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Abstract

Executive functions support flexible, goal-directed behavior in
dynamic environments. Existing models typically attribute the
substantial variability in human performance on such tasks to
abstract, resource-based accounts of attention and working
memory, leaving the nature of the underlying resource
underspecified. Here, we investigate executive-function
variability using a modified, continuous version of the Pong
game that imposes sustained demands on multi-object
tracking, control, and action selection. To account for the broad
distribution of human performance levels, we compared a
performance-optimized deep reinforcement learning agent
with a biologically plausible spiking neural network that
incorporates explicit neural resource constraints. Whereas the
unconstrained  artificial agent achieved superhuman
performance, the spiking model reproduced the full spectrum
of human scores. Systematic variation in neural resources,
perceptual noise, and processing delays produced performance
regimes corresponding to low, median, and peak human
behavior, including saturation at object counts consistent with
known working-memory limits.

Keywords: Neuromorphic Computing, Executive Function,
Neural Engineering Framework, Computational Neuroscience,
Reinforcement Learning, Spiking Neural Network, Multiple
Object Tracking.

Introduction

Executive functions (EF) are higher-order cognitive
processes underlying flexible, goal-directed behavior,
including working memory updating, sustained attention,
task switching, and inhibitory control. (Diamond, 2013). EF
are most evident in continuous, dynamic environments that
require ongoing monitoring and action selection. A central
goal of computational models of EF is to develop mechanistic
models that explain how neural circuits implement these
functions and why human performance is limited and
variable (Kriegeskorte & Douglas, 2018).

A key component of EF is the ability to maintain and
manipulate multiple items in working memory. Studies of
multiple object tracking (MOT) show that humans can
typically track three to five objects simultaneously (Pylyshyn
& Storm, 1988), reflecting limits in attentional selection. A
similar capacity limit has been observed in visual working
memory (VWM), which supports the retention of visual
information after stimulus offset (Cowan, 2010). Although
these limits are numerically similar, evidence suggests that

attentional tracking and VWM rely on partially distinct
mechanisms (Fougnie & Marois, 2006).

Early accounts explained these capacity limits in terms of
a fixed number of discrete storage (Cowan, 2001; Zhang &
Luck, 2008). More recent work, however, characterizes
capacity as a limited but divisible resource that can be
flexibly allocated across items (Bays and Husain, 2008; Ma
et al., 2014). Performance declines gradually as the number
of tracked objects increases, because fewer resources are
available for representing each item (Alvarez & Franconeri,
2007). While this framework captures key behavioral
phenomena, the neural substrate of the proposed “resource”
remains largely underspecified.

Neuromorphic modeling offers a principled approach for
grounding such resource constraints in biologically realistic
neural mechanisms. Spiking neural networks (SNNs) operate
through discrete spike events and temporal dynamics,
capturing essential properties of biological neural
computation while imposing concrete constraints on
representation and processing (Maass, 1997; Tsur, 2021).
These constraints provide a natural basis for linking neural
architecture to observed limits and variability in cognitive
performance.

From a computational perspective, reinforcement learning
(RL) provides powerful methods for learning goal-directed
behavior through interaction with complex environments
(Sutton & Barto, 2018). Deep RL algorithms, such as Soft
Actor-Critic, can achieve remarkably high performance on
demanding control tasks (Haarnoja et al., 2018). However,
these systems typically rely on non-biological architectures
and unconstrained optimization, limiting their usefulness as
explanatory models of human cognition.

Video games, such as the Atari 2600 games, provide a
unique bridge between these domains. They serve both as
standard benchmarks for RL research (Bellemare et al., 2013;
Fan, 2023) and as ecologically valid tools for probing
executive functions in dynamic, visually complex
environments (Takahashi et al., 2024). Neuroimaging studies
using Atari games show that human brain activity encodes
abstract state representations analogous to those learned by
deep RL agents (Cross et al., 2021). The game Pong has been
especially influential, spanning applications from in vitro
learning systems to human cognitive experiments (Blakowski
et al., 2025; Kagan et al., 2022).
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In this study, we develop a neuromorphic model of
executive function using a modified Pong task that places
continuous demands on multi-object tracking and action
selection. Human performance on this task exhibits
substantial interindividual variability. We first train a
performance-optimized artificial neural network using state-
of-the-art reinforcement learning methods, and then convert
it into a fully spiking, biologically plausible network
embedded within a larger SNN architecture. The model
incorporates a capacity-limited object tracking mechanism,
analogous to attentional and working memory systems,
together with an action selection circuit inspired by cortico—
basal ganglia—thalamocortical loops (Alexander et al., 1986).
We show that, unlike the unconstrained ANN, the
neuromorphic model reproduces the full range of human
performance, with systematic variation linked to object
tracking capacity, consistent with established limits in
working memory. These results demonstrate how
biologically grounded neural constraints can provide a
mechanistic account of variability in executive function.

Methods and Materials

Human Behavioral Experiment

We developed a modified version of the Atari game Pong
using the Unity game engine to assess executive function.
The task was part of a broader set of short video game-based
assessments, though only the Pong task was examined here.
Participants were required to keep multiple balls in play by
moving a horizontal paddle, engaging eye-hand coordination,
multi-object tracking (MOT), inhibitory control, and flexible
shifting of attention as task demands increased.

Participants controlled the paddle using left and right arrow
keys, with paddle speed held constant throughout the task.
Balls followed physics-based trajectories governed by
gravity and collisions with the paddle, the environment
boundaries, and other balls. Multiple balls could be present
concurrently and interacted dynamically, increasing
perceptual and control demands.

Task difficulty increased adaptively based on performance.
One additional ball was introduced after every five successful
paddle-ball contacts. When a ball was missed, it was
immediately respawned, while the internal counter of
succesful hits was reduced by half a point, preventing abrupt
difficulty spikes during periods of low performance.

Each session lasted 2.5 minutes and included an initial 5-
second delay before ball appearance. Participants rested
briefly before gameplay onset. Performance was quantified
as the cumulative number of successful paddle-ball contacts
over the session.

Participants: Twenty-six participants (15 male, 11 female)
aged 13 to 60 years (mean age of 34) were recruited for this
study. All participants provided informed consent, and the
study was approved by the institutional ethics committee.
Each participant completed a single trial of the modified Pong
game on a personal computer. All participants reported being
healthy, with no history of diagnosed cognitive impairments.

Data Analysis. Behavioral data were analyzed using Python.
The primary dependent variable was the score for each
participant. Descriptive statistics, including the mean,
standard deviation (SD), median, minimum, and maximum
scores, were calculated to quantify the central tendency and
variability of human performance.

Deep Reinforcement Model

To establish a benchmark of performance achievable
through pure optimization, a standard ANN agent was
developed and trained using deep reinforcement learning.

Network Architecture: The game environment interfaced
with reinforcement learning algorithms via Unity's ML-
Agents toolkit (Juliani et al., 2020). We used The Soft Actor-
Critic (SAC) algorithm, which incorporates an actor model
and a critic model: The actor selects actions based on a
policy, and the critic evaluates those actions by estimating
their value (expected future reward). The critic’s feedback
guides the actor to adjust its policy toward actions that yield
higher long-term rewards, combining the strengths of policy-
based and value-based learning (Konda & Tsitsiklis, 1999).
The details of the model are as follows:

Input Representation: The observation space included the
positions and velocities of up to 9 balls simultaneously
present in the game, and the paddle location. This resulted in
a high-dimensional observation vector capturing the
complete state of the game at each timestep. When fewer
balls were present, remaining slots were zero-padded,
distinguishing inactive balls via invalid velocity.

Network Structure: The actor network architecture
consisted of a single dense layer projecting the observation
vector to 256 hidden units with softLIFRate activation
functions. Leaky Integrate-and-Fire (LIF) neurons are widely
used in neuromorphic and computational neuroscience
models because they provide a simple yet biologically
grounded approximation of real neuronal membrane
dynamics, balancing computational efficiency with
biological plausibility (Tsur, 2021). SoftLIFRate neurons are
rate-based approximations of LIF neurons with smoothing
around the firing threshold, designed to facilitate later
conversion to spiking neural networks while maintaining
compatibility with gradient-based learning (Hunsberger &
Eliasmith, 2015). The softLIFRate parameters were set to
Tge = 0.02s (membrane time constant) and 7,.; = 0.002s
(refractory period), consistent with standard NEF
implementations. The activations were scaled by 0.002
during training to produce a dynamic range similar to ReLU
activations, the activiation orignally used by the SAC
algorithm, thereby ensuring stable training with the SAC
algorithm. The critic network employed three hidden layers
of 256 neurons each to estimate state-action value functions.
Since only the trained actor model was needed for the
neuromorphic model, the critic model was trained using
ReLU activations, as in the original paper (Haarnoja et al.,
2018), and not softLIFRate activations.

Output: From the 256 hidden units of the actor network,
two separate output layers were computed following the SAC
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architecture: a mean (u) layer and a standard deviation (o)
layer, each projecting to a single output neuron with tanh
activation. These outputs parameterized a Gaussian policy
over continuous actions (paddle movement).

Training: The ANN agent was trained within the game
environment using the SAC algorithm. The agent received a
sparse reward signal to guide its learning. A reward of +1 was
given for each successful ball interception. No reward was
given at any other time step. Key hyperparameters, such as
the learning rate, discount factor y, and algorithm-specific
parameters were selected based on common practices in the
RL literature to ensure stable and effective learning. Given
that each game session lasted 150 seconds and the
environment updated every 0.1 seconds, each complete game
comprised 1,500 timesteps. The agent was trained for 5
million time-steps, the equivalent of 3,333 games.

Initial training exploited an inhuman strategy: bouncing the
balls off the very tip of the paddle and achieving artificially
inflated scores. To prevent this, gaussian noise was added to
the observations provided by the game, as found in humans
(Michel & Geisler, 2011). This biologically plausible
constraint induced more human-like playing in the model,
with more reasonable scores, as detailed below.

Spiking Neural Network (SNN) Model

The primary computational model of this study is a
biologically plausible SNN designed to explain, rather than
merely optimize, performance. Its construction was guided
by principles of neural computation and known brain
architectures.

The Neural Engineering Framework (NEF) enables the
construction of large-scale functional brain models using
spiking neurons, translating computational objectives into
biologically constrained neural architectures (Eliasmith &
Anderson, 2003; Tsur, 2021). This framework has proven
effective for modeling diverse cognitive functions, including
visual processing (Tsur & Rivlin-Etzion, 2020), perception
(Cohen-Duwek et al., 2022), and decision-making (Eliasmith
et al., 2012), while maintaining biological plausibility. In this
work, NEF was used, through its realization in the Nengo
library (Bekolay et al. 2014), to encode task-relevant
variables in neural populations, compute nonlinear
transformations between populations, and implement simple
dynamics through recurrent connections with biologically
plausible synaptic time constants.

Network design. The SNN's architecture was designed to
reflect a plausible cognitive and neural hierarchy, organized
as a simplified cortico-basal ganglia-thalamocortical loop, a
circuit known to be critical for decision-making and
executive control (Redgrave et al., 1999). The model was
organized into three functionally distinct but interacting
subsystems, as seen in Figure 1, corresponding to key
executive components: (1) a perceptual and working memory
module that maintains and updates visual information from
the Pong environment, (2) a cognitive processing module that
integrates dynamic state information using a spiking neural

implementation of a trained ANN, and (3) an action selection
module modeled after the basal ganglia-thalamocortical
circuitry responsible for response selection and inhibition
(Stewart et al., 2010). Information flows from perception to
the processing system (representing cortical processing),
which then provides the relevant state information to the
action selection system (representing the basal ganglia),
whose output drives the motor response. All synaptic
connections in the model employed time constants within the
biologically plausible range reported for cortical neurons,
typically 5-100ms (Destexhe et al., 2003).

Pong Game Perception and VWM

O
O

/ Action Selection

Cognitive Processing

Figure 1: Neuromorphic model architecture. The Unity game
environment provides observations. The Perception and
VWM module use ensembles to represent and calculate the
ball locations and velocities. The Cognitive Processing
Module receives these representations and calculates action
values using the converted ANN. The Action Selection
Module chooses the action with the highest utility using a
Basal Ganglia-Thalamus circuit and feeds the chosen action
back into the Unity game environment.

Perception and Visual Working Memory. The perception
module comprised two neural ensembles. One ensemble
encoded ball positions, corresponding to attentional object
tracking, while a second ensemble encoded ball velocities,
supporting the storage and manipulation of object
information for trajectory estimation. This separation reflects
evidence that attention and visual working memory (VWM)
are partially dissociable functions and can rely on distinct
neural substrates (Fougnie & Marois, 2006; Roussy et al.,
2021).

Ball positions were extracted from the game’s observation
vector via a linear transformation implemented in the
connection weights. Although the game environment
provides explicit velocity information, velocity was
computed neuromorphically to enhance biological
plausibility. Following Potjans et al. (2009), the velocity-
encoding ensemble received position input through two
parallel synaptic pathways: one with a short synaptic delay (t
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= 0.005 s) representing the current position, and one with an
additional 0.1 s delay representing the previous position,
matching the 100ms game update interval (Figure 2).
Velocity was computed as the difference between these
signals, effectively implementing a short-term memory
mechanism for motion estimation. This computation can be
interpreted as a component of VWM involved in motion
processing (Kang et al., 2011).

The number of neurons and the dimensionality of each
ensemble were systematically varied. Neuron count
determined representational precision, while dimensionality
constrained the number of objects that could be
simultaneously encoded and tracked. These parameters were
manipulated independently in both the attentional and VWM-
related ensembles to examine how multi-object tracking
limitations affected overall task performance.

Cognitive Processing Module. The actor component of the
trained ANN was converted into a spiking neural network by
constructing an architecturally matched model in Nengo. The
256 softLIFRate units in the trained actor were mapped one-
to-one onto 256 LIF spiking neurons. Because softLIFRate
activations were scaled by 0.002 during training, the output
of the corresponding LIF ensemble was scaled by the same
factor to preserve the learned representations. LIF neuron
parameters were set to Tpe = 0.02s and 7,.; = 0.002 s,
matching the training configuration.

Unlike the rest of the model, which follows NEF principles
of population encoding and decoding, the converted ANN
neurons operate via rate encoding. Each spiking neuron
corresponds directly to a single softLIFRate unit, with
information represented by firing rate rather than by
distributed population activity. Both population-based and
rate-based encoding schemes are supported by prior
theoretical and empirical work (Abbott & Dayan, 2001).

The converted network retained the dense hidden layer and
the mean (p) output layer, while the standard deviation (o)
layer was removed, as it is required only during training for
stochastic policy sampling. The tanh output nonlinearity was
also removed, since the downstream basal ganglia action
selection circuit constrained actions to discrete left, right, or
no-movement outputs (Figure 2).

Action Encoding and Basal Ganglia Selection. Action
selection was implemented using a neuromorphic model of
the basal ganglia—thalamus loop, the brain’s primary system
for resolving competition between potential actions (Stewart
et al., 2010). The continuous output of the converted ANN
was transformed into discrete actions through this
biologically inspired circuit, which provides a functional
abstraction of basal ganglia pathways, including striatal input
and direct and indirect (Go/NoGo) action selection
mechanisms. The model was implemented using a standard
Nengo basal ganglia module.

Three action channels were defined, corresponding to left
movement, right movement, and no movement. Continuous
ANN output was mapped to these channels using population

encoding. The left and right movement ensembles employed
directionally tuned neurons, with positive values
preferentially activating the right-movement population and
negative values activating the left-movement population. A
constant threshold input was provided to the no-movement
ensemble, biasing selection toward inaction when the ANN
output was near zero. This mapping translated a continuous
control signal into discrete action utilities, consistent with
population-based motor encoding (Georgopoulos et al., 1986;
Oryshchuk et al., 2024).

The resulting action utilities were provided as input to the
basal ganglia network, configured for three-way action
selection using default Nengo parameters. The thalamic
output selected the highest-utility action while suppressing
alternatives. The selected action was then communicated to
the game environment via a Nengo interface to ML-Agents,
updating the environment at 100 ms intervals (Figure 2).

T =5ms

7N

Locations w Velocities

N

Thalamus Dense Layer
(Rate Neurons)
A
T I / Right l
Basa!
Ganglia
\ No move /

Left

Figure 2: Detailed model architecture. The locations
ensemble is connected to the velocities ensemble with a fast
connection and a slow connection, and the difference
between them is used to calculate the velocities. The
information from both ensembles is connected to the dense
layer, trained offline with SAC and the converted to spiking.
The output of the dense layer undergoes an additional
transform, resulting in a single number. This number is
converted into left and right action utilities, which are joined
by a threshold no move node, and collectively fed into the
BG-Thalamus loop. The chosen action is sent back to the
Unity environment.

Model Comparison Methodology

Model performance was compared to human minimum,
median, and maximum scores to assess whether the
neuromorphic architecture could reproduce the variability
and capacity constraints observed in human executive
function.
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The ANN was trained without architectural constraints
using the full observation vector provided by the game. In
contrast, the fully spiking model was systematically
constrained to test specific hypotheses about human
performance variability. Object-tracking capacity was
manipulated by varying the dimensionality of the attention
and visual working memory (VWM) ensembles,
corresponding to the number of balls encoded (two
dimensions per ball for position and velocity). In addition, the
number of neurons in each ensemble was varied to examine
the effect of neural resources on performance.

After characterizing the effects of multi-object tracking
limitations, two additional neural constraints were examined.
First, perceptual noise was introduced into the attention
ensemble using pink (1/f) Gaussian noise, consistent with
known properties of human perceptual systems (Gilden et al.,
1995). Second, model reaction time was manipulated by
increasing synaptic time constants throughout the network
within biologically plausible ranges, thereby varying the
delay between sensory input and action selection. Reaction
times were tested across a range matching established human
variability (Welford et al., 1980).

Each model configuration was
independent runs with
performance stability.

evaluated over 10
randomized seeds to assess

Results

Human Performance. Human participants (N = 26)
displayed significant variability in game scores across the
cohort, with total scores ranging from 88 to 191 points
(Figure 3A), a population mean of 142 with standard
deviation of 32, and a median of 156. There is a small
negative correlation between age and score (Figure 3B).
These findings are consistent with prior results showing
significant differences in capacity when tracking multiple
objects in dynamic environments and employing executive
functions (Clayton et al., 2016; Green & Bavelier, 2006).

Machine-Optimized Performance. The ANN agent, trained
using deep reinforcement learning, achieved stable
superhuman performance on the task. Training performance
increased steadily over five million steps and subsequently
converged, with no further gains from additional training.
The final average score of the Soft Actor-Critic agent (230)
exceeded both the human median (155) and the highest
observed human score (191).

These results demonstrate that the task admits a high
performance ceiling under unconstrained optimization and
establish a benchmark against which biologically constrained
models can be compared. Consistent with prior work, the
ANN’s performance replicates the well-documented
advantage of modern deep reinforcement learning agents
over humans in complex, game-like environments (Badia et
al., 2020; Berner et al., 2019).
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Figure 3: Human performance scores on the modified Pong
game. (A) The distribution of human scores. The average
reward is 142. The median is 155. (B) Human scores as a
function of age, with a negative trendline. (C) The Pong game
with one ball. (D) The Pong game with 9 balls.

Neuromorphic Model Performance. We isolated the
effect of a single biological constraint by replacing the
ANN’s optimized output layer with the neuromorphic action
selection module, comprising action-encoding ensembles and
a basal-ganglia and thalamus circuit. This substitution alone
reduced average performance to a score of 200, indicating a
neuromorphic cost imposed by biologically plausible action
selection dynamics. Importantly, this shift moved
performance from a superhuman regime toward a more
human-like range, prior to introducing perceptual or
processing constraints.

We evaluated the full spiking neural network (SNN),
which integrates neuromorphic perception, spiking
processing layers, and basal ganglia action selection. To
examine sources of performance variability, we
systematically manipulated two parameters: (1) neural
resources, defined by the number of neurons allocated to
attention and visual working memory (VWM) ensembles,
and (2) tracking capacity, defined by the number of balls the
model encoded and tracked.

For low neuron counts, performance saturated at a small
number of tracked objects, proportional to ensemble size.
Beyond this saturation point, increasing tracking capacity
failed to improve performance and often degraded it (Figure
4B). Two configurations were particularly informative:
models with 200 and 2000 neurons per ensemble. In both
cases, tracking a single ball yielded scores around 90,
comparable to the human minimum. Performance increased
monotonically with tracking capacity. In the 200-neuron
model, scores saturated at four to five balls, yielding average
scores comparable to the human median. In contrast, the
2000-neuron model continued to benefit from increased
tracking capacity, peaking at nine balls with scores matching
the highest-performing humans (Figure 4A).

To further probe mechanistic sources of variability, we
examined perceptual noise in the strongest configuration
(2000 neurons, nine balls). Adding pink Gaussian noise to the
attention ensemble produced a monotonic decline in
performance (Figure 4C). Low noise levels yielded peak
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human-like scores, moderate noise reduced performance to
the human median, and high noise collapsed performance to
the human minimum.

Finally, we manipulated model reaction time by varying
synaptic time constants, producing latencies between 100 and
300 ms. Performance declined monotonically with increasing
reaction time (Figure 4D). Short reaction times matched peak
human performance, intermediate reaction times aligned with
the human median, and long reaction times reproduced the
lowest human scores.

A State Representation B Perception Limits
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200 | «Ow2000 Neurons 8
@ 150 o 6
£ 2
& 100 8 4
50 2
0 0
0 2 4 6 8 10 0 500 1000 1500 2000
Number of balls # Neurons
C Perception Pink Noise D Reaction Time
250 250
200 200
o 150 @ 150
o o
& 100 & 100
50 50
0 0

0 05 1 15 50 150 250 350
Gaussian noise std. Time (ms)

Figure 4: Neuromorphic model performance, averaged over
10 runs.

Discussion

This work proposes a neurally mechanistic account of the
limits and variability of human executive function in a
dynamic task. By combining human behavioral data with two
computational models, one optimized for performance and
the other constrained by biological plausibility, we
reproduced key characteristics of human behavior in multi
object tracking, including pronounced interindividual
variability and capacity limits.

Human performance in the modified Pong task exhibited a
broad distribution of scores, consistent with prior evidence
that executive functions are multifaceted and vary
substantially across individuals (Friedman et al., 2008). An
unconstrained ANN trained with deep reinforcement learning
achieved superhuman performance, demonstrating that the
task itself does not impose a low ceiling. In contrast, a
biologically inspired SNN exhibited performance that
depended parametrically on neural constraints, including the
number of neurons allocated to tracking, perceptual noise,
and reaction time. Varying these parameters generated a
range of scores closely matching the human distribution.

This result provides a neurally grounded instantiation of
the flexible resource theory of attention. While this theory
posits that attentional capacity reflects the division of a finite
resource (Ma et al., 2014), the nature of this resource has
remained abstract. In our model, the number of neurons
allocated to object tracking directly constrained performance:
for a given neural resource level, performance saturated at a
specific number of tracked objects, and attempting to track

additional objects led to degraded representations and lower
scores. This suggests that neural population size is a plausible
candidate mechanism underlying flexible attentional
resources.

Our model corresponds with human performance. When
restricted to tracking a single object, the model reproduced
the lowest human scores, consistent with participants
adopting minimal strategies. With approximately 200
neurons in the perception module, performance saturated at
four to five objects, closely matching typical human capacity
limits and the median of the human cohort (Fougnie &
Marois, 2006). Increasing the neural resources to 2000
neurons enabled tracking of more objects and produced
scores comparable to the highest-performing humans. These
results support the view that individual differences in
executive performance can arise from differences in both
strategy and available neural resources, shaped by training
and genetic factors (Astle & Scerif, 2011; Bays et al., 2009).

In addition to capacity limits, human variability has been
attributed to perceptual noise and reaction time. Our model
reproduced the full range of human scores by varying pink
noise levels and reaction times within empirically plausible
ranges. These effects emerged within the same spiking
architecture that exhibited tracking limits, demonstrating that
capacity, noise, and reaction time arise from shared neural
constraints rather than independent factors.

Interestingly, while the performance-optimized ANN far
exceeded human performance, replacing its output stage with
a biologically plausible basal ganglia—thalamic circuit
reduced its performance. This result might suggest that
biological circuits are not optimized for maximal task
performance, but for robustness, flexibility, and generalized
action selection (Palmeri et al., 2017).

Several limitations point to future directions. The model
employs a simplified representation of visual working
memory, without prioritization among stored items.
Incorporating uneven resource allocation could further refine
performance predictions (Ma et al., 2014). In addition,
synaptic weights were analytically derived rather than
learned, and the perception module relied on ANN-to-SNN
conversion. Future work chould integrate biologically
plausible learning rules and fully spiking reinforcement
learning methods. Finally, while the modified Pong task
captures key aspects of dynamic executive control, extending
the model to more complex, multi-task environments will be
essential for assessing generalizability.

This study provides a neurally mechanistic account of the
limits and variability of human executive function. A
biologically plausible spiking neural network reproduced the
range of human performance through variation in tracking
capacity, noise, and reaction time, highlighting the role of
biological constraints in shaping human-like behavior.
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