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Abstract

Understanding the intricate relationship between neural network morphology, spiking

dynamics, and function is a fundamental challenge in neuroscience. This study delves into

this relationship in the renowned Pavlovian conditioning model proposed by Izhikevich to

address the “distal reward problem.” The model consists of spiking neurons connected by

synapses whose weights evolve based on dopamine-modulated spike-timing dependent

plasticity and undergoes a specific Pavlovian conditioning protocol. Throughout condition-

ing, the network architecture undergoes a dramatic transformation, shifting from random

recurrent connections to a predominant feed-forward structure, positioning a specific sub-

population of neurons targeted during conditioning at the network’s apex. Remarkably, this

new structure, termed Pavlovian memory, can persist despite spontaneous population

bursting activity driven by stochastic noise and residual recurrent connections. However,

significantly elevated basal dopamine levels gradually induce morphological multi-stability,

including a state of complete memory loss. These findings vividly illustrate the interplay of

spiking dynamics, network morphology, and memory state within a dopamine-modulated

Pavlovian conditioning system. We anticipate that employing a similar systematic approach

could advance our understanding of more complex functions of spiking neural networks in

both machine learning and the brain.

Author summary

Deciphering the intricate connections between neural network morphology, spiking

dynamics, and function is a key challenge in neuroscience. This study investigates this

relationship in the Pavlovian learning model proposed by Izhikevich to tackle the “distal

reward problem”—how a neural network can recognize a stimulus when its correspond-

ing reward is delivered after a significant delay amidst numerous deterrent stimuli. The

model consists of spiking neurons connected by synapses, with connectivity strengths

evolving based on dopamine levels and spike-timings of pre- and post-synaptic spikes,

undergoing a specific Pavlovian conditioning protocol. Our results reveal a dramatic

transformation in the network architecture throughout the learning process, transitioning
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from random connections to a predominant feed-forward structure. Notably, this new

structure, representing Pavlovian memory, persists despite spontaneous population burst-

ing activity driven by stochastic noise and residual recurrent connections. However, sig-

nificantly elevated basal dopamine levels gradually induce morphological multi-stability,

including a state of complete memory loss. These findings vividly illustrate the interplay

of spiking dynamics, network morphology, and memory state within a dopamine-modu-

lated neural network.

Introduction

The learning process of biological neural networks involves intricate dynamics, where the net-

work’s connection morphology adapts to achieve specific objectives, such as identifying rele-

vant sensory or contextual information among various stimuli, as demonstrated in studies

such as those by Chong et al. (2020) [1] and Singer et al. (2021) [2]. This morphological evolu-

tion is driven by the network’s ability to generate action potentials (spikes), triggered by exter-

nal sensory stimuli, system noise, or intrinsic self-sustained dynamics. Neurons communicate

through spikes and chemical synapses, with plastic synaptic connection strengths that are sub-

ject to change by the spiking times and rate of pre- and post-synaptic neuron. Consequently,

the morphological network configuration and spiking dynamics of neural networks are tightly

intertwined, playing crucial roles in various functions.

However, dissecting the morphology of large biological neural networks at the level of sin-

gle cells and synapses and understanding the implications of their spiking dynamics, especially

during learning processes, is often a daunting task. The challenges associated with studying

real biological neural networks or conducting relevant large-scale brain simulations arise from

several factors. These include the vast degree of freedom inherent in neural networks, signifi-

cant heterogeneity among neurons and synapses, limited knowledge of relevant system param-

eters, and a lack of suitable tools for analyzing and interpreting complex nonlinear population

spiking dynamics. These dynamics encompass self-organized autonomous activity as well as

induced activity resulting from sensory inputs.

In this study, we delve into a well-defined model network to fully dissect and quantify the

process of a memory formation and its subsequent dissociation from the viewpoint of network

morphology and population dynamics. Specifically, we investigate a famous mathematical

model neural network proposed by Izhikevich years ago [3]. Briefly, this illuminating model is

based on dopamine-modulated spike-timing-dependent plasticity (STDP), often referred to as

the “three-factor STDP learning rule.” With this model, Izhikevich demonstrated how “distal

rewards” can lead to successful Pavlovian conditioning, wherein the network could be trained

with rewarded current stimuli, even when the rewards (“dopamine doses”) occur seconds later

following the matching current stimuli. Upon the completion of the Pavlovian conditioning,

during the inference stage, a target (a specific subpopulation of neurons) receiving a current

stimulus generates a far-enhanced population burst (PB) compared to much weaker PBs of all

other non-targeted subpopulations. However, the same study did not analyze the accompa-

nying structural transformation of the network undergoing the conditioning process, prompt-

ing our investigation.

A closely related inquiry concerning the structural evolution of the network pertains to the

potential influence of internally generated spiking activity within the network, and this impor-

tant issue was not investigated in the original work by Izhikevich [3]. Various studies have pro-

posed that spontaneous spiking in the brain plays a significant role in information processing,
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as discussed in references [4, 5], among others. Notably, it has been suggested that uncorre-

lated random spiking rapidly dissipates the effects of prior inputs, facilitating swift adaptation

to new sensory input [4]. Expanding on this notion, we systematically investigate how autono-

mous spiking activity influences the established Pavlovian memory encoded within the Izhike-

vich network. To address this question, we introduce a new parameter, D0, representing a low

basal level of dopamine, into the Izhikevich model. The presence of D0 implies a constant low-

level activation of STDP, allowing spontaneously generated single spikes and bursts to alter the

landscape of synaptic weights.

Results

Pavlovian conditioning resulting in a feedforward network

Our model comprises 2,000 neurons, including 1,600 excitatory and 400 inhibitory neurons,

interconnected randomly with a sparsity of 10% (see Fig 1 for visualization). Neuronal connec-

tions operate via chemical synapses, where excitatory synaptic weights (red arrows) dynami-

cally vary within a fixed range from 0 to 4, while inhibitory synaptic weights (blue arrows)

remain fixed at -8. (Further details are provided in the Methods section).

Fig 2 illustrates the temporal progression of Pavlovian conditioning in the model network.

For Pavlovian conditioning, 100 subpopulations are formed as illustrated in Fig 1 by randomly

selecting 100 neurons from the total pool of 2,000. Sequential delivery of brief current (Iinject =

40 pA) pulses to these subpopulations occurs in random order as marked by arrows in Fig 2A,

with time intervals varying randomly around a mean of 200 ms. Each current stimulus elicits a

population burst, as depicted in the raster plot of Fig 2A. The raster plots also display many

Fig 1. Schematic illustration of an Izhikevich model network undergoing Pavlovian learning. The network consists

of 1,600 excitatory neurons (filled red dots) and 400 inhibitory neurons (blue circles), interconnected with a sparsity of

0.1. The thickness of each connecting arrow represents the synaptic weight strength. To facilitate the Pavlovian

conditioning protocol, 100 subpopulations are formed, each comprising 100 randomly selected neurons from the

overall population (only 4 subpopulations, each of which contains only 3 neurons, are shown in the scaled-down

schematic diagram). During the conditioning process, a non-rewarded electrical stimulation is applied to a randomly

chosen subpopulation at a time interval between 100 to 300 ms. In contrast, a rewarded stimulation is administered to

a specific subpopulation (S1) at approximately 5-second intervals. The synaptic weights evolve dynamically in

accordance with the three-factor dopamine-modulated STDP model described in the Model Section.

https://doi.org/10.1371/journal.pcsy.0000035.g001
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randomly scattered single spikes, representing system noise, which result from random cur-

rent injections.

In the three-factor STDP learning rule, heightened dopamine levels augment the influence

of STDP. Dopamine release is exclusively triggered only when a specific subpopulation (e.g., S1

in Fig 1) is stimulated (as denoted by green arrows in Fig 2A), whereas no release occurs for

other subpopulations (Si where i 6¼ 1, marked by black arrows in Fig 2A). Dopamine rewards

are administered with a variable time delay (depicted as magenta triangles), ranging from 1 to

3 seconds, following the stimulation of the target S1 subpopulation (each green arrow). This

variability reflects the imprecision inherent in the timing of distal rewards.

In the initial phase of conditioning (as depicted in Fig 2A, top row), the induced bursts

exhibit a wide range of shapes, as evidenced by the spike density function (SDF) trace below

the raster plot. Notably, the burst shape corresponding to the rewarded stimulus (highlighted

Fig 2. Amplification of rewarded stimulus-evoked bursts during Pavlovian conditioning. (A) Raster plots

showcasing neural spikes and stimulus-triggered bursts at different conditioning stages. The arrows atop each plot

denote stimulation timings: the green (black) arrows mark the times of rewarded (non-rewarded) stimulations given to

the target (non-target) subpopulation(s) (refer to Fig 1). Beneath each raster plot, the corresponding spike density

function (SDF) is depicted. Population SDF was computed by convolving spikes with a Gaussian kernel of σ = 10 ms

width. Magenta triangle markers pinpoint reward times. (B) Burst profiles (green lines) evoked by a rewarded

stimulus. Overlaying each graph is the average non-rewarded stimulus-evoked burst profile (black solid line),

accompanied by gray shades illustrating the corresponding standard deviation across a 4-second time-frame. Vertical

dashed lines and green (black) arrows denote the timings of rewarded (non-rewarded) stimuli. It is noteworthy that

the population burst SDF corresponding to the green arrows undergoes significant enhancement as the conditioning

progresses, while those corresponding to the black arrows remain more or less unchanged. A small level of basal

dopamineD0 = 0.0015 μM was assumed.

https://doi.org/10.1371/journal.pcsy.0000035.g002
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by the solid green line in the enlarged image in Fig 2B, top frame) does not significantly differ

from the others (represented by the solid black line, the average profile of them, in the top

frame of Fig 2B). However, with the progression of conditioning, the burst associated with the

rewarded stimulus gains increasing prominence. Eventually, its amplitude becomes several

times larger, on average, than that of the unrewarded stimuli (as seen in Fig 2B, third row).

Additionally, the population burst profiles linked with the rewarded stimuli become more

symmetrical about their peaks. In essence, the designed Pavlovian conditioning paradigm

proves successful, as it elicits a superior and distinctive burst profile that aligns with the

rewarded stimulus.

We now utilize graph-theoretical methods to examine the structural changes within the net-

work, an aspect previously unexplored, as it undergoes the remarkable dynamic transforma-

tion during the Pavlovian learning. Fig 3 unveils a striking evolution in the network’s

structural characteristics. The initial synaptic weight distribution, originally a delta function

with a peak at 2 (magenta color in Fig 3A), undergoes a rapid transformation over time: it

gradually shifts towards a U-shaped distribution and eventually matures into a quite extreme

bimodal distribution (solid blue line) with peaks at 0 (indicating no functional connectivity)

and 4 (representing saturated, maximal connectivity).

To visualize this dynamic network transformation process, we generate scatter plots por-

traying the relationship between ∑Win and ∑Wout. Here, each value of ∑Win (∑Wout) corre-

sponds to the cumulative sum of synaptic weights from afferent (to efferent) connections

attributed to a given excitatory neuron. Each scatter plot encompasses 1,600 points, each

denoting an excitatory neuron within the network. Initially, at the outset (Fig 3B, t = 0 s), the

points congregate in a compact cluster around the coordinates (320, 320), indicative of each

excitatory neuron’s approximately 160 excitatory-excitatory connections. The small disper-

siveness of them is caused by the inherent probabilistic nature of physical connections, adher-

ing to a sparsity of 0.1. In short order, this initial grouping expands and metamorphoses into

an elongated “rugby ball” configuration (Fig 3B, t = 24 s). Subsequently, this structure transi-

tions into a linear “band” formation, characterized by a notable negative cross-correlation

(Pearson correlation coefficient of -0.95) between ∑Win and ∑Wout, evident particularly at

t = 3,600 s (Fig 3B).

Intriguingly, during this progression, neurons belonging to the particular subpopulation

(S1), recipients of the rewarded stimuli (depicted as orange points in Fig 3B), systematically

gravitate toward the top-left corner of the scatter plot. In the same plot, we define a set of pur-

ple points to represent neurons with the 100 highest values of ∑Win at t = 3,600 s. Notably,

retracing the positions of these purple points backward in time reveals their widely dispersed

nature at t = 24 s and t = 240 s, and even within the point cloud of the initial stage (t = 0) of

Pavlovian conditioning. It’s interesting to note that at the very beginning (t = 0) these purple

points exhibit, on average, slightly elevated ∑Win values compared to those of the whole popu-

lation. As we will soon confirm, the scatter plot derived from the Pavlovian-conditioned data

in Fig 3B (t = 3,600 s) distinctly portrays a robust feed-forward network structure, starting

from the densely clustered orange points and ending at the purple points.

Since the established Pavlovian conditioned network has a quite extreme bimodal weight

distribution (solid blue in Fig 3A), naturally we can set a threshold weight value of 2, beyond

(below) which edge connectivity is assumed to be fully active (inactive) and with this criterion

we can assign the in-degree (number of active input edges) and out-degree (number of active

output edges) of each neuron. By evaluating in-degrees and out-degrees of all excitatory neu-

rons in the Pavlovian conditioned network, a strong similarity is observed between the scatter

plot of (∑Win, ∑Wout) and that of (in-degree, out-degree) (see S1 Fig). In fact, for a given excit-

atory neuron of the conditioned network, ∑Win (∑Wout) is almost linearly proportional to in-
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Fig 3. Evolution to feed-forward network architecture during Pavlovian conditioning. (A) Synaptic weight

distribution (top) and recurrent loop-length statistics (bottom) at various conditioning stages [t = 0 (magenta), t = 24 s

(red), 240 s (green), 3,600 s (blue)]. Loop-length ratios are relative to the networks that are randomly shuffled (black

dashed line). (B) Scatter plots illustrating the sum of afferent weights (∑Win) versus the sum of efferent weights (∑Wout)

of all excitatory neurons. Orange points identify neurons within the subpopulation (S1)receiving rewarded stimuli,

while purple points represent the top 100 neurons with the highest ∑Win values at t = 3,600 s. (C) Two-dimensional

“spring-force layout” visualization of the network corresponding to the scatter plot in B (t = 3,600 s). Notably, the

central cluster of orange points becomes a “source,’’ and the peripheral group of purple points on the outskirts

becomes a “sink.’’ The orange and purple insets highlight intra-connectivity among excitatory neurons in the source

(occupying the core area) and in the sink (occupying the peripheral area), respectively: The intra-connections are

emphasized with thicker lines (black: weight = 4, white: weight = 0)compared to the dense, fuzzy background inter-

connections.

https://doi.org/10.1371/journal.pcsy.0000035.g003
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degree (out-degree). Furthermore, the statistical analysis of loop lengths (see Methods for

details), as presented in the lower frame of Fig 3A, reveals a swift reduction in the prevalence

of recurrent closed loops across all lengths, particularly in the case of larger (5* 10) loops.

This observation signifies a substantial decrease in recurrent connections as the Pavlovian con-

ditioning progresses.

The migration of the orange points towards the top-left corner of Fig 3B (t = 3,600 s) can be

readily attributed to their dual role as recipients of rewarded stimuli and initiators of wide-

spread population bursts. This migration is a direct consequence of the increasing emphasis

placed on their presynaptic roles via the STDP mechanism during each rewarded stimulus

event. The migration pattern of the orange points bears a resemblance to the coordinated

movement of crawling amoebae in traveling-wave chemotaxis [6] (refer to S2 Fig for visualiz-

ing trajectories) as they gravitate towards the source of “chemo-attractant’’ (which, in our con-

text, is the dopamine-rewarded electrical stimulation). We should note that while the

dopamine reward is global, the specificity of the subpopulation receiving the accompanying

electrical stimulation imposes the locality. Simultaneously, other points dynamically find their

final positions in the scatter plot of Fig 3B (t = 3,600 s), although their positions exhibit consid-

erable fluctuations during the transient period (see S2 Fig).

The initial spikes generated by the orange points (i.e., S1 subpopulation) initiate a cascading

effect, leading to a series of spikes that flow downwards along the * -1 slope within the scatter

plot, a phenomenon visualized in Fig 4A. This sequence of events gives rise to what we term a

superlative burst. While the precise spike timings of individual neurons within the superlative

Fig 4. Spreading spiking activity within a superlative burst rendered shown in the space of ∑Wout vs. ∑Win (A) and average spiking times of 1,600

excitatory neurons vs. their ∑Win in (B). The figure in (A) showcases the propagation of spiking activity within an evoked burst, which is linked to a

rewarded stimulation. The colored points represent neurons firing at specific labeled times. Notably, the spiking activity exhibits a clear propagation

pattern towards the lower right-hand corner of the plot. The superlative burst corresponding to this propagation is indicated by a green arrow in Fig 2A

(3rd row). The figure shown in (B) presents the average spiking times of all 1,600 excitatory neurons across 92 induced population burst events

facilitated by a fully Pavlovian conditioned network. These times are then plotted as a function of corresponding neurons’ ∑Win. The larger points

(located in the lower left-hand corner) correspond to neurons that receive direct electrical stimulation. Notably, there exists a small (*1 ms) time delay

between the source (large points) and the remaining neurons (small points).

https://doi.org/10.1371/journal.pcsy.0000035.g004
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burst display large variability from one burst occurrence to another, our analysis reveals a

robust positive correlation between the average spiking time of each neuron with respect to

the stimulation onset and its ∑Win (or ∑Wout), as depicted in Fig 4B. Considering that each

excitatory neuron can be characterized by its unique ∑Win value, this correlation clearly sug-

gests that every neuron possesses a preferred (average) spiking time within a population burst

triggered by a dopamine-rewarded stimulus. This correspondence underscores the intricate

relationship between network connectivity and spiking dynamics.

By deciphering the relative spike timings of all neurons during the recurrent occurrence of

the superlative burst, the intricate web of network connectivity can be readily unveiled, largely

due to its foundation on the principles of the STDP mechanism. To elucidate this concept, we

employ a simplified arrangement of six neurons in a toy system, initially interconnected in an

all-to-all manner. The assumed firing sequence of these neurons manifests as a compact popu-

lation burst, as illustrated in a schematic raster plot of Fig 5A. Through the application of

STDP, solely the synaptic connections linked with causal (non-causal) pairing of firing events

exhibit functional activation (inactivation) with long-term potentiation (LTP) and long-term

depression (LTD) mechanisms, respectively. This selective strengthening or weakening of syn-

apses leads to an emergent feed-forward network structure, showcased in the schematic of Fig

5B. Here, node #1 serves as a (global) source, while node #6 serves as a (global) sink. Conse-

quently, the (in-degree, out-degree) points of the six neurons converge to align along a linear

trajectory with a slope of -1 (Fig 5C). Conversely, the negative correlation apparent in the scat-

ter plot, characterized by the slope of -1, vividly reflects the network’s inherent feed-forward

structure (Fig 5B).

Therefore, the striking negative cross-correlation evident in the scatter plot of Fig 3B (at

t = 3,600 s) (and those given in S1 Fig), coupled with the network’s prowess in sustaining a sys-

tem-wide population burst, strongly indicates the establishment of a feed-forward network

through the process of Pavlovian conditioning. This observation harmonizes with the substan-

tial decay observed in recurrent connections across various loop lengths as the Pavlovian con-

ditioning evolves (Fig 3A, lower frame).

Lastly, Fig 3C employs a two-dimensional “spring-force layout” to visually portray the Pav-

lovian-conditioned network depicted in Fig 3B at t = 3,600 s. In this layout, points, akin to

identical charges, exert repulsive Coulomb-like forces on one another while being connected

by linear springs (with spring constants represented byWij). As a result, the two-dimensional

network diagram can attain a state of force equilibrium. Examining this conditioned network,

we note that the connectivity percentages for orange-to-orange, purple-to-purple, orange-to-

purple, and purple-to-orange points stand at approximately 50, 82, 90, and 0% (functionally

connected only if weight >2), respectively. That is, inter-connectivity within the target S1 sub-

population (orange) and that within the purple subpopulation occupying the sink region are

quite significant (refer to the two accompanying insets of Fig 3C). Given the nearly identical

number (in-degree + out-degree�160) of springs attached to all nodes, it is conceivable that

these distinct connectivity levels dictate the arrangement of orange (and purple) points within

the central (and peripheral) region of Fig 3C, respectively.

Memory retention and erosion

The observed structural transformation of the network during Pavlovian conditioning is

indeed remarkable and prompts another important question regarding the sustainability of

the established feed-forward network morphology. Specifically, it raises the question of how

long the conditioned state will persist in the absence of further conditioning. In the brain, self-

sustained spiking activities arise from intrinsic dynamics as well as with parasitic system noise

PLOS COMPLEX SYSTEMS Pavlovian-memory formation and consolidation: Dynamics and network evolution

PLOS Complex Systems | https://doi.org/10.1371/journal.pcsy.0000035 February 18, 2025 8 / 22

https://doi.org/10.1371/journal.pcsy.0000035


at various temporal and spatial scales [7]. Moreover, the presence of basal dopamine (D0) can

continue to activate the STDP action, potentially leading to the disintegration of the estab-

lished network into different configurations. To address this issue, we investigate the impact of

varying levels of D0 concentration on the network dynamics and structure.

We begin by examining a case of D0 = 0.001 μM, which corresponds to only 0.2% of the

instantaneous dopamine reward injection level, Dr = 0.5 μM. In Fig 6, we illustrate the tempo-

ral evolution of the feed-forward network established through Pavlovian conditioning (the

shaded first row). The subsequent rows of Fig 6 illustrate the self-evolution of the network

after the cessation of the Pavlovian conditioning. As anticipated, the system autonomously

generates numerous random single spikes and small-scale population bursts (see second row,

Fig 6), which are gradually increasing in strength and intermittently emerging in varying

Fig 5. Heuristic explanation of the formation and deformation of the feed-forward network. (A) A toy model

raster plot illustrating a neural burst in a 6-neuron system, where each neuron fires once and has its own fixed spiking

time [#1 (black) first and #6 (violet) last]. The neurons are assumed to be physically connected all-to-all. (B) Schematic

illustration of a functionally feed-forward network of the toy model, created by assuming the classical STDP

mechanism based on causality assumption. Each colored line with an arrow-head represents a functionally active

efferent connection. The two numbers in each bracket represent in-degree and out-degree, respectively. (C) Plot

depicting the (in-degree, out-degree) pairs of the feed-forward network shown in (B). (D) Schematic diagram of the

feed-forward network from (B), with the addition of two extra recurrent connections (thick red and orange arrows).

(E) Scatter plot displaying the (in-degree, out-degree) pairs of the modified feed-forward network depicted in (D).

https://doi.org/10.1371/journal.pcsy.0000035.g005
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packet sizes. Notably, there are several rounds of bursts exhibiting a fairly regular inter-burst

interval of approximately 40 ms (see the burst SDF profiles in the 3rd row of Fig 6). While the

autonomous bursting dynamics matures, the underlying network morphology undergoes

some changes, as depicted in the sequence of scatter plots in Fig 6B. The previously almost per-

fect negative cross-correlation between ∑Win and ∑Wout is altered, albeit only to a modest

extent (Pearson cross-correlation: from -0.95 to -0.87). Furthermore, upon examining the scat-

ter plots, we notice that the distinct territories occupied by three different subpopulations of

excitatory neurons (represented by differently colored points) as indicated in Fig 6B remain

predominantly unchanged: These subpopulations were categorized based on their inter-spike-

interval histograms (see S3 Fig and Ref. [8] for additional details on the relevant hierarchical

clustering method). In essence, it appears that the Pavlovian memory embedded within the

network morphology is largely unaffected by the autonomous dynamics of the system.

The gradual ‘bulging’ (as indicated by a red circle) observed in the band structure of Fig 6B,

deviating from the -1 slope in the middle region, can be attributed to the formation of local

feed-backward loops. An intuitive explanation supporting this argument is provided in Fig 5D

Fig 6. Persistence of memory following Pavlovian conditioning: D0 = 0.001 μM case. (A) Raster plots and

corresponding SDF profiles depicting the final stage of conditioning (highlighted in the shaded first row) and the

subsequent periods after conditioning completion (second to fourth rows). After the conditioning stage, population

bursts are self-generated. Note that the SDF profile (blue line) graph shown in the first row has a scale different from

those (black lines) of other rows. (B) Scatter plots showcasing the relationship between ∑Win and ∑Wout for all 1,600

excitatory neurons. They are evaluated at the ending time of the corresponding raster plots on their left. The three

distinct point colors represent different clusters of excitatory neurons, classified based on their dynamic characteristics

(refer to S4 Fig for detailed classification information). Notably, even long after the conclusion of Pavlovian

conditioning, the territories occupied by the three neuronal clusters remain quite well-maintained. The self-organized

spontaneous burst used for the analysis in Fig 6 is marked with a star symbol in the fourth row. [See S1 Video for the

whole process].

https://doi.org/10.1371/journal.pcsy.0000035.g006
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and 5E. We assume that many pairs of noise-driven, (temporarily) adjacent single spikes,

occurring at irregular intervals, counteract the natural downward flow of spiking activity in

the established feed-forward network. This counter-action promotes the emergence of recur-

rent, feed-backward connections, as illustrated by the two backward (thicker) arrows in Fig

5D, consequently affecting the values of (in-degree, out-degree) of the relevant neurons and

leading to the bulged line of Fig 5E.

Importantly, the spiking activity associated with a spontaneously generated population

burst tends to propagate in the forward direction of the already established feed-forward net-

work, thereby reinforcing its existing structure. Fig 7 demonstrates the spread of spiking activ-

ity associated with a representative self-generated burst, indicated by a star symbol in the third

row of Fig 6A (third row): While the spikes at each time instance of Fig 7 are quite distributed

across the population, it is evident that the center of the spread, marked by a diamond symbol,

tends to gradually move towards the lower right-hand corner of the scatter plot. (See S1 Video

for the whole process).

Even with a much high basal dopamine level (e.g., D0 = 0.0026 μM), the Pavlovian condi-

tioning process remains effective, as evidenced by the generation of highly similar enhanced

superior bursts following the rewarded stimuli (see Fig 8A, 1st row). Furthermore, the

Fig 7. Spreading spiking activity associated with a spontaneously generated burst in a previously Pavlovian-

conditioned network. This figure highlights the propagation of spiking activity within a burst that occurs

spontaneously in a Pavlovian-conditioned network. The colored points represent neurons firing at specific labeled

times. While the firing neurons at each time instance are dispersed across the scatter plot, the centroids of their

distributions exhibit a clear tendency to move towards the lower right-hand corner. This observation suggests a

directional propagation of spiking activity within the burst. The burst corresponding to this propagation, which is

selected randomly, is indicated by a star symbol in Fig 6A (third row). The time labels are given with respect to the

temporal position (time = 0) of the maximum SDF of the star-marked burst.

https://doi.org/10.1371/journal.pcsy.0000035.g007
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resulting network morphology still maintains a strong feed-forward nature (refer to Fig 8B, 1st

frame). This outcome is expected since the dopamine reward is set at a much higher value of

0.5. However, the long-term stability of the Pavlovian conditioned feed-forward network

proves to be quite sensitive to the level of D0. Fig 8 (2nd to 4th rows) vividly illustrates how a

conditioned feed-forward network disintegrates into an almost random, recurrent network

(also, refer to S4 Fig). In other words, when D0 = 0.0026 μM, the Pavlovian memory (i.e., feed-

forwardness) gets completely erased, while it persists when D0 = 0.001 μM.

The transition to a new network morphology unfolds swiftly within a brief temporal win-

dow of approximately 1,000 seconds, contrasting with the gradual development of recurrent

connections as demonstrated in the case of D0 = 0.001 μM. A visual inspection of the initial

Fig 8. Loss of memory following Pavlovian conditioning: D0 = 0.0026 μM case. (A) Raster plots and corresponding

SDF profiles: during the final stage of conditioning (highlighted in the shaded first row) and the subsequent periods

after conditioning completion (second to fourth rows). The green shaded area in the fourth row of (A) is magnified in

S5 Fig to reveal the multi-hump nature (i.e., superburst) of the self-organized bursts. Note that the SDF profile (blue

line) graph shown in the first row has a scale different from those (black lines) of other rows. (B) Scatter plots depicting

the relationship between ∑Win and ∑Wout for all 1,600 excitatory neurons. They are evaluated at the ending time of the

corresponding raster plots on their left. The three distinct point colors indicate different clusters of excitatory neurons,

categorized based on their dynamic characteristics (see S3 Fig). Note that the Pavlovian conditioned, feed-forward

network quickly disintegrates into a random network. [See S2 Video for the whole process being discussed].

https://doi.org/10.1371/journal.pcsy.0000035.g008
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and subsequent frames in Fig 8B reveals that this transformation is primarily instigated by the

orange and cyan nodes, originally serving as a ‘sink’ within the conditioned feed-forward net-

work. This observation aligns with the expectation, as nodes within the sink region possess

substantially higher in-degree metrics compared to those in the source region. Consequently,

their connectivity proves more susceptible to change. Subsequently, nodes within the sink

region migrate towards a region characterized by reduced ∑Win values (� 500) and increased

∑Wout values (� 500), prompting them to extend invitations to all other nodes within the

source and body regions of the original feed-forward network. A comprehensive visual repre-

sentation of this process is available in S2 Video.

It is intriguing to note that this morphological change coincides with a transformation in

the self-organized neural bursts. In contrast to the stimulus-driven sharp, single-hump bursts

observed in the SDF profiles shown in the first row of Fig 8, the self-generated bursts in the

fourth row often exhibit multiple (2*3) humps in the SDF and a much wider width, forming

what is known as “superburst” [Some of these superbursts (green shade area of the fourth row

of Fig 8) are blown-up in S5 Fig]. The existence of these superbursts may imply the presence of

some self-organized, non-trivial features within the recurrent network, as explored in our ear-

lier analysis on a related matter [8]. Additionally, it is worth noting that the SDF sizes of spon-

taneously generated bursts at the early stage of disintegration, as shown in the second row of

Fig 8, are much smaller than those of fully blown system-wide bursts depicted in the fourth

row of Fig 8.

The self-organized recurrent networks, which have evolved freely from a Pavlovian-condi-

tioned, feed-forward network, can be multistable. Fig 9 showcases three distinct self-organized

bursting states (Fig 9A) and their associated statistics (Fig 9B), based on 50 independent simu-

lations (using different random initial conditions) for each different value of D0. Notably,

within certain ranges of D0, the self-organized networks can manifest in two or even three dif-

ferent forms, which we label T1, T2, and T3. It is obvious that without the prior initialization of

Pavlovian conditioning, the network state T1 depicted in Fig 9A [with S1 target subpopulation

(orange points) forming a cohesive source] would not have been achievable. Naturally, the

higher the value of D0 is the more significant the role of STDP (alongside random spikes)

becomes and the percentage of T1 state decreases mainly at the expense of growing percentage

of T3, which represents a completely memory-erased bursting state. The T2 also represents a

completely memory-erased, newly organized state: see the orange points are widely scattered

in the second frame in Fig 9A. Yet, the T2 state exhibits a strong, negative value (-1.76) of Pear-

son cross-correlation.

Discussion

Within the context of the Pavlovian conditioning paradigm under examination, the notable

augmentation in the SDF amplitude of the population burst, particularly in response to the

rewarded stimulus directed at a specific subpopulation, serves as a prominent indicator of suc-

cessful learning. Concurrently, the establishment of a feed-forward network architecture,

marked by the relocation of the targeted subpopulation to the apex (source) region of the feed-

forward network, represents another pivotal facet of effective conditioning. Although the con-

ditioning task at hand may seem elementary, the Pavlovian conditioning process emerges as

an excellent model for illustrating the bidirectional relationship between spiking dynamics

and network morphology.

Expanding upon this notion, given the inherently complex nature of sensory input signals

for real bio-organisms, an intriguing direction for future research may involve integrating Pav-

lovian sensory cues that encompass both temporal and spatial information [9]. For that matter,
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we would like to highlight our earlier research, wherein we utilized Δt-paired electrical pulse

stimulation to effectively manipulate the network morphology of neuron populations cultured

on multi-electrode array plates [10]. This stimulation method entails delivering bipolar electric

pulse stimulation to two distinct groups of neurons (electrodes) with a slight time offset of Δt
(0* 100 ms). The unique aspect of Δt-paired stimulation lies in its alignment with the time

scales associated with the STDP mechanism, rendering it a compelling form of stimulation

that strongly interacts with STDP [11].

Building on this foundation, a novel dopamine-rewarded stimulus cue could be devised as

a stimulus pair delivered to two distinct subpopulations (e.g., S1 and S2), characterized by a

controlled temporal delay Δt between them. Unrewarded stimuli (deterrents) could then

involve identical (or distinct) pairs of subpopulations receiving electrical stimuli, introduced

with equivalent or differing time intervals relative to that of the rewarded stimulus. The ques-

tion arises: can the conditioned network accurately recall a specific Δt value associated with

the rewarded stimulus pair administered to two different subpopulations? Furthermore, this

concept can be broadened to encompass more intricate spatiotemporal sensory cues, involving

Fig 9. Multistability of the network structure long after the cessation of Pavlovian conditioning. (A) Scatter plots of (∑Win,

∑Wout) for three different network types. These representative cases are selected from the dopamine level ofD0 = 0.0011 μM (T1,

blue), D0 = 0.0040 μM (T2, green), andD0 = 0.0048 μM (T3, red). (B) Graph illustrating the fractions of three different

morphological states, which are illustrated in (A), for various values of D0. Different network types are realized stochastically without

any controls from different initializations.

https://doi.org/10.1371/journal.pcsy.0000035.g009
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multiple subpopulations and numerous temporal offsets. The memory formation within such

a network may manifest as a complex set of assemblies characterized by strongly enhanced

recurrent intra-connections (see, for example, Ref. [12]). This extension could also naturally

intertwine with the overarching question of “how the brain encodes temporal sensory infor-

mation and forms memory?” [13–16].

During the inference stage of the current Pavlovian conditioning protocol, distinguishing

the stimulation given to the target subpopulation from those given to non-target subpopula-

tions relied primarily on the SDF amplitudes of accompanying population bursts [as illustrated

in Fig 2A (third row, SDF plot)]. However, in tasks involving more complex (spatiotemporal)

sensory information, there could be benefits from more intricate characterizations of SDFs.

This may entail a deeper exploration of the specifics of SDF shapes of accompanying

superbursts.

In the original Izhikevich model for Pavlovian learning, a dopamine reward is a step-

increase of Dr = 0.5 μM decaying exponentially in time, mimicking a burst of activity of dopa-

minergic neurons. Accordingly, when all the dopamine rewards have decayed, no STDP acti-

vation will be allowed to change the existing synaptic weights. In this study, we have

introduced a low basal level of dopamine D0 into the model and systematically varied its value

to see subsequent effects on the acquired memory. Influenced by noise-driven spikes and

spontaneously generated bursts, which engage the same STDP mechanism in the presence of

basal dopamine, the Pavlovian conditioned feed-forward network can change or disintegrate.

Interestingly, this study finds that within the realm of low basal dopamine levels (approxi-

mately up to D0 = 0.0015 μM, the acquired memory persists in more than 90% of cases, yet in a

form of modified network featuring both recurrent and feed-forward connections. It’s note-

worthy that a recent study by Singer et al. [2] discusses how such a morphological coexistence

can facilitate the concurrent accommodation of rate and temporal neural codings.

As the Pavlovian memory dissipates in the presence of high basal dopamine levels (beyond

D0 = 0.0015 μM, the free-running network often manifests a captivating sequence of superb-

ursts, characterized by distinct profiles that randomly alternate over time (as depicted in Fig 8,

fourth row). In a previous study involving a comparable Izhikevich model system (albeit lack-

ing the dopamine-reward framework), we unveiled that the emergence of superbursts stems

from a unique interplay of activations across (several) self-organized neuronal subpopulations,

each distinguished by distinct local graph-theoretic measures and different spiking activity pat-

terns [8]. Consequently, the network’s asymptotic state captured by the scatter plot in Fig 8B

(fourth frame) is likely to harbor intricate graph-theoretical properties. At this juncture, how-

ever, we remain unable to definitively identify the underlying features that drive the occur-

rence of superbursts. Considering its loop length statistics, which exhibit only a slight

deviation from that of a wholly random network [refer to S4A(bottom) Fig], we conjecture

that the essential components could potentially reside in localized, small-scale feed-forward

connections, which remain concealed amidst the broader expanse of randomly recurrent

connections.

It is widely acknowledged that dopamine plays a pivotal role in regulating memory func-

tions and modulating sensations of pleasure, motivation, and movement. Consequently, devia-

tions in dopamine levels, whether low or high, have been associated with a spectrum of

neurological disorders [17–19]. However, the mechanisms through which abnormal dopamine

levels contribute to these medical conditions remain poorly understood due to the intricate

nature of the underlying brain circuitry and signaling pathways. For instance, evidence sug-

gests that the encoding and consolidation of memories necessitate dopamine receptor stimula-

tion within a hippocampal–striatal–prefrontal loop, orchestrating the formation of new

memories. Nonetheless, our current network model does not aim to replicate biologically
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realistic brain circuits. Therefore, at this stage, we refrain from offering physiologically plausi-

ble interpretations of our findings regarding the impact of varying basal dopamine levels, aside

from its close association with memory retention and erosion. Consequently, as an extension

of our current investigation, exploring the dynamical evolution of a modularized, heteroge-

neous complex network that emulates biologically plausible network structures holds promise

for further elucidating these phenomena.

Finally, it is important to acknowledge that there are other types of STDP mechanisms that

are different from the additive STDP rule that we used in this work. While the classical additive

STDP mechanism [20–24] remains the most commonly employed in spiking neural networks

for both machine learning applications and neurodynamics in general, other models such as

multiplicative STDP [25] and log-STDP [26, 27] are deemed more biologically plausible.

Indeed, extensive literature exists on various synaptic plasticity mechanisms [12, 28–32]. Con-

sequently, a pertinent question arises as to whether the findings presented in this study would

hold under these different STDP models. Addressing this question will be a focus of our future

investigations.

Conclusion

In this study, we conducted a comprehensive analysis of the evolution of network morphology

and population burst dynamics across various phases of a renowned neural network model for

Pavlovian conditioning. A key finding is the profound metamorphosis triggered by the condi-

tioning process, transitioning from an initial random network to a structured feed-forward

architecture. This transformation aligns with the establishment of a robust and enhanced pop-

ulation burst characterized by a sequence of temporally ordered spiking neurons, maintained

upon receiving a “targeted stimulus.” This linkage between the emergence of specific network

structure and enhanced burst pattern stems directly from the influence of the dopamine-mod-

ulated STDP mechanism.

Furthermore, we explored the impact of varying basal dopamine levels on Pavlovian mem-

ory. As expected, the presence of inherent system noise, leading to isolated random single

spikes, contributes to memory degradation. However, under low basal dopamine levels, Pav-

lovian memory endures. Regarding memory retention, our findings indicate that spontane-

ously generated noise-induced population bursts, resembling spike avalanches of varying

magnitudes, facilitate the consolidation of pre-established feed-forward network architecture.

Consequently, an intriguing equilibrium emerges, regulated by basal dopamine levels: stochas-

tic single spikes and autonomous population bursts vie for predominance, influencing either

memory erosion or preservation.

In conclusion, the Izhikevich model for Pavlovian conditioning with a distal reward has

proven to be a valuable framework for meticulously examining the transformation of neural

spiking dynamics and network structure concurrently during the learning process. We are

confident that similar methodologies can be systematically employed to unravel the complexi-

ties inherent in spiking neural networks when tackling more intricate tasks.

Methods

Mathematical model

The neurotransmitter dopamine is known to play a crucial role in the learning process of asso-

ciative cues and rewards [33–36], as observed in Pavlovian conditioning [37]. Additionally,

dopamine is widely recognized as a significant modulator of the STDP mechanism [38, 39]. In

this context, years ago, Izhikevich proposed an illuminating mathematical model neural net-

work that incorporates a dopamine-modulated STDP mechanism, effectively addressing the
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“distal reward problem” commonly encountered in classical conditioning paradigms. This

simple, yet elegant model system for Pavlovian conditioning provides an excellent opportunity

to thoroughly investigate the interaction and evolution of neural spiking dynamics, particu-

larly population bursting, and network structure during memory formation and erosion, delv-

ing into intricate details.

Our model network, which consists of 2,000 neurons, comprising 1,600 excitatory and 400

inhibitory Izhikevich neurons, is a slightly modified version of the original model introduced

by Izhikevich [3]. The neurons evolve dynamically according to the following set of equations:

C
dV
dt
¼ kðV � VrÞðV � VtÞ � r þ I ð1Þ

dr
dt
¼ aðbV � rÞ; ð2Þ

where V and r represent the membrane potential and recovery variable (subsequent to a spike

firing), respectively. When V crosses a prescribed threshold value, the state variables reset:

If V � þ30:0 mV; then
V  c

r  r þ d:

(

Throughout this study, we employ a fixed set of parameter values: c = -65 mV, b = 0.2 nS,

C = 1 nF, k = 0.04 pA/mV2, Vr = -82.7 mV, Vt = -42.3 mV, and a = 0.02 (0.1) ms−1 and d = 8

(2) pA for excitatory (inhibitory) neurons. The input current I comprises synaptic current

inputs Isyn, noisy current Iη, and conditioning current Iinject. The noisy current Iη is randomly

chosen from a uniform distribution of [−5.5, 5.5) and added at all iteration time steps. This

addition introduces irregular spontaneous activity (noise) that is unrelated to external stimula-

tion and accounts for trial-to-trial fluctuations in neuronal responses. During the Pavlovian

conditioning period, Iinject is administered to a subpopulation approximately once every 200

ms, selected uniformly from the range of (100 ms, 300 ms).

Each neuron has efferent connections to randomly chosen 100 other neurons. Excitatory

neurons connect to inhibitory as well as excitatory neurons with dynamically varying synaptic

weightsWij ranging from 0 to 4, whereas inhibitory neurons only connect to excitatory neu-

rons with a fixed synaptic weight of -1.0. No conduction time delays are assumed. So, the

input synaptic current of the ith neuron can be written as:

Ii;syn ¼
X

j

X

tj

Wijdðt � tjÞ; ð3Þ

where tj stands for the arrival times of incoming spikes from presynaptic neurons.

The model incorporates a “three-factor STDP learning rule’’ [3], where each weightWij

coevolves with its matching eligibility trace cij according to the following equations:

dcij
dt
¼ �

cij
tc
þ STDPðDtÞdðt � tpre=postÞ; ð4Þ
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dWij

dt
¼ cijðDr þ D0Þ; ð5Þ

dDr

dt
¼ � Dr=tDr þ DAðtÞ: ð6Þ

Here, STDP(Δt) represents the effect of the temporal difference Δt = tpost − tpre (i.e., the rela-

tive timing between pre- and post-synaptic spikes) on the eligibility trace cij, which denotes the

current level of synaptic activation (reflecting all the history of past synaptic activations). The

Dirac delta function δ(t − tpre/post) confers step <increases in cij whenever there is a pre-post

pair event. In the absence of significant pre-post pair events, cij gradually decays with a time

constant τc = 1000 ms. The employed STDP function is defined as follows: K+ exp(−Δt/τ+) for

Δt> 0 and K− exp(Δt/τ−) for Δt< 0, where K+ = 0.12, K− = −0.10, and τ+ = τ− = 20 ms. A+ and

A− account for the strength of potentiation and depression, respectively, and τ+ and τ− repre-

sent the relevant STDP time range.

The rate of change of synaptic weightWij is the product of cij and Dr + D0, where Dr and D0

are global varables representing the levels of rewarded dopamine, which is time-dependent,

and constant basal dopamine, respectively. In our Pavlovian conditioning protocol, whenever

a dopamine reward is given, an increment of 0.5 is added to the pre-existing level of Dr: that is,

DA(t) = 0.5δ(t − trew), where trew stands for the time of reward. Dr decays with a time constant

tDr ¼ 200 ms.

At this stage, it’s pertinent to highlight several modifications made to the original model

proposed by Izhikevich [3]. Firstly, we have doubled the size of our model network to encom-

pass 2,000 neurons, compared to the original model, which included 1,000 neurons. This

expansion aims to scrutinize any finer-scale features of network morphology that may exist

and to evaluate the scalability of the observed properties. Secondly, certain parameter values

have been adjusted from those of the original study. These adjustments include increasing the

stimuli set size to 100, raising A+ to 0.12 and A− to -0.10, and adjusting the inhibitory weight to

-8, in contrast to the original study’s stimuli set size of 50, A+ of 0.10, A− of -0.15, and inhibi-

tory weight of -1. Particularly noteworthy is the augmentation of A+, intended to promote

more frequent spontaneous population bursts, a crucial element for addressing the consolidat-

ing memory effect of such bursts beyond the conditioning phase. Additionally, we have sys-

tematically varied the value of D0 from 1 nM to 5 nM to investigate the impact of tonic

dopamine levels on memory retention or erosion. Despite these substantial modifications, the

Pavlovian conditioning remains essentially unchanged.

Loop length statistics

The number of closed paths having a length l is obtained by:

NðlÞ ¼ TrðAlÞ;

where A is the adjacency matrix of a given network [40]. We have set Aij = 1 (forWij� 2) or 0

(forWij< 2). Then, a new variable ‘loop length ratio’ (or Ratio) is defined as:

RatioðlÞ ¼
NðlÞ

NshuffledðlÞ
;

where Nshuffle(l) denotes the number of loops calculated from the randomly shuffled version of

Aij.
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Simulation

For all simulations, we utilized a customized version of the Python code (PyGeNN implemen-

tation of three-factor STDP) provided by Knight and Nowotny [41]. The simulations and sub-

sequent analyses were performed using a GIGABYTE RTX 3090 GPU installed on an Ubuntu

system.

Supporting information

S1 Fig. Similarity of two scatter plots. (A) Scatter plot displaying the relationship between

∑Win and ∑Wout of a Pavlovian conditioned network at a specific time point (t = 3,600 s). This

scatter plot is extracted from Fig 3B. (B) Scatter plot illustrating the relationship between in-

degree and outdegree of the same Pavlovian conditioned network. This figure highlights the

striking resemblance between the two scatter plots, providing evidence for the consistency of

network connectivity patterns as revealed by two distinct measures.

(TIFF)

S2 Fig. Exemplary trajectories of neurons across the ∑Wout vs. ∑Win plane throughout the

entire Pavlovian conditioning process. Some sample trajectories of neurons are depicted,

illustrating their movements across the ∑Wout vs. ∑Win plane throughout the entire Pavlovian

conditioning process. Orange traces denote the paths of 8 randomly selected neurons from the

target subpopulation that receive direct electrical stimulations. In contrast, purple traces repre-

sent the trajectories of 8 neurons randomly chosen from the top 100 neurons with the highest

∑Win values at t = 3,600 s. Grey traces depict the trajectories of 8 neurons not belonging to

these two specified groups.

(TIFF)

S3 Fig. Classification of excitatory neurons based on their dynamic features. (A) Three rep-

resentative ISI histograms are shown. Inter-spike intervals (ISIs) are calculated for all 1,600

excitatory neurons within a time window of last 100 seconds of the conditioning protocol.

Three representative ISI histograms, each selected from a different subpopulation, are dis-

played. The subpopulations are identified through a hierarchical clustering process as depicted

in B: the distance measure used for the clustering is the vectorial distance between two “ISI his-

togram vectors.” The scatter plot in (C) showcases the distinct territories occupied by the three

subpopulations of neurons. (D) Three return maps of ISI time series that are used for the histo-

grams in (A) are presented.

(TIFF)

S4 Fig. Free evolution of a Pavlovian conditioned feed-forward network (with D0 =

0.0026). (A) Synaptic weight distribution (top) and recurrent loop-length statistics (bottom) at

various free-running stages [t = 3,576 (red), t = 3,948 s (green), 4,188 s (blue), 4,668 s (black)].

Loop-length ratios are relative to the initial random network. (B) Scatter plots illustrating the

passage towards a complete memory loss. The initial, feed-forward network (t = 3,576 s) trans-

forms quickly into an almost random, recurrent network (t = 4,668 s).

(TIFF)

S5 Fig. Spontaneously generated superbursts supported by a completely memory-lost Pav-

lovian conditioned network (D0 = 0.0026 case). This is a blown-up image of the highlighted

area in the fourth row of Fig 8.

(TIFF)
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S1 Video. Persistence of memory following Pavlovian conditioning. This video matches the

result discussed in Fig 6.

(MP4)

S2 Video. Loss of memory following Pavlovian conditioning. This video matches the result

discussed in Fig 8.

(MP4)
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