognition of objects in 
cortical areas, which provide feedback to label individual object parts and low-level features, represented in lower visual 
cortical areas with enhanced neuronal activity.

In conclusion, the present results provide insight into how brain-like networks learn to integrate grouping cues repre-
sented at lower and higher network levels by the spread of enhanced neuronal activity. At a psychological level of descrip-
tion, this process maps onto the spread of object-based attention across all features that are integrated in coherent object 
representations [10,11]. We look forward to future work, leveraging the highly productive convergence between machine 
learning, neuroscience and perceptual psychology, to help us better understand how rich, multi-feature object representa-
tions emerge in our conscious perception.

Materials and methods

Visual stimuli

We probed the capacity of the network to select the blue pixel that was on the same curve or object as the red pixel. We 
generally used images with 108x108 pixels with three color channels; red, blue and green (Fig 1C). To test scale selec-
tion, we also presented images with 144x144 pixels for the curve tracing task, and 594x594 pixels for the object parsing 
task. The larger images did not require fine-tuning because we used weight-sharing.

Estimation of human RTs

To analyze the pattern of human RTs, we followed the procedures of the studies where they were gathered. To model the 
results of Jeurissen et al. [15], we analyzed RTs on correct trials with the fixation point and cue on the same object. We removed 
outliers that deviated from the mean of the 1/RT distribution by more than 2.5 standard deviations. We averaged the RTs across 
participants, so that there was one RT for every combination of image (20 images) and cue (3 cue positions per image). For 
Adeli et al. [21] we also analyzed RTs on correct trials with the fixation point and cue on the same object. We computed the 
average RTs across participants for every combination of image (255 images) and cue (2 cue positions per image). We per-
formed a regression analysis to test how well RTs were predicted by the growth-cone model, and the artificial neural network.

We computed the standard error for the coefficients of determination (R2) using Cohen et al. (2003) [60] formula (p. 88):

	
SER2 =

√
4R2(1 – R2)2(n – k – 1)2

(n2 – 1)(n + 3) 	

Where n is the number of observations and k is the number of independent variables.
To compare R2values between the model with 4 scales and models with 2 or 3 scales, we computed the standard error 

of the difference:

	 SEdiff =
√
SE21 + SE

2
2	

Then, we calculated the Z-score:

	
Zdiff =

R2
1 – R

2
2

SEdiff 	
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Finally, we determined the p-value using:

	 p = 2× P(Z >
∣∣Zdiff

∣∣)	

Supporting information

S1 Text. Alternatives for the disinhibitory connection scheme. Fig A. Comparison of the model with disinhibition 
to models composed of excitatory units and a squashing non-linearity.
(DOCX)

Author contributions

Conceptualization: Sami Mollard, Sander M. Bohte, Pieter R. Roelfsema.

Formal analysis: Sami Mollard.

Funding acquisition: Sander M. Bohte, Pieter R. Roelfsema.

Investigation: Sami Mollard.

Software: Sami Mollard.

Supervision: Sander M. Bohte, Pieter R. Roelfsema.

Writing – original draft: Sami Mollard.

References
	 1.	 Roelfsema PR, Lamme VA, Spekreijse H. Object-based attention in the primary visual cortex of the macaque monkey. Nature. 

1998;395(6700):376–81. https://doi.org/10.1038/26475 PMID: 9759726

	 2.	 Roelfsema PR. Cortical algorithms for perceptual grouping. Annu Rev Neurosci. 2006;29:203–27. https://doi.org/10.1146/annurev.
neuro.29.051605.112939 PMID: 16776584

	 3.	 Roelfsema PR, Houtkamp R. Incremental grouping of image elements in vision. Atten Percept Psychophys. 2011;73(8):2542–72. https://doi.
org/10.3758/s13414-011-0200-0 PMID: 21901573

	 4.	 Koffka K. Principles of gestalt psychology. Routledge. 2013. https://doi.org/10.4324/9781315009292/
PRINCIPLES-GESTALT-PSYCHOLOGY-KOFFKA

	 5.	 Wertheimer M. Untersuchungen zur Lehre von der Gestalt. II. Psychol Forsch. 1923;4(1):301–50. https://doi.org/10.1007/bf00410640

	 6.	 Bergen JR, Julesz B. Parallel versus serial processing in rapid pattern discrimination. Nature. 1983;303(5919):696–8. https://doi.
org/10.1038/303696a0 PMID: 6855915

	 7.	 Jolicoeur P, Ullman S, Mackay M. Curve tracing: a possible basic operation in the perception of spatial relations. Mem Cognit. 1986;14(2):129–40. 
https://doi.org/10.3758/bf03198373 PMID: 3724444

	 8.	 Self MW, Peters JC, Possel JK, Reithler J, Goebel R, Ris P, et al. The Effects of Context and Attention on Spiking Activity in Human Early Visual 
Cortex. PLoS Biol. 2016;14(3):e1002420. https://doi.org/10.1371/journal.pbio.1002420 PMID: 27015604

	 9.	 Pooresmaeili A, Roelfsema PR. A growth-cone model for the spread of object-based attention during contour grouping. Curr Biol. 
2014;24(24):2869–77. https://doi.org/10.1016/j.cub.2014.10.007 PMID: 25456446

	10.	 Scholte HS, Spekreijse H, Roelfsema PR. The spatial profile of visual attention in mental curve tracing. Vision Res. 2001;41(20):2569–80. https://
doi.org/10.1016/s0042-6989(01)00148-1 PMID: 11520504

	11.	 Houtkamp R, Spekreijse H, Roelfsema PR. A gradual spread of attention during mental curve tracing. Percept Psychophys. 2003;65(7):1136–44. 
https://doi.org/10.3758/bf03194840 PMID: 14674639

	12.	 McCormick PA, Jolicoeur P. Predicting the shape of distance functions in curve tracing: evidence for a zoom lens operator. Mem Cognit. 
1991;19(5):469–86. https://doi.org/10.3758/bf03199570 PMID: 1956308

	13.	 Jolicoeur P, Ullman S, Mackay M. Visual curve tracing properties. J Exp Psychol Hum Percept Perform. 1991;17(4):997–1022. https://doi.
org/10.1037//0096-1523.17.4.997 PMID: 1837310

	14.	 Jolicoeur P, Ingleton M. Size invariance in curve tracing. Mem Cognit. 1991;19(1):21–36. https://doi.org/10.3758/bf03198493 PMID: 2017027

http://journals.plos.org/ploscompbiol/article/asset?unique&id=info:doi/10.1371/journal.pcbi.1014193.s001
https://doi.org/10.1038/26475
http://www.ncbi.nlm.nih.gov/pubmed/9759726
https://doi.org/10.1146/annurev.neuro.29.051605.112939
https://doi.org/10.1146/annurev.neuro.29.051605.112939
http://www.ncbi.nlm.nih.gov/pubmed/16776584
https://doi.org/10.3758/s13414-011-0200-0
https://doi.org/10.3758/s13414-011-0200-0
http://www.ncbi.nlm.nih.gov/pubmed/21901573
https://doi.org/10.4324/9781315009292/PRINCIPLES-GESTALT-PSYCHOLOGY-KOFFKA
https://doi.org/10.4324/9781315009292/PRINCIPLES-GESTALT-PSYCHOLOGY-KOFFKA
https://doi.org/10.1007/bf00410640
https://doi.org/10.1038/303696a0
https://doi.org/10.1038/303696a0
http://www.ncbi.nlm.nih.gov/pubmed/6855915
https://doi.org/10.3758/bf03198373
http://www.ncbi.nlm.nih.gov/pubmed/3724444
https://doi.org/10.1371/journal.pbio.1002420
http://www.ncbi.nlm.nih.gov/pubmed/27015604
https://doi.org/10.1016/j.cub.2014.10.007
http://www.ncbi.nlm.nih.gov/pubmed/25456446
https://doi.org/10.1016/s0042-6989(01)00148-1
https://doi.org/10.1016/s0042-6989(01)00148-1
http://www.ncbi.nlm.nih.gov/pubmed/11520504
https://doi.org/10.3758/bf03194840
http://www.ncbi.nlm.nih.gov/pubmed/14674639
https://doi.org/10.3758/bf03199570
http://www.ncbi.nlm.nih.gov/pubmed/1956308
https://doi.org/10.1037//0096-1523.17.4.997
https://doi.org/10.1037//0096-1523.17.4.997
http://www.ncbi.nlm.nih.gov/pubmed/1837310
https://doi.org/10.3758/bf03198493
http://www.ncbi.nlm.nih.gov/pubmed/2017027


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014193  April 15, 2026 18 / 19

	15.	 Jeurissen D, Self MW, Roelfsema PR. Serial grouping of 2D-image regions with object-based attention in humans. eLife. 2016. https://doi.
org/10.7554/ELIFE.14320

	16.	 Domijan D, Marić M. A multi-scale neurodynamic implementation of incremental grouping. Vision Res. 2022;197:108057. https://doi.org/10.1016/j.
visres.2022.108057 PMID: 35487147

	17.	 Mollard S, Wacongne C, Bohte SM, Roelfsema PR. Recurrent neural networks that learn multi-step visual routines with reinforcement learning. 
PLoS Comput Biol. 2024;20(4):e1012030. https://doi.org/10.1371/journal.pcbi.1012030 PMID: 38683837

	18.	 Kirchberger L, Mukherjee S, Schnabel UH, van Beest EH, Barsegyan A, Levelt CN, et al. The essential role of recurrent processing for 
figure-ground perception in mice. Sci Adv. 2021;7(27):eabe1833. https://doi.org/10.1126/sciadv.abe1833 PMID: 34193411

	19.	 Brosch T, Neumann H, Roelfsema PR. Reinforcement Learning of Linking and Tracing Contours in Recurrent Neural Networks. PLoS Comput Biol. 
2015;11(10):e1004489. https://doi.org/10.1371/journal.pcbi.1004489 PMID: 26496502

	20.	 Roelfsema PR, Khayat PS, Spekreijse H. Subtask sequencing in the primary visual cortex. Proc Natl Acad Sci U S A. 2003;100(9):5467–72. https://
doi.org/10.1073/pnas.0431051100 PMID: 12695564

	21.	 Adeli H, Ahn S, Kriegeskorte N, Zelinsky G. Affinity-based attention in self-supervised transformers predicts dynamics of object grouping in 
humans. 2023. https://arxiv.org/abs/2306.00294v1

	22.	 van Kerkoerle T, Self MW, Roelfsema PR. Layer-specificity in the effects of attention and working memory on activity in primary visual cortex. Nat 
Commun. 2017;8:13804. https://doi.org/10.1038/ncomms13804 PMID: 28054544

	23.	 Pooresmaeili A, Poort J, Thiele A, Roelfsema PR. Separable codes for attention and luminance contrast in the primary visual cortex. J Neurosci. 
2010;30(38):12701–11. https://doi.org/10.1523/JNEUROSCI.1388-10.2010 PMID: 20861375

	24.	 Self MW, van Kerkoerle T, Supèr H, Roelfsema PR. Distinct roles of the cortical layers of area V1 in figure-ground segregation. Curr Biol. 
2013;23(21):2121–9. https://doi.org/10.1016/j.cub.2013.09.013 PMID: 24139742

	25.	 Semedo JD, Jasper AI, Zandvakili A, Krishna A, Aschner A, Machens CK, et al. Feedforward and feedback interactions between visual cortical 
areas use different population activity patterns. Nat Commun. 2022;13(1):1099. https://doi.org/10.1038/s41467-022-28552-w PMID: 35232956

	26.	 Sridharan D, Knudsen EI. Selective disinhibition: A unified neural mechanism for predictive and post hoc attentional selection. Vision Res. 
2015;116(Pt B):194–209. https://doi.org/10.1016/j.visres.2014.12.010 PMID: 25542276

	27.	 van Der Velde F, de Kamps M. From knowing what to knowing where: modeling object-based attention with feedback disinhibition of activation. J 
Cogn Neurosci. 2001;13(4):479–91. https://doi.org/10.1162/08989290152001907 PMID: 11388921

	28.	 Pi H-J, Hangya B, Kvitsiani D, Sanders JI, Huang ZJ, Kepecs A. Cortical interneurons that specialize in disinhibitory control. Nature. 
2013;503(7477):521–4. https://doi.org/10.1038/nature12676 PMID: 24097352

	29.	 Roelfsema PR, de Lange FP. Early Visual Cortex as a Multiscale Cognitive Blackboard. Annu Rev Vis Sci. 2016;2:131–51. https://doi.org/10.1146/
annurev-vision-111815-114443 PMID: 28532363

	30.	 Sutton RS, Barto AG. Reinforcement Learning: An Introduction. Second ed. 2018. https://doi.org/10.1016/S0140-6736(51)92942-X

	31.	 Kingma DP, Ba JL. Adam: A method for stochastic optimization. In: 2014. https://arxiv.org/abs/1412.6980v9

	32.	 Pozzi I, Bohte S, Roelfsema P. Attention-gated brain propagation: how the brain can implement reward-based error backpropagation. In: Advances 
in Neural Information Processing Systems, 2020. 2516–26. https://papers.nips.cc/paper/2020/hash/1abb1e1ea5f481b589da52303b091cbb-Ab-
stract.html

	33.	 Kiorpes L, Bassin SA. Development of contour integration in macaque monkeys. Vis Neurosci. 2003;20(5):567–75. https://doi.org/10.1017/
s0952523803205101 PMID: 14977335

	34.	 Atkinson J, Braddick O. Visual segmentation of oriented textures by infants. Behav Brain Res. 1992;49(1):123–31. https://doi.org/10.1016/s0166-
4328(05)80202-5 PMID: 1388795

	35.	 Norcia A, Sampath V, Hou C, Pei F. Contour integration in human infants. Investigative Ophthalmology & Visual Science. 2002;43:3993.

	36.	 Needham A. Infants’ use of featural information in the segregation of stationary objects. Infant Behavior and Development. 1998;21(1):47–76. 
https://doi.org/10.1016/s0163-6383(98)90054-6

	37.	 Werchan DM, Collins AGE, Frank MJ, Amso D. 8-month-old infants spontaneously learn and generalize hierarchical rules. Psychol Sci. 
2015;26(6):805–15. https://doi.org/10.1177/0956797615571442 PMID: 25878172

	38.	 Linsley D, Karkada Ashok A, Govindarajan LN, Liu R, Serre T. Stable and expressive recurrent vision models. In: Advances in Neural Information 
Processing Systems, 2020. 10456–67. https://proceedings.neurips.cc/paper_files/paper/2020/hash/766d856ef1a6b02f93d894415e6bfa0e-Ab-
stract.html

	39.	 Schultz W, Dayan P, Montague PR. A neural substrate of prediction and reward. Science. 1997;275(5306):1593–9. https://doi.org/10.1126/sci-
ence.275.5306.1593 PMID: 9054347

	40.	 Roelfsema PR, Bohte S, Spekreijse H. Algorithms for the detection of connectedness and their neural implementation. Series in Mathematical 
Biology and Medicine. WORLD SCIENTIFIC. 1999. 81–103. https://doi.org/10.1142/9789812818041_0004

	41.	 Korjoukov I, Jeurissen D, Kloosterman NA, Verhoeven JE, Scholte HS, Roelfsema PR. The time course of perceptual grouping in natural scenes. 
Psychol Sci. 2012;23(12):1482–9. https://doi.org/10.1177/0956797612443832 PMID: 23137967

https://doi.org/10.7554/ELIFE.14320
https://doi.org/10.7554/ELIFE.14320
https://doi.org/10.1016/j.visres.2022.108057
https://doi.org/10.1016/j.visres.2022.108057
http://www.ncbi.nlm.nih.gov/pubmed/35487147
https://doi.org/10.1371/journal.pcbi.1012030
http://www.ncbi.nlm.nih.gov/pubmed/38683837
https://doi.org/10.1126/sciadv.abe1833
http://www.ncbi.nlm.nih.gov/pubmed/34193411
https://doi.org/10.1371/journal.pcbi.1004489
http://www.ncbi.nlm.nih.gov/pubmed/26496502
https://doi.org/10.1073/pnas.0431051100
https://doi.org/10.1073/pnas.0431051100
http://www.ncbi.nlm.nih.gov/pubmed/12695564
https://arxiv.org/abs/2306.00294v1
https://doi.org/10.1038/ncomms13804
http://www.ncbi.nlm.nih.gov/pubmed/28054544
https://doi.org/10.1523/JNEUROSCI.1388-10.2010
http://www.ncbi.nlm.nih.gov/pubmed/20861375
https://doi.org/10.1016/j.cub.2013.09.013
http://www.ncbi.nlm.nih.gov/pubmed/24139742
https://doi.org/10.1038/s41467-022-28552-w
http://www.ncbi.nlm.nih.gov/pubmed/35232956
https://doi.org/10.1016/j.visres.2014.12.010
http://www.ncbi.nlm.nih.gov/pubmed/25542276
https://doi.org/10.1162/08989290152001907
http://www.ncbi.nlm.nih.gov/pubmed/11388921
https://doi.org/10.1038/nature12676
http://www.ncbi.nlm.nih.gov/pubmed/24097352
https://doi.org/10.1146/annurev-vision-111815-114443
https://doi.org/10.1146/annurev-vision-111815-114443
http://www.ncbi.nlm.nih.gov/pubmed/28532363
https://doi.org/10.1016/S0140-6736(51)92942-X
https://arxiv.org/abs/1412.6980v9
https://papers.nips.cc/paper/2020/hash/1abb1e1ea5f481b589da52303b091cbb-Abstract.html
https://papers.nips.cc/paper/2020/hash/1abb1e1ea5f481b589da52303b091cbb-Abstract.html
https://doi.org/10.1017/s0952523803205101
https://doi.org/10.1017/s0952523803205101
http://www.ncbi.nlm.nih.gov/pubmed/14977335
https://doi.org/10.1016/s0166-4328(05)80202-5
https://doi.org/10.1016/s0166-4328(05)80202-5
http://www.ncbi.nlm.nih.gov/pubmed/1388795
https://doi.org/10.1016/s0163-6383(98)90054-6
https://doi.org/10.1177/0956797615571442
http://www.ncbi.nlm.nih.gov/pubmed/25878172
https://proceedings.neurips.cc/paper_files/paper/2020/hash/766d856ef1a6b02f93d894415e6bfa0e-Abstract.html
https://proceedings.neurips.cc/paper_files/paper/2020/hash/766d856ef1a6b02f93d894415e6bfa0e-Abstract.html
https://doi.org/10.1126/science.275.5306.1593
https://doi.org/10.1126/science.275.5306.1593
http://www.ncbi.nlm.nih.gov/pubmed/9054347
https://doi.org/10.1142/9789812818041_0004
https://doi.org/10.1177/0956797612443832
http://www.ncbi.nlm.nih.gov/pubmed/23137967


PLOS Computational Biology | https://doi.org/10.1371/journal.pcbi.1014193  April 15, 2026 19 / 19

	42.	 Ekman M, Roelfsema PR, de Lange FP. Object Selection by Automatic Spreading of Top-Down Attentional Signals in V1. J Neurosci. 
2020;40(48):9250–9. https://doi.org/10.1523/JNEUROSCI.0438-20.2020 PMID: 33087475

	43.	 Lin T-Y, Maire M, Belongie S, Bourdev L, Girshick R, Hays J, et al. Microsoft COCO: Common Objects in Context. 2015.

	44.	 Richards BA, Lillicrap TP, Beaudoin P, Bengio Y, Bogacz R, Christensen A, et al. A deep learning framework for neuroscience. Nat Neurosci. 
2019;22(11):1761–70. https://doi.org/10.1038/s41593-019-0520-2 PMID: 31659335

	45.	 Schmid D, Neumann H. A model of thalamo-cortical interaction for incremental binding in mental contour-tracing. PLoS Comput Biol. 
2025;21(5):e1012835. https://doi.org/10.1371/journal.pcbi.1012835 PMID: 40338986

	46.	 Linsley D, Kim J, Veerabadran V, Windolf C, Serre T. Learning long-range spatial dependencies with horizontal gated recurrent units. Advances in 
Neural Information Processing Systems. 2018.

	47.	 Ahuja A, Goetschalckx L, Govindarajan LN, Karkada Ashok A, Serre T, Sheinberg D. Computing a human-like reaction time metric from stable 
recurrent vision models. In: Advances in Neural Information Processing Systems 36, 2023. 14338–65. https://doi.org/10.52202/075280-0630

	48.	 Wall NR, De La Parra M, Sorokin JM, Taniguchi H, Huang ZJ, Callaway EM. Brain-Wide Maps of Synaptic Input to Cortical Interneurons. J Neuro-
sci. 2016;36(14):4000–9. https://doi.org/10.1523/JNEUROSCI.3967-15.2016 PMID: 27053207

	49.	 Pfeffer CK, Xue M, He M, Huang ZJ, Scanziani M. Inhibition of inhibition in visual cortex: the logic of connections between molecularly distinct inter-
neurons. Nat Neurosci. 2013;16(8):1068–76. https://doi.org/10.1038/nn.3446 PMID: 23817549

	50.	 Adesnik H, Bruns W, Taniguchi H, Huang ZJ, Scanziani M. A neural circuit for spatial summation in visual cortex. Nature. 2012;490(7419):226–31. 
https://doi.org/10.1038/nature11526 PMID: 23060193

	51.	 Harris KD, Shepherd GMG. The neocortical circuit: themes and variations. Nat Neurosci. 2015;18(2):170–81. https://doi.org/10.1038/nn.3917 
PMID: 25622573

	52.	 Zhang S, Xu M, Kamigaki T, Hoang Do JP, Chang W-C, Jenvay S, et al. Selective attention. Long-range and local circuits for top-down modulation 
of visual cortex processing. Science. 2014;345(6197):660–5. https://doi.org/10.1126/science.1254126 PMID: 25104383

	53.	 Karnani MM, Jackson J, Ayzenshtat I, Hamzehei Sichani A, Manoocheri K, Kim S, et al. Opening Holes in the Blanket of Inhibition: Localized Lat-
eral Disinhibition by VIP Interneurons. J Neurosci. 2016;36(12):3471–80. https://doi.org/10.1523/JNEUROSCI.3646-15.2016 PMID: 27013676

	54.	 Keller AJ, Dipoppa M, Roth MM, Caudill MS, Ingrosso A, Miller KD, et al. A Disinhibitory Circuit for Contextual Modulation in Primary Visual Cortex. 
Neuron. 2020;108(6):1181-1193.e8. https://doi.org/10.1016/j.neuron.2020.11.013 PMID: 33301712

	55.	 Linsley D, Malik G, Kim J, Govindarajan LN, Mingolla E, Serre T. Tracking Without Re-recognition in Humans and Machines. 2021. https://doi.
org/10.48550/arXiv.2105.13351

	56.	 Hadad B, Maurer D, Lewis TL. The effects of spatial proximity and collinearity on contour integration in adults and children. Vision Res. 
2010;50(8):772–8. https://doi.org/10.1016/j.visres.2010.01.021 PMID: 20149911

	57.	 Wannig A, Stanisor L, Roelfsema PR. Automatic spread of attentional response modulation along Gestalt criteria in primary visual cortex. Nat Neu-
rosci. 2011;14(10):1243–4. https://doi.org/10.1038/nn.2910 PMID: 21926984

	58.	 Salehi S, Lei J, Benjamin AS, Müller KR, Kording KP. Modeling attention and binding in the brain through bidirectional recurrent gating. bioRxiv. 
2024;:2024.09.09.612033. https://doi.org/10.1101/2024.09.09.612033

	59.	 Vecera SP, Farah MJ. Is visual image segmentation a bottom-up or an interactive process?. Percept Psychophys. 1997;59:1280–96. https://doi.
org/10.3758/bf03214214

	60.	 Cohen J, Cohen P, West SG, Aiken LS. Applied multiple regression/correlation analysis for the behavioral sciences. 3rd ed. Mahwah, NJ, US: 
Lawrence Erlbaum Associates Publishers. 2003.

https://doi.org/10.1523/JNEUROSCI.0438-20.2020
http://www.ncbi.nlm.nih.gov/pubmed/33087475
https://doi.org/10.1038/s41593-019-0520-2
http://www.ncbi.nlm.nih.gov/pubmed/31659335
https://doi.org/10.1371/journal.pcbi.1012835
http://www.ncbi.nlm.nih.gov/pubmed/40338986
https://doi.org/10.52202/075280-0630
https://doi.org/10.1523/JNEUROSCI.3967-15.2016
http://www.ncbi.nlm.nih.gov/pubmed/27053207
https://doi.org/10.1038/nn.3446
http://www.ncbi.nlm.nih.gov/pubmed/23817549
https://doi.org/10.1038/nature11526
http://www.ncbi.nlm.nih.gov/pubmed/23060193
https://doi.org/10.1038/nn.3917
http://www.ncbi.nlm.nih.gov/pubmed/25622573
https://doi.org/10.1126/science.1254126
http://www.ncbi.nlm.nih.gov/pubmed/25104383
https://doi.org/10.1523/JNEUROSCI.3646-15.2016
http://www.ncbi.nlm.nih.gov/pubmed/27013676
https://doi.org/10.1016/j.neuron.2020.11.013
http://www.ncbi.nlm.nih.gov/pubmed/33301712
https://doi.org/10.48550/arXiv.2105.13351
https://doi.org/10.48550/arXiv.2105.13351
https://doi.org/10.1016/j.visres.2010.01.021
http://www.ncbi.nlm.nih.gov/pubmed/20149911
https://doi.org/10.1038/nn.2910
http://www.ncbi.nlm.nih.gov/pubmed/21926984
https://doi.org/10.1101/2024.09.09.612033
https://doi.org/10.3758/bf03214214
https://doi.org/10.3758/bf03214214

