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Abstract

Neuroscience has served as a significant source of inspiration for artificial intel-
ligence. By drawing upon research findings from this field, we have designed
a novel artificial neural network to simulate the amygdala in the human brain.
This artificial neural network comprises two components: a long-term memory
network and an activation network. The memory network records the neurons
that transmit and receive signals, as well as the synaptic weights between them.
The activation network, in contrast, records the neurons that transmit and re-
ceive signals along with the temporal points at which signals are sent. The
activation network retains only a brief memory of events when they occur and
modifies the weights in the long-term memory network according to predefined
rules. By employing such methods, we have successfully endowed agents with
the capabilities of fear emotional learning and classical conditioning learning,
which closely resembles the function of the amygdala in biological organisms.
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Abstract

Neuroscience provides significant inspiration for artificial intelligence. Draw-
ing upon research from these disciplines, we designed a novel artificial neural
network to simulate the amygdala in the human brain. The neural network
consists of two components: a long-term memory network and an activation
network. The memory network records the neurons that send and receive sig-
nals along with their connection weights, while the activation network records
the sending and receiving neurons and the precise timing of signal transmission.
The activation network retains only a brief memory of events and modifies the
weights in the long-term memory network according to established rules. Using
this approach, we have successfully endowed an agent with the capacity for fear
emotional learning and classical conditioning learning, which closely resembles
the functions of the amygdala in biological organisms.

Keywords: brain-inspired artificial neural network; amygdala; fear; fear con-
ditioning; SDTP
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The human brain contains approximately 86 billion neurons [1], each perform-
ing simple operations: receiving information, making “decisions” according to
simple rules, and transmitting information outward. Yet it is precisely these sim-
ple neurons, organized into neural networks, that endow humans with diverse
capabilities such as emotion, creativity, language, and thought.

In artificial intelligence research, constructing artificial neuron models analogous
to biological neurons and organizing them into artificial neural networks (ANNs)
to achieve intelligence represents an important direction. The earliest attempt
to simulate biological neurons on computers was made by neuroscientist Mc-
Culloch and mathematician Pitts, who in 1943 proposed the original artificial
neuron model [2] (the MP model). The MP model and its subsequent variants
[3,4] simulated many important characteristics of biological neurons, such as the
ability to receive and send signals, the influence of connection strength between
neurons, and the modifiability of these connections. However, regarding how
connections between neurons change, artificial neural networks differ substan-
tially from biological neural networks. In ANNs (specifically supervised learning
types), weight modifications aim to reduce the error between predicted and ac-
tual outcomes [5], an algorithm independent of temporal factors. In contrast,
weight regulation in biological neural networks is closely related to temporal
factors [6-9]. For instance, when a neuron fires at a particular time, it affects
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synapses connected to it that are in an active state. If synaptic activation pre-
cedes neuronal firing, that synapse is strengthened; conversely, it is weakened.
This phenomenon is known as Spike-Timing-Dependent Plasticity (SDTP) [9)].
Spiking neural networks (SNNs), proposed in 1997 [10], incorporate temporal
elements. In SNNs, neurons transmit discrete signals containing temporal infor-
mation, thereby possessing the capacity to simulate SDTP [11-16].

Both ANNs and SNNs emphasize the similarity between artificial and biologi-
cal neurons while overlooking similarities at the neural network level. However,
intelligence differences across species likely stem from variations in neural net-
work architecture [17,18] rather than neuronal differences. Here we propose
a novel neural network representation that emphasizes similarity to biological
brain networks. Using this approach, we simulated a specific neural structure
in the brain—the amygdala.

Multiple lines of evidence indicate that the amygdala serves as the center for
fear emotional memory and fear classical conditioning learning. For example,
presenting threatening stimuli activates the amygdala, whereas amygdala dam-
age eliminates fear responses [19,20]. Normal monkeys typically show timidity
toward snakes, but monkeys with amygdala damage do not [21]. In humans,
patients with amygdala damage not only have difficulty recognizing fearful ex-
pressions [22] but also show impaired fear classical conditioning learning [23].
Neuroimaging studies reveal that fear classical conditioning typically requires
amygdala activation [24].

We found that agents equipped with this neural network architecture can exhibit
fear emotional learning and classical conditioning capabilities, closely resembling
amygdala function.

2.1 Simulation Scenario and Agent Design

To simulate an agent in a realistic scenario, we first designed a simulation envi-
ronment using Python’ s tkinter package. The scenario consists of a 12$x$12
grid, with each cell representing 50 pixels.

The agent’s body is a 30$ x $30 pixel rectangle equipped with four directional ten-
tacles that serve as sensory organs, enabling perception of object colors within
a one-cell radius.

Two objects are implemented: a red threat and a gray neutral object. The
threat damages the agent only when occupying the same cell as the agent’ s
body, whereas the neutral object never causes damage. Similar to real-world
conditions, the agent must learn through experience that the threat can cause
harm.

When the agent experiences damage or perceives a threat, it flees, jumping three
cells per escape movement.

[Figure 1: see original paper] Agent, threat, and neutral object configuration
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2.2 Agent Neuron and Neural Network Design
(1) Amygdala Characteristics and Neural Connections

In this experiment, we simulated a specific brain structure—the amygdala—which
plays a crucial role in fear emotional learning and classical conditioning [25-27].

The amygdala comprises approximately 12 nuclei, with three most relevant to
fear [28,29]: the lateral amygdala, basal nuclei, and central nucleus. The lateral
amygdala connects with all cortical areas, receiving sensory information [29-32],
and projects to the basal nuclei, which in turn project to the central nucleus
[25,33]. The central nucleus executes emotional responses, projecting to lower
brain regions including the hypothalamus, ventral tegmental area, and brain-
stem locus coeruleus. These regions are associated with autonomic components
(e.g., sympathetic nervous system), behavioral components, and hormonal com-
ponents. The behavioral component mediates fear responses (freezing, escape),
while autonomic (elevated blood pressure, increased heart rate) and hormonal
(adrenaline secretion) components support these behaviors [26], as shown in
[Figure 2: see original paper].

[Figure 2: see original paper] Simplified diagram of amygdala neural connections
(2) Learning Processes in the Amygdala

Synapses in biological brains are modified by their activity, changes widely
considered fundamental to learning and memory. A notable characteristic of
activity-induced synaptic modifications is temporal asymmetry: when a neuron
is active, it simultaneously strengthens synapses that were activated earlier and
weakens those activated later [6-9], constituting SDTP.

Although direct evidence for SDTP-like learning in the amygdala remains in-
conclusive, experiments show that fear learning and fear classical conditioning
typically strengthen synaptic connections between sensory neurons and lateral
amygdala neurons [34-38], indicating a close relationship.

(3) Amygdala Neural Network Model

As noted above, considerable evidence links strengthened synapses between sen-
sory and amygdala neurons to fear and classical conditioning learning [34-38].
However, no existing model explains why this relationship emerges.

Numerous models of classical conditioning exist [39-41], attempting to unify ex-
perimental phenomena through mathematical frameworks. Yet without place-
ment within a specific neural network, these models struggle to explain how
synaptic changes produce specific behavioral modifications. Here we propose a
novel model to explain the relationship between amygdala synaptic changes and
behavioral outcomes.

Principles of Fear Learning

Fear emotion has played a crucial role in biological evolution. Through fear
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learning, organisms develop escape responses to previously harmful objects, re-
ducing the likelihood of repeated attacks and increasing survival probability.

To illustrate our amygdala model, consider a typical fear learning scenario: A
newborn monkey with no prior snake experience sees a snake without fear or
escape response, is subsequently attacked, experiences pain, and produces an
avoidance reaction (escape).

Through this event, learning occurs. The result is that upon subsequent snake
encounters, the monkey experiences fear and immediately escapes, avoiding fur-
ther attacks.

The following model explains this scenario, as shown in [Figure 3: see original
paper]. [Figure 3: see original paper] Fear learning neural network model

The left panel shows the amygdala network before learning; the right panel
shows the network after learning. t1 represents when the monkey’ s visual
system perceives the snake, activating the sensory pathway to the amygdala
(pathway «). Since this pathway is unstrengthened, sensory neurons cannot ac-
tivate the amygdala, preventing activation of pathway v and escape responses.
t2 represents when pain is perceived, activating the pain-to-amygdala pathway
(pathway (). Pain typically triggers strong amygdala firing [42], so we assume
this pathway can initiate escape responses without prior strengthening. t3 rep-
resents when pathway v activates, causing the monkey’ s escape.

Typically, the monkey sees the snake before being attacked, establishing a tem-
poral sequence: t1 precedes t2, which precedes t3. The interval between t1 and
t2 represents the time from snake detection to attack. Since both visual and
pain neurons project to amygdala neurons, amygdala activation according to
SDTP rules strengthens the earlier-activated pathway «, producing learning.

After learning, pathway « is strengthened. When the monkey’ s visual system
is again activated by a snake, it triggers amygdala activation and subsequent
escape, preventing further attacks. Therefore, t2 in the right panel of [Figure 3:
see original paper| is a hypothetical time point (marked with a red box). The
interval between t3 and t1 represents the time from snake perception to escape
initiation, while t2-t1 represents the objective time from seeing the snake to
being attacked. Typically, t3-t1 is shorter than t2-t1, demonstrating that fear
learning enhances survival probability.

Principles of Classical Conditioning

Fear classical conditioning experiments typically employ a conditioned stimulus
(CS) and unconditioned stimulus (US). Before training, the CS does not elicit
escape responses, whereas the US does. During training, the CS and US are
paired repeatedly, after which the organism learns to escape upon CS presenta-
tion.

[Figure 4: see original paper] Fear classical conditioning
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Similar to neuronal STDP, behavioral studies reveal that timing is critical in fear
classical conditioning. The CS must precede or coincide with the US; if the CS
follows the US, organisms never learn the conditioning [43]. Some researchers
suggest the CS serves a warning function [44]. Thus, classical conditioning
closely resembles fear learning, with the difference that both US and CS are
sensory information, so model signals originate from sensory neurons. As shown
in [Figure 5: see original paper]|, for classical conditioning, different activation
times involve sensory information, where S1 is the CS and S2 is the US.

[Figure 5: see original paper] Classical conditioning neural network model
Habituation and Classical Conditioning Extinction

In the real world, both fear learning and classical conditioning are dynamic and
reversible.

Habituation, the opposite of fear learning, describes the process by which organ-
isms gradually adapt to harmless stimuli and reduce escape responses. In our
fear learning context, habituation refers to the gradual disappearance of escape
responses to an object that previously caused harm but now appears repeatedly
without causing damage.

Extinction, the opposite of fear classical conditioning, occurs when a CS is
presented alone multiple times without the subsequent harmful US, causing the
organism to gradually lose escape responses to the CS.

Both effects likely result from decreased neural pathway weights, opposite to
previous strengthening.

Amygdala Neural Network Model

Integrating the principles of fear learning and classical conditioning with amyg-
dala connectivity, we designed an amygdala-like neural network model, as shown
in [Figure 6: see original paper].

[Figure 6: see original paper] Fear memory network design

All sensory neurons project to the amygdala, including pain neurons. Un-
like other sensory neurons, pain neuron connections to amygdala neurons are
stronger (represented as solid lines). Additionally, amygdala neuron activation
directly triggers escape responses.

(4) Neuron and Neural Network Implementation

To simulate agent behavior in realistic environments, we first modeled the agent’
s perception.

Agent Perceptual Simulation

The agent possesses two sensory capabilities. First, it uses tentacles to perceive
object colors, meaning that when either the threat or neutral object contacts a
tentacle, it activates the agent’ s sensory neurons.
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Second, it perceives pain. When the threat occupies the same position as the
agent’ s body, the agent experiences damage, activating pain sensory neurons.

In the human brain, memory is categorized by duration into sensory memory,
short-term memory, and long-term memory [45]. Sensory memory (also called
sensory register) has an extremely brief retention time (approximately 50ms for
visual sensory memory [46,47] and 1-2s for auditory sensory memory [48,49]) but
can hold substantial information. Most sensory memories are discarded after
exceeding their retention period; only attended information undergoes further
processing to enter short-term memory and potentially long-term memory. In-
spired by this, we implemented two networks: a long-term memory-like network
(called the fear memory network) and a sensory memory-like network (called the
activation network). The fear memory network maintains stable long-term mem-
ories, while the activation network stores immediate sensory memories during
events.

Fear Memory Network Design

The fear memory network simulates the stable neural network in an organism’ s
brain before experiencing events. As shown in [Figure 6: see original paper], an
amygdala-like network includes amygdala neurons, sensory neurons (including
pain neurons), and escape responses triggered by amygdala activation.

We set initial connection weights: pain neuron-to-amygdala projections at 3,
and other sensory connections at 1.

We used Python’ s pandas package to describe the memory network, including
three components: sending neurons, receiving neurons, and connection weights.
Initially, we only established connections between pain neurons and amygdala
neurons.

We employed a special method to represent other sensory projections to amyg-
dala neurons: when the agent perceives a stimulus, it first checks the memory
network for an existing stimulus-to-amygdala pathway. If none exists, indicat-
ing novel stimulation, the pathway is added to the memory network with a
default weight of 1, as shown in [Figure 7: see original paper].

[Figure 7: see original paper] Fear memory network representation

We set the amygdala neuron activation threshold at 1.5. When received signals
exceed this threshold, escape responses are triggered. Otherwise, no response
occurs.

In biological brains, neuronal signals vary in intensity, with stronger stimuli elic-
iting higher action potential frequencies. However, evidence suggests intensity
differences do not differentiate objects; instead, the brain uses distinct neurons
to label different objects. For example, some experiments found that for the
same object, attention enhances firing in higher-level visual cortical areas (V4)
[50]. Additionally, many studies show different object categories are stored in
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distinct temporal lobe regions [51-57], indicating that firing frequency is less
related to object identity.

For these reasons, we ignored signal intensity in this experiment. For receiving
neurons, activation depends solely on connection weights. Therefore, without
learning, only pain neuron activation can trigger amygdala activation and escape
responses.

Activation Network Design

We implemented an activation network to simulate what occurs when an organ-
ism encounters an event.

The activation network records immediate signals entering the agent’ s “brain,”
documenting three aspects: sending neurons, receiving neurons, and signal initi-
ation times. The activation network is empty without stimulation; upon signal
entry, it records the event ([Figure 8: see original paper]).

[Figure 8: see original paper] Activation network representation
Neural Network Modification Rules

Weight modification rules in this network draw upon SDTP principles. In the
activation network, if the interval between two signals is small and the later
signal activates the amygdala, it strengthens connections between the earlier
signal and the amygdala.

We assume the strengthening rule is: (Formula 1)

where t is the interval between preceding and subsequent signals in the activation
network, and weight(pre) is the pre-learning weight in the memory network.

The time interval defines the reinforcement window, which we set at 200ms—
much longer than biological windows [9]. Note that this formula and window are
not fixed and can be modified according to specific scenarios. In our simulation,
agent movement requires refreshing every 100ms; for display convenience, we
used a longer window.

For habituation, we assume the rule: (Formula 2)
For classical conditioning extinction, we assume the rule: (Formula 3)
Parameter Design and Significance

We fixed two types of neural connections: pain neuron-to-amygdala connections
and amygdala-to-escape response connections. These represent innate neural
connections in the agent’ s “brain,” indicating unlearned, reflexive responses.

The amygdala activation threshold represents pain tolerance. Lower values indi-
cate lower pain tolerance, producing faster learning and more escape responses,
which increases survival probability but reduces working time due to excessive
avoidance.
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The interval time (t) in Formula 1 defines the reinforcement window, presenting
a trade-off: longer windows enable neural strengthening across broader temporal
ranges but consume more memory, while shorter windows save resources but
may prevent learning real-world CS-US contingencies.

Both formulas and parameters are not entirely fixed; agents can modify them
based on operational contexts to optimize the trade-off between survival and
functional efficiency.

2.3 Signal Processing in the Neural Network

When the agent’ s perception changes, the pathway between sensory and amyg-
dala neurons is recorded in the activation network through a process called
“sensory registration.”

Following sensory registration, the agent consults the memory network based
on recorded pathways. If a matching pathway exists, its weight is retrieved. If
the weight exceeds the threshold, the appropriate response is executed. If not,
the pathway is added to the memory network with a default weight of 1.

Each perceptual change triggers this process once, constituting “one cycle.”When
the entire process concludes and perception remains unchanged for an extended
period, the period from initial change to process completion is called “one
event.” After each event, the agent modifies memory network weights according
to adjustment rules and clears the activation network, as shown in [Figure 9:
see original paper|. Blue arrows represent processing within one cycle; orange

arrows represent post-event processing.
[Figure 9: see original paper] Signal processing in the neural network

[Figure 10: see original paper]| illustrates changes in activation and memory
networks throughout the process.

[Figure 10: see original paper] Signal changes in memory and activation networks
at different stages (fear learning example)

3 Experimental Results

This section presents results for fear learning, classical conditioning, and extinc-
tion effects. Video files and code are available in supplementary materials.

3.1 Fear Emotional Learning

Pre- and post-learning effects are shown in [Figure 11: see original paper]. Com-
paring agent responses across stages reveals that pre-learning agents do not
avoid the red threat. After attack-induced learning, agents develop escape re-
sponses, preventing further harm.

[Figure 11: see original paper| Agent performance before and after fear emo-
tional learning
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3.2 Classical Conditioning Learning

Once agents learn to escape the red threat, it becomes the unconditioned stimu-
lus (US), while the gray neutral object serves as the conditioned stimulus (CS).

[Figure 12: see original paper| shows behavioral changes before and after clas-
sical conditioning. Pre-learning agents do not escape the gray neutral ob-
ject. However, when the neutral object consistently precedes the threat, sat-
isfying classical conditioning requirements, post-learning agents develop escape
responses to the neutral object.

[Figure 12: see original paper| Agent performance before and after classical
conditioning learning

3.3 Habituation and Classical Conditioning Extinction

[Figure 13: see original paper| shows habituation results, demonstrating that
habituation eliminates escape responses to the threat.

[Figure 13: see original paper] Agent performance before and after habituation

[Figure 14: see original paper] shows classical conditioning extinction results,
revealing that post-extinction agents lose escape responses to the CS (neutral
object) while retaining responses to the US (threat).

[Figure 14: see original paper| Agent performance before and after classical
conditioning extinction

4 Discussion

In this experiment, we first proposed a model explaining the relationship be-
tween amygdala neuronal changes and behavioral modifications. Based on this
model, we designed a novel neural network that simulates amygdala structure
and function, enabling fear emotional learning and classical conditioning. Un-
like conventional ANN and SNN frameworks, we emphasize similarity to the
human brain—a factor we believe should not be overlooked in neural network
design.

Compared to other primates, the human brain’ s neuron-to-body ratio is not
exceptional [1]. What accounts for human intelligence? Evidence suggests dif-
ferences arise from neural network architecture [17,18], with more intelligent
species possessing more complex networks. For instance, primates have signifi-
cantly higher proportions of supragranular layer (II and III) neurons in the neo-
cortex compared to carnivores and rodents [18]. Supragranular layers primarily
project signals to other cortical areas, indicating that primate brains contain
more neurons for inter-regional connectivity, forming complex networks. Some
researchers propose this as the source of advanced cognitive abilities in primates,
including humans [60,61]. Another widely accepted principle is that neural net-
works determine the meaning expressed by individual neurons [62]. While sig-
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nals from different brain regions all manifest as axonal action potentials, the
same signals in different networks express different meanings—for example, V1
neuron firing may represent line orientation [63], MT cortex firing may repre-
sent motion direction [64], and temporal lobe neuron firing may represent face
detection [65]. These facts underscore the importance of neural networks in
implementing intelligence.

In biological neural networks, time is another crucial factor [6-9]. Neurobiolog-
ical experiments demonstrate that timing critically influences synaptic connec-
tions: if a neuron fires, it strengthens synapses activated earlier and weakens
those activated later [9]. We therefore recorded neuronal firing times and sim-
ulated synaptic changes by comparing activation times across different neural
pathways. This resembles SNN capabilities [10], but unlike membrane-level
neuronal simulations, we ignored signal transmission forms between neurons,
representing them with numerical values—similar to the MP model [2].

Our network design incorporates sensory registration. Psychological research
reveals extremely brief memory retention for different sensory systems [46-49],
termed sensory memory or sensory registration. Only attended sensory infor-
mation enters short-term memory and may be further processed into long-term
memory, while unattended information is discarded [45]. Sensory registration al-
lows the brain to retain external stimuli temporarily and adjust synapses based
on subsequent feedback, producing memory and learning. This approach is par-
ticularly suitable for organisms processing unknown environments. In contrast,
computer science conditional statements also enable different actions based on
conditions, but require designers to anticipate scenarios. In open-ended envi-
ronments with nearly infinite possibilities (e.g., exploration on an unfamiliar
planet), our method proves highly practical.

Agent learning is also cross-modal. In our network, learning is not restricted to
specific sensory pathways. Regardless of sensory modality, as long as sensory
neurons project to the amygdala and satisfy network modification rules, fear
emotional learning and classical conditioning can occur.

Our designed neural network involves minimal computation. Agent learning pri-
marily involves memory and weight modification, requiring low computational
power—similar to the brain. The human brain processes information with re-
markably low energy consumption, leading some researchers to hypothesize that
the brain is not a calculator but a memory and prediction system [66]. Our ex-
periment supports this hypothesis.

Azevedo, F. A. C., Carvalho, L. R. B., Grinberg, L. T., Farfel, J. M. & Herculano-
Houzel, S. Equal Numbers of Neuronal and Nonneuronal Cells Make the Human
Brain an Isometrically Scaled-Up Primate Brain. Journal of Comparative Neu-
rology 513, 532-541 (2009).

Mcculloch, W. S. & Pitts, W. H. A logical Calculus of Ideas Immanent in
Nervous Activity. The Bulletin of Mathematical Biophysics 5, 115-133 (1942).

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

ChinaRxiv [$X]

Nair, V. & Hinton, G. E. in international conference on machine learning. 807-
814.

Rosenblatt & F. The Perceptron: A Probabilistic Model for Information Storage
and Organization in The Brain. Psychological Review 65, 386-408 (1958).

Rumelhart, D. E., Hinton, G. E. & Williams, R. J. Leaning representations by
back-propagating errors. Nature 323, 533-536 (1986).

Markram, H., Lubke, J., Frotscher, M. & Sakmann, B. Regulation of synaptic
efficacy by coincidence of postsynaptic APs and EPSPs. (1997).

Gerstner, Wulfram, Kempter & Richard. A neuronal learning rule for sub-
millisecond temporal coding. Nature (1996).

Zhang, L., Tao, H., Holt, C., Harris, W. & Poo, M. A critical window for
cooperation and competition among developing retinotectal synapses. Nature
395, P.37-44 (1998).

Bi, G. Q. & Poo, M. M. Synaptic Modifications in Cultured Hippocampal Neu-
rons: Dependence on Spike Timing, Synaptic Strength, and Postsynaptic Cell
Type. The Journal of Neuroence 18, 10464-10472 (1998).

Maass, W. Networks of Spiking Neurons: The Third Generation of Neural Net-
work Models. Neural Networks 10, 1659-1671 (1997).

Ponulak, F., Kasi, A. J. & #x. Supervised learning in spiking neural networks
with resume. Neural Computation (2010).

Guetig, R. & Sompolinsky, H. The Tempotron: a neuron that learns spike-
timing based decisions. Reviews in the neuroences 16, S27-S27 (2005).

Masquelier, T., Guyonneau, R. & Thorpe, S. J. Competitive STDP-Based Spike
Pattern Learning. Neural Computation 21, 1259-1276 (2009).

Diehl, P. U. & Matthew, C. Unsupervised Learning of Digit Recognition Using
Spike-Timing-Dependent Plasticity. Frontiers in Computational Neuroscience
9, 99 (2015).

Masquelier, T. & Thorpe, S. J. Unsupervised learning of visual features through
spike timing dependent plasticity. PLOS Computational Biology 3 (2007).

Roy, S. & Basu, A. An Online Unsupervised Structural Plasticity Algorithm for
Spiking Neural Networks. IEEE Transactions on Neural Networks 28, 900-910
(2017).

Oxnard, C. E. Brain Evolution: Mammals, Primates, Chimpanzees, and Hu-
mans. 25, 1127-1158 (2004).

Hutsler, J. J., Lee, D. G. & Porter, K. K. Comparative analysis of cortical
layering and supragranular layer enlargement in rodent carnivore and primate
species. Brain Research 1052, 71-81 (2005).

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

ChinaRxiv [$X]

Pascoe, J. P. & Kapp, B. S. Electrophysiological characteristics of amygdaloid
central nucleus neurons during Pavlovian fear conditioning in the rabbit. Be-
havioural Brain Research 16, 117-133 (1985).

Serge, C. & Michael, D. Induction of the c-fos proto-oncogene in rat amygdala
during unconditioned and conditioned fear. Brain Research (1991).

Amaral, D. G. The Amygdala, Social Behavior, and Danger Detection. Annals
of the New York Academy of Sciences (2003).

Anderson, A. K. & Phelps, E. A. Intact recognition of vocal expressions of fear
following bilateral lesions of the human amygdala. Neuroreport 9, 3607-3613
(1998).

Funayama, E. S., Grillon, C., Davis, M. & Phelps, E. A. A Double Dissociation
in the Affective Modulation of Startle in Humans: Effects of Unilateral Temporal
Lobectomy. Journal of Cognitive Neuroence (2001).

Phelps, E. A.,; O’ Connor, K. J., Gatenby, J. C., Gore, J. C. & Davis, M.
Activation of the left amygdala to a cognitive representation of fear. Nature
Neuroence 4, 437-441 (2001).

Kapp, B. S., Whalen, P. J., Supple, W. F. & Pascoe, J. P. Amygdaloid contri-
butions to conditioned arousal and sensory information processing. (1992).

LeDoux & E, J. Emotion Circuits in the Brain. Annual Review of Neuroscience,
155-184 (2000).

Fanselow, M. S. Neural organization of the defensive behavior system responsible
for fear. Psychonomic Bulletin & Review 1, 429-438 (1994).

Pitkanen, Asla, Savander & Vesa. Organization of intra-amygdaloid circuitries
in the rat: An emerging framework for understanding. Trends in Neurosciences
(1997).

Amaral, D.; Price, J., Pitkanen, A. & Carmichael, S. Anatomical organisation
of the primate amygdaloid complex. Amygdala (1992).

Turner, B. H., Mishkin, M. & Knapp, M. Organization of the amygdalopetal pro-
jections from modality-specific cortical association areas in the monkey. Journal
of Comparative Neurology 191, 515-543 (1980).

Mcdonald, A. J. Cortical pathways to the mammalian amygdala. Progress in
Neurobiology 55, 257-332 (1998).

Turner, B. H. & Zimmer, J. The architecture and some of the interconnections of
the rat’s amygdala and lateral periallocortex. Journal of Comparative Neurology
227, 540-557 (1984).

Ledoux, J., Iwata, J., Cicchetti, P. & Reis, D. Different projections of the central
amygdaloid nucleus mediate autonomic and behavioral correlates of conditioned
fear. Journal of Neuroscience 8, 2517-2529 (1988).

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

ChinaRxiv [$X]

Quirk, G. J., Armony, J. L. & Ledoux, J. E. Fear Conditioning Enhances Dif-
ferent Temporal Components of Tone-Evoked Spike Trains in Auditory Cortex
and Lateral Amygdala. Neuron 19, 613-624 (1997).

Quirk, G. J., Repa, J. C. & Ledoux, J. E. Fear conditioning enhances short-
latency auditory responses of lateral amygdala neurons: parallel recordings in
the freely behaving rat. Neuron 15, 1029-1039 (1995).

Rogan, M. T., Staubli, U. V. & LeDoux, J. E. Fear conditioning induces asso-
ciative long-term potentiation in the amygdala. Nature 390, 604 (1997).

McKernan, M. & Shinnick-Gallagher, P. Fear conditioning induces a lasting
potentiation of synaptic currents in vitro. Nature 390, 607 (1997).

Yang, Y., Liu, D. Q., Huang, W., Deng, J. & Poo, M. M. Selective synaptic re-
modeling of amygdalocortical connections associated with fear memory. Nature
Neuroscience 19, 1348 (2016).

Sutton, R. S. & Barto, A. G. Toward a Modern Theory of Adaptive Networks:
Expectation and Prediction. Psychological Review 88, 135-170 (1981).

Klopf, A. H. A neuronal model of classical conditioning. Psychobiology 16,
85-125 (1988).

Schmajuk, N. A. & DiCarlo, J. J. Stimulus configuration, classical conditioning,
and hippocampal function. Psychological review 99, 268 (1992).

Romanski, L. M. & E., L. J. Information Cascade from Primary Auditory Cor-
tex to the Amygdala: Corticocortical and Corticoamygdaloid Projections of
Temporal Cortex in the Rat. Cerebral Cortex, 6 (1993).

Hearst, E. Fundamentals of learning and conditioning. (1988).
Kandel, E. R. In Search of Memory. 120-121 (2006).

Atkinson, R. C. & Shiffrin, R. M. [Psychology of Learning and Motivation]
Volume 2 || Human Memory: A Proposed System and its Control Processes.
Psychology of Learning & Motivation, 89-195 (1968).

Sperling, G. The information available in brief visual presentations. Psycholog-
ical monographs: General and applied 74, 1 (1960).

Sperling, G. A model for visual memory tasks. Human Factors 5, 19-31 (1963).

Crowder, R. G. & Morton, J. Precategorical Acoustic Storage (PAS). Perception
& Psychophysics 5, 365-373 (1969).

Darwin, C. J., Turvey, M. T. & Crowder, R. G. An auditory analogue of the
sperling partial report procedure: Evidence for brief auditory storage. Cognitive
Psychology 3, 255-267 (1972).

Moran, J. & Desimone, R. Selective attention gates visual processing in the
extrastriate cortex. Science 229, 782-784 (1985).

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

ChinaRxiv [$X]

Damasio, H. & Grabowski, T. J. A neural basis for lexical retrieval. Nature
(1996).

Blundo, C., Ricci, M. & Miller, L. Category-specific knowledge deficit for ani-
mals in a patient with herpes simplex encephalitis. Cognitive Neuropsychology
23, 1248-1268 (2006).

Caramazza, A. Domain-specific knowledge systems in the brain the animate-
inanimate distinction. Journal of Cognitive Neuroence 10 (1998).

Mahon, B. Z. & Caramazza, A. Concepts and Categories: A Cognitive Neu-
ropsychological Perspective. Annual Review of Psychology 60, 27-51 (2009).

Chao, L. L., Jill, W. & Alex, M. Experience-dependent Modulation of Category-
related Cortical Activity. Cerebral Cortex, 545-551 (2002).

Chao, L. L., Haxby, J. V. & Martin, A. Attribute-based neural substrates in
temporal cortex for perceiving and knowing about objects. Nature Neuroscience
2, 913-919 (1999).

Martin & Alex. The Representation of Object Concepts in the Brain. Annual
Review of Psychology 58, 25 (2007).

Marinpadilla, M. Cajal-Retzius cells and the development of the neocortex.
Trends in Neurosciences 21, 64-71 (1998).

Jr, C. V., Takahashi, T. & Nowakowski, R. S. Numbers, time and neocortical
neuronogenesis: a general developmental and evolutionary model. Trends in
Neurosciences 18, 379 (1995).

Mountcastle, V. B. Modality and topographic properties of single neurons of
cat’ s somatic sensory cortex. Journal of Neurophysiology 20, 408-434 (1957).

Elston, G. N. Cortex, Cognition and the Cell: New Insights into the Pyramidal
Neuron and Prefrontal Function. Cerebral Cortex (2003).

Kandel, E. R. et al. Principles of neural science. 33-35 (McGraw-hill New York,
2000).

D.H.Hubel & T.N.Wiesel. Ferrier Lecture: Functional Architecture of Macaque
Monkey Visual Cortex. Proceedings of the Royal Society B Biological Sciences
(1977).

Maunsell, J. H. & Van Essen, D. C. Functional properties of neurons in middle
temporal visual area of the macaque monkey. II. Binocular interactions and
sensitivity to binocular disparity. Journal of Neurophysiology 49, 1148-1167
(1983).

Freiwald, W. A. & Tsao, D. Y. Functional compartmentalization and viewpoint
generalization within the macaque face-processing system. Science 330, 845-851
(2010).

Hawkins, J. & Blakeslee, S. On intelligence. (Times Books, 2004).

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

ChinaRxiv [$X]

Author Contributions:

Dongtao Wei: Conceptualization, methodology, final manuscript revision;
Guoqing Wang: Conceptualization, methodology, software implementation,
original draft preparation.

Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.

chinarxiv.org/items/chinaxiv-202008.00062 Machine Translation


https://chinarxiv.org/items/chinaxiv-202008.00062

	Implementing Fear Learning and Classical Conditioning Using a Novel Brain-Inspired Artificial Neural Network
	Abstract
	Full Text
	Preamble
	Abstract
	2.1 Simulation Scenario and Agent Design
	2.2 Agent Neuron and Neural Network Design
	2.3 Signal Processing in the Neural Network
	3 Experimental Results
	3.1 Fear Emotional Learning
	3.2 Classical Conditioning Learning
	3.3 Habituation and Classical Conditioning Extinction
	4 Discussion


