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a b s t r a c t 

How intelligence emerges in living beings is a fundamental but largely unanswered question in neuroscience. 

To address this challenge, we leveraged the largest available data set of adult Drosophila connectome, and con- 

structed a comprehensive computational framework using simplified neuronal activation mechanisms to mimic 

the observed activation behavior within the connectome. The results revealed that even with rudimentary neu- 

ronal activation mechanisms, models grounded in real neuronal network structures can generate activation pat- 

terns strikingly analogous to those observed in the actual brain. A significant discovery was the consistency of 

activation patterns across various neuronal dynamic models with the same network structure. This consistency 

results therefore underscore the pivotal role of network topology in neural information processing, but challenge 

the prevailing view that solely relies on neuron count or complex individual neuron dynamics. Further analysis 

demonstrated a near-complete separation of the visual and the olfactory systems at the network level. Moreover, 

we found that the network distance, rather than spatial distance, is the primary determinant of activation pat- 

terns, and also that a reconnect rate of at least 1𝑜 ∕𝑜𝑜 was sufficient to disrupt the previously observed activation 

patterns. We also observed synergistic effects between the brain hemispheres: Even with unilateral input stim- 

uli, visual-related neurons in both hemispheres were activated, highlighting the importance of interhemispheric 

communication. All these findings suggest the crucial role of network structure in neural activation and offer 

novel insights into the fundamental principles governing brain functionality. 
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. Introduction 

The neural systems of intelligent beings maintain continuously dy-

amical communication [1] . This process gives rise to macroscopic

mergence across the entire neural system. Such communication fosters

he emergence of intelligence in all intelligent life forms. Consequently,

omprehending and replicating this process has become an indispens-

ble avenue for unraveling biological intelligence and realizing artificial

ntelligence [2] . 

Neural systems are often modeled as interconnected networks [3] ,

ith neurons engaging in constant communication via synapses within

he network’s topology. To elucidate the relationship between the net-

ork itself and its dynamics in a neural network, various models have

een developed, spanning from the cellular level to the whole brain. For

xample, neuronal dynamic models like Leaky Integrate-and-Fire (LIF)

odel [4] are designed to describe the electrical activity and dynamic

ehavior of neurons [5,6] . These models are characterized by the follow-
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ng features: they typically use a set of differential equations to describe

he electrophysiological behavior of neurons and usually contain a set of

arameters that need to be measured experimentally or estimated. On

 larger scale, a vast array of isolated neuronal dynamics, ranging from

everal to millions, are interconnected and parameter-optimized to sim-

late the local or global dynamics of the brain [7] . The implementation

f these high-fidelity neuronal models necessitates extraordinary levels

f data precision and imposes substantial computational demands that

ften exceed the capabilities of current technological infrastructure. This

pproach prompts a critical inquiry into whether a complete, one-to-one

eplication of neuronal dynamics is an absolute prerequisite for accu-

ately modeling brain behavior and cognitive functions. Another cate-

ory of network-based methods applies propagation models on complex

etworks to neural networks, thereby describing information propaga-

ion and emergent mechanisms within neural networks. These methods

re collectively referred to as brain network communication models.

uch approaches typically involve substantial simplification of neuron
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odels, resulting in fewer parameters, but also leading to the loss of

ome electrophysiological details of neurons [8] . These two seemingly

pposing approaches illustrate that it remains unresolved whether the

euronal dynamics or the connectivity between neurons play the more

ominant role. This question is fundamental to understanding how in-

elligence emerges from neural systems. 

Additionally, in recent years, as an innovative way to modify in-

elligence, artificial neural networks (ANNs) have achieved significant

dvancements in numerous fields [9,10] . Despite these achievements,

he structure of ANNs does not strictly mimic the actual neural network

tructure of biological brains. This discrepancy raises questions about

he hypothesis that the inherent structure of a network is crucial for in-

elligence. Furthermore, the scaling law in the field of machine learning

osits that the more parameters an ANN has, the greater the degree of

mergent intelligence it can exhibit [11] . These theory hints that the

uantity of neurons (parameters) might be a more significant factor in

he development of intelligence than the precise arrangement of these

eurons in a network, suggesting that the specific network structures

ound in biological systems may not be essential for the emergence of

ntelligence. 

The observation of neural network structures is crucial for interpret-

ng intelligence from a network perspective. Current neuroimaging tech-

iques, such as Magnetic Resonance Imaging (MRI) and functional MRI

fMRI), offer non-invasive exploration but lack the spatial resolution

ecessary to resolve individual neurons and synapses. However, these

easurement methods face challenges in obtaining information about

he positions and connectivity of neurons in the nervous system, mak-

ng it difficult to understand the nervous system at the neuron-synapse

evel [12] . Employing electron microscopy (EM) and deep learning tech-

iques for automated neuron reconstruction, brain atlases of a range of

nimals, including Drosophila larvae [13] , have been mapped. A recent

tudy [14] published an adult Drosophila connectome data set, com-

rising nearly 130,000 neurons and 50,000,000 synapses, with details

f neuronal network structure at unforeseen resolution. With full proof-

eading of the central brain and approximately 80% completion of the

ptic lobesis presented, the data represents the largest whole-brain con-

ectome of an adult Drosophila to date and provides an unprecedented

pportunity for comprehensive network analysis and topological char-

cterization of the Drosophila brain. 

Building on the outlined challenges and opportunities, this study uti-

ized the aforementioned Drosophila connectome data set [14] to exam-

ne the importance of neuronal network’s structure in simulating brain

ctivation patterns. We constructed a large-scale network communica-

ion model framework based on simple mechanisms to simulate activa-

ion behavior observed in the connectome. Initially, we established a

etwork representation of the connectome. We then developed a large-

cale network communication model where neurons activate upon re-

eiving sufficient stimuli and transmit signals to other neurons. This

terative process generated a global activation pattern. Our analysis em-

loyed threshold and sigmoid models as baselines, with a LIF model for

omparison. We proposed an evaluation criterion based on the ratio of

ctual to expected neuron activations. 

Additionally, we developed a 3D network visualization tool (for de-

ails, pelase refer to supplementary materials), using HTML5’s Canvas

nd Three.js based on WebGL technology. This software enables real-

ime observation of each neuron’s communication process in three di-

ensional space. 

. Data and methods 

.1. Drosophila connectome data set 

We utilize the recently released largest Drosophila brain connectome

14] , which provides a comprehensive mapping of the entire neural

etwork within a female Drosophila brain. This data set includes over

20,000 neurons and 50,000,000 synapses, featuring detailed synaptic
2

onnections and high-precision 3D coordinates (accurate to the nanome-

er level) for both cell bodies and synapses. Additionally, it offers exten-

ive labeling for various neuron types. Fig. 1 is a visualization of the

rosophila connectome. Visually, the shape of most of the functional

egions of the brain appears to be physically similar. For more detailed

nformation, refer to [14,15] . 

In this section, neurons are represented as nodes and synapses as

onnections between them. Table 1 presents the basic properties of the

ata set. We combine multiple edges between two nodes to calculate

etwork statistics. The average degree before and after combining mul-

iple edges is 501.6 and 37.01, respectively, indicating the prevalence

f multiple synapses between pairs of neurons. 

.2. Large scale network communication model with neuronal dynamics 

In this section, we introduce the large scale network communication

odel (LSNC) which consumes less computational resource and can ef-

ciently utilize the network structure. To solve the problem that the link

eights between neurons can’t be measured, we propose two hypotheses

o estimate the link weights. In addition, we replace the node model in

he network communication model with an improved LIF neuron model

or comparison. 

.2.1. Symbol systems 

The original network dynamic model of neural systems often uses

odes to represent neurons and edges to represent the links (chemical

ynapses, electrical synapses, etc.) between neurons [3] . However, mul-

iple synapses typically exist between two neurons [16] For instance,

wo neurons can have multiple synapses with varying dynamic proper-

ies. Simultaneously, due to data limitations, it is challenging to apply

onventional methods to describe the dynamics on networks with com-

lex interconnections. For this reason, we use the dual method [17] on

rosophila connectome data set to establish the neuronal network com-

unication model. 

In a dual graph, the nodes and edges of the original graph are in-

erchanged, resulting in a new graph. In simple terms, a dual graph is

btained by replacing the nodes of the original graph with edges, and

he edges with nodes. After being processed, the nodes in the dualed

raph represent the synapses and links represent the cell body. Then we

an use the communication model to describe the message propagation

rocess. 

In order to standardize the symbol system, we use a edge (multi-edge,

ould include more than 2 nodes) to represent the neuronal cell body

nd use an node to represent a physical link between neurons (synapse).

e regard the process of messages interactions as the nodes’ interactions

ia edges. 

Let 𝑁 = { 𝑛1 , … , 𝑛𝑖 , …} represents the set of all nodes and 𝐸 =
 𝑒1 , … , 𝑒𝑗 …} represents the sets of all edges. An obvious relationship

s formalized as the following manner. 

𝑘 ∩ 𝑒𝑞 = { 𝑛𝑖 |( 𝑛𝑖 ∈ 𝑒𝑘 ) ∧ ( 𝑛𝑖 ∈ 𝑒𝑞 )} . (1)

ote that the union of each element in 𝑁 and 𝐸 is the whole graph. The

raph 𝐺’s definition is given as follows. 

 =
⋃
𝑗 

𝑒𝑗 =
⋃
𝑖 

{ 𝑛𝑖 } . (2)

et the label of any neuron be 𝑗. Because neural link is directed, let 𝑒𝑗 
+ 

 𝑒𝑗 
− ) represent the set of elements which output (input) the signals, note

hat 𝑒𝑗 = 𝑒𝑗 
+ ∪ 𝑒𝑗 

− . 

Each neuron and synapse has an activate state (state = 1) or resting

tate (state = 0). When a neuron is at the activate state, it fires to other

eurons, otherwise it keeps rest. So set the statement of the element 𝑖

s 𝑋𝑖 . 𝑋𝑖 = 1 if the element 𝑛
𝑖 

is active, otherwise 𝑋𝑖 = 0 . Then let 𝑌𝑗 
epresent the statement of set 𝑒𝑗 . 𝑌𝑗 = 1 if the set 𝑒𝑗 is active, otherwise

𝑗 = 0 . 
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Fig. 1. Visualization of Drosophila connectome . The different colors represent different functional regions. 

Table 1 

Statistical Properties of Drosophila Brain Connectome Graph. 

Property Description Value 

Number of Nodes Total number of neurons 131, 459 
Number of Edges Total number of synaptic connections 32, 970, 606 
Average Degree Average number of connections per neuron 37.01 

Average Degree (before combination) Degree before merging connections 501.6 

Clustering Coefficient Measure of local connectivity 0.1527 

Eigenvector Centrality Influence of a neuron in the network 0.0008817 

Network Diameter Longest shortest path in the network 11 

Average Shortest Path Mean shortest path length 3.9061 

Assortativity Coefficient Tendency of nodes to connect to similar nodes −0 . 05868 
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rons: We assume that the source neuron has the same influence on the 
.2.2. Large scale network communication model (LSNC) 

By modeling the Drosophila connectome as graph, we introduce the

arge scale network communication model on this graph. The general

ransmission function is defined in the following manner, 

𝑗 = 𝜎

⎛ ⎜ ⎜ ⎝ 
1 
𝛽𝑗 

∑
𝑖 |𝑒+ 

𝑖 
∩𝑒− 

𝑗 
≠∅

∑
𝑘 |𝑛𝑘 ∈𝑒+ 𝑖 ∩𝑒− 𝑗 

𝜔 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) 𝑋𝑘 

⎞ ⎟ ⎟ ⎠ , (3)

here 𝜔 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) represents the link weight between set 𝑖 and set 𝑗

specifically, two neurons) through element 𝑛𝑘 . Here we consider that

he link weight between two neurons is not only related to the neurons

hemselves, but also to the synapses between them. 𝜎( . ) is the activate

unction. 𝛽𝑗 is the normalization factor. 

In this paper we use threshold activation function and sigmoid func-

ion for comparison. The threshold activation function is a simple, bi-

ary decision function used in artificial neurons. It outputs a value of 1

f the input exceeds a certain threshold, and 0 otherwise. This function

s also known as the Heaviside step function. 

( 𝑥 ) =
{ 

1 𝑥 ≥ 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 

0 𝑥 < 𝑡ℎ𝑟𝑒𝑠ℎ𝑜𝑙𝑑 
(4)
3

he sigmoid activation function is a smooth, S-shaped function that

aps input values to an output range between 0 and 1. It is com-

only used in neural networks to introduce non-linearity and to model

robability-like outputs in binary classification problems. The sigmoid

unction is defined as the logistic function. 

( 𝑥 ) = 1 
1 + 𝑒− 𝑥 

(5)

he state of an neuron will influence the state of all output synapses.

he equation between neuron 𝑗 and output synapse 𝑖 is as the following

anner. 

𝑖 = 𝑌𝑗 𝑖𝑓 𝑛𝑖 ∈ 𝑒+ 
𝑗 
. (6)

In neural network models, synaptic link weights are typically em-

loyed to characterize the strength of interactions between neurons.

arger link weights mean a tighter “link ” between two neurons. How-

ver, existing experimental methods are not well-suited for directly mea-

uring the weights between neurons in a whole brain, so adopting some

lternative approach is necessary. Below, we introduce a hypothesis that

se different methods to estimate the connection weights between neu-
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arget neuron through every synapse, which is widely used in neuron

raph statistics analysis [18] . That is to say, 

 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) = 1 . (7)

Additionally, We denote the sum of all link weights between neurons

 and 𝑗 as 𝑊𝑖𝑗 : 

𝑖𝑗 =
∑

𝑘 |𝑛𝑘 ∈𝑒+ 𝑖 ∩𝑒− 𝑗 
𝜔 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) . (8)

nd we define 𝛽𝑗 as the maximum weight among all 𝑊𝑖𝑗 related to neu-

on 𝑗. That is to say, 

𝑗 = 𝑀𝑎𝑥 ({ 𝑊𝑖𝑗 |𝑒+ 𝑖 ∩ 𝑒− 
𝑗 
≠ ∅}) . (9)

here 𝑀𝑎𝑥 ( 𝑆) represents the maximal element in set 𝑆. 

Then the normalized equation is as follows. 

𝑗 = 𝜎( 1 
𝛽𝑗 

∑
𝑖 |𝑒+ 

𝑖 
∩𝑒− 

𝑗 
≠∅

∑
𝑘 |𝑛𝑘 ∈𝑒+ 𝑖 ∩𝑒− 𝑗 

𝜔 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) 𝑋𝑘 ) . (10)

.2.3. Neuron dynamic model 

To better reflect real-world conditions and demonstrate that the su-

eriority of this network architecture does not solely rely on the design

f the activation function, we also employed a variant of the LIF model

4] as the basic neuron model. 

The membrane potential change of a neuron’s voltage can be de-

cribed by the following differential equation: 

𝑗 ( 𝑡 + 𝑑𝑡 ) = 𝑉𝑗 ( 𝑡 ) +
(

𝑑𝑡 

𝜏

)
(
𝑅 ⋅ 𝐼𝑠𝑦𝑛 

𝑗 
− ( 𝑉𝑗 ( 𝑡 ) − 𝑉reset )

)
. 

(11) 

here 𝑉𝑗 represents the membrane potential of 𝑗𝑡ℎ neuron, 𝑅 represents

he resistance constant and 𝐼
𝑠𝑦𝑛 

𝑗 
represents the total input current of

euron 𝑗. 𝜏 represents the time constant. 

The current 𝐼
syn 
𝑗 

can’t be observed directly. To estimate the value of
syn , we make the following assumptions based on the following sup-

oses: 

1. The magnitude of the current on the synapse should be propor-

ional to the voltage difference between the connected neurons. 

2. The current on each synapse should be proportional to the con-

ection weight between the neurons. 

3. A current can only be emitted if the output neuron is in an active

tate. 

Considering the supposes above, the equation of input current 𝐼
syn 
𝑗 

s designed as follows: 

syn 
𝑗 

= 1 
𝛼𝛽𝑗 

∑
𝑖 |𝑒+ 

𝑖 
∩𝑒− 

𝑗 
≠∅

∑
𝑘 |𝑛𝑘 ∈𝑒+ 𝑖 ∩𝑒− 𝑗 

(
𝜔 ( 𝑛𝑘 , 𝑒𝑖 , 𝑒𝑗 ) 

×( 𝑉𝑖 − 𝑉𝑗 ) × 𝑌𝑖 
) (12) 

here 𝑉𝑖 − 𝑉𝑗 represents the voltage difference between neuron 𝑖 and

. 𝑌𝑖 represents the state of output neuron 𝑖 . 𝛽𝑗 is defined according to

q. (9) . 𝛼 is the proportion const. 

According to the LIF model, when a neuron’s voltage reaches the

hreshold value, the neuron will fire and then quickly resets its volt-

ge. Based on this, the mechanism for updating the neuron voltage is

esigned as follows. 

f 𝑉𝑗 ≥ 𝑉𝑡ℎ ∶ 𝑌𝑗 = 1 and 𝑉𝑗 = 𝑉rest 

lse ∶ 𝑌𝑗 = 0 , (13) 

here 𝑉𝑡ℎ represents the fire voltage and 𝑉rest represents the rest voltage,

espectively. 

.3. Evaluation criteria 

In previous study, researchers used classic indicators such as sig-

aling cost and activation time to evaluate the quality of the model
4

8,19,20] . However, these indicators can’t describe the model accords

ith the true communication process or not, even if the activation time

s short and the signaling cost is minimum, etc. To better assess whether

 model can reflect the real situation of brain communication, we use

he percentage of activated neurons in regions that related to (should

ork under) a certain stimulus. To illustrate, if the brain gets a visual

timulus, the region related to vision should work while the region not

elated to vision should remain a resting state. Then we record the per-

entage of neurons activated. If regions related to the certain function

ave a significant higher activation percentage than the average acti-

ation percentage of the whole brain, we call it a quasi-real activation

attern. 

We define the consistency indicator 𝐶 in a area which has a certain

unction (vision, olfaction, etc) is defined in the following manner. 

 = 𝑁𝑎𝑐𝑡 ∕𝑁, (14)

here 𝑁𝑎𝑐𝑡 represents the number of neurons activated in this area at

he final state, 𝑁 represent the number of neurons in this area and 𝑁

epresent the total number of neurons. 

.4. Experimental settings 

The basic methodology of the experiment is as follows. We apply a

ontinuous stimulus signal (binary 0–1 signal) to a subset of input neu-

ons (i.e., visual or olfactory neurons) in the brain. We then compute the

ignal’s propagation process within the brain and record the responses of

oth intermediate and output neurons. We give 2 types of input neurons

visual, olfactory) stimulus and record the activation patterns of 6 type

f neurons: optic (visual), visual_projection (visual), ALLN (olfactory),

LIN (olfactory), ALPN (olfactory) and ALON (olfactory). When we give

euron a stimulus, we set the state of neuron as 1. The evaluation cri-

erion involves calculating the ratio of neurons that should be activated

o those that are actually activated in a specific area (see Eq. 14 ). 

Given that the brain functions similarly to a shallow neural network

21] , we document outcomes at an iteration step size of 5. Since the

nput is constant and no randomization parameters are introduced, the

esults of each experiment are consistent, eliminating the need for repe-

ition. For detailed information on related neurons, please read Section

Introduction of Related Neurons ” in supplementary materials. 

In the linear threshold model, we set 𝜎0 = 0 . 8 . For the simulation

f the LIF model, numerous hyperparameters are required. All the hy-

erparameters used are listed in the following table. Biological hyper-

arameters are set according to real biological experimental tests [22] .

he current proportion factor is the optimal parameter obtained through

quidistant search. 

To demonstrate the importance of network structure, we add a com-

arative model that randomly reconnects networks. Specifically, we per-

orm degree-preserving rewiring on a certain proportion of edges in the

rain, which means perturbing the network structure while ensuring

hat the degree of each node remains unchanged. In Fig. 3 we set recon-

ect rate 𝑝 = 20% . For its sensitivity analysis, please read Section 3.6 . 

. Experimental results 

.1. Structural properties of drosophila connectome 

From Fig. 2 (a) we can see that the degree, i.e., the number of con-

ections to the nodes in the network, exhibits a long-tail distribution,

mplying that while a large number of neurons possess few synapses,

 small number of neurons contains a large number of synapses. For

xample, more than 20% of the nodes have a degree greater than 50,

hile only 0.3% of the nodes have a degree greater than 500. This is

onsistent with previous research on functional brain networks [23] . 

To investigate whether the two hemispheres’ network structures are

imilar in network statistic properties, we conducted a comprehensive

etwork analysis on the two hemispheres. We calculated the degree,
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Fig. 2. Statistic properties of Drosophila connectome data set . (a) shows the degree distribution of the network. (b), (c) and (d) plot the distribution of degree, 

clustering coefficient, and eigenvector centrality in each hemisphere, respectively. (e) represents the correlation between degree distribution and neuron character- 

istics. We use nodes to represent neurons’ cell bodies and use edges to represent the synapses when calculated statistic properties. 
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lustering coefficient, and eigenvector centrality distribution for every

ode in each hemisphere. According to Fig. 2 (b)-(d), these statistical

ndicators for both hemispheres are extremely similar, indicating that

he brain exhibits strong symmetry in network structure. 

Also, we plotted the correlation curves between degree and cell

ength, cell surface area, and cell size ( Fig. 2 (e)). The significance co-

fficients 𝑅 are 0.85 ( 𝑝 = 0 . 00 ), 0.86 ( 𝑝 = 0 . 00 ), 0.80 ( 𝑝 = 0 . 00 ), respec-

ively. The results indicate that the degree is logarithmically linearly

orrelated with these characteristics. This logarithmic relationship re-

eals a fundamental principle in the organization of neural networks in

he brain. 

.2. Activation patterns under different type of stimuli 

In this section, we investigate the impact of different activation

echanisms on network activation patterns by utilizing various network

ctivation mechanisms and observing the changes in activation rates

cross different areas of the network. Simultaneously, we examine the

ffect of global perturbations in network structure on activation patterns

y altering the network architecture. The optic and visual_projection

rea are related to vision. ALLN, ALIN, ALON and ALPN are related

o olfaction. Other supplemental messages of related neurons are pre-

ented in Section ”Introduction of Related Neurons ” in supplementary

aterials. 

Fig. 3 illustrates the activation patterns of the large-scale network

ommunication model (LSNC) using threshold, sigmoid, and LIF acti-

ation mechanisms. We also evaluated the model’s performance after

ntroducing perturbations. For a detailed description of these models,

lease refer to ”Data and Methods ”. 

From left subgraphs of Fig. 3 (a) and (b), it can be observed that the

etwork model generates quasi-real activation patterns under specific

timuli: It is evident that visual (olfactory) stimuli result the most sig-

ificant activation on visual (olfactory) neurons such as optic and visual
5

rojection neurons (ALLN, ALIN, ALPN, ALON neurons) while activating

ther neuron types minimally. 

Our findings indicate that different activation mechanisms can yield

omparable activation patterns. In response to visual stimuli, all three

odels displayed notable activation in visual-related areas, whereas

ther areas exhibited minimal activation (left subgraphs of Fig. 3 (a),

c), and (e)). The optic area, for instance, recorded activation rates of

6.39%, 4.69%, and 9.69%. Under olfactory stimuli, the network also

xhibits similar activation patterns in olfactory-related areas, with aver-

ge activation rates of 94.07%, 78.01%, and 69.75%, respectively (left

ubgraphs of Fig. 3 (b), (d) and (f)). This suggests that the connectiv-

ty between neurons is more critical than the activation mechanisms of

ndividual neurons. 

However, in the perturbed models (right subgraphs of Fig. 3 (a)–(f)),

he original quasi-real activation patterns disappear. No significant dif-

erences in activation regions were observed across all activation modes

nd types of stimuli. For instance, in the model with threshold activation

echanism, the maximum difference of all areas in the activation ratios

nder visual stimuli was only 3.162%, and the range of regional activa-

ion ratios versus the average activation ratio was only 6.32% (right sub-

raph of Fig. 3 (a)), which indicates that the heterogeneity between dif-

erent regions completely disappears. Additionally, in the sigmoid and

IF models, no significant activation was observed in any area. 

Despite variations in activation rates among the three models, the

ubstantial disparity between the activation ratios of relevant and irrel-

vant areas suggests the emergence of comparable quasi-real activation

atterns across all models. 

.3. Separation of visual and olfactory related areas 

To further investigate the causes of the above observed dynamic pat-

ern that is independent of neuron models, we calculated the synapse

ount (number of connections) between various regions of the visual
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Fig. 3. Comparative test of intrinsic neurons’ activation . For disturbing model, we conduct 5 repeated experiments and take the average and standard deviation. 

The dotted lines represent average activate rate in brain. In disturbing model, we set reconnect rate 𝑝 = 20% and 𝜎 = 0.8. 

a  

T  

f  

a  

1  

s  

t

 

t  

r  

a  

d  

n

 

t

3

 

b  

a  

r

 

r  

i  

d  

c  

n  

s  

Table 2 

List of Hyperparameters. 

Hyperparameter Description Value 

𝜏 Membrane Time Constant 15.0 ms 

𝑉rest Resting Membrane Potential -65 mV 

𝑉th Spike Threshold -45 mV 

𝑅 Membrane Resistance 0.5G Ω
𝑑𝑡 Time Step 0.55 ms 

𝛼 Current Proportion Factor 0.03/0.045 (visual/olfactory) 

r  

5  

t  

6  

r  
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m  

n  
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3

 

p  

o  
nd olfactory systems and visualized the results as a heat map ( Fig. 4 (a)).

he findings reveal a significant segregation between the visual and ol-

actory areas. Specifically, within the visual and olfactory areas, there

re 13,309,161 and 882,170 synapses, respectively. However, only

837 synapses exist between these two areas. These interconnecting

ynapses constitute only approximately 0.0138% and 0.208% of the to-

al synapses within the visual and olfactory areas, respectively. 

Fig. 4 (b) represents the schematic diagram of the connection rela-

ionships in the neuronal visual and olfactory systems. We use nodes to

epresent functional areas and use edges to represent synapses between

reas. The thickness of edges represents the number of connections. This

iagram indicates that the number of connections within regions is sig-

ificantly greater than the number of inter-regional connections. 

These indicate that the network structure between these two func-

ional systems is almost entirely separate. 

.4. Distances between input and activation areas 

To further investigate whether this separation phenomenon is caused

y greater spatial distance, we calculated the average network distance

nd spatial distance between different areas of the brain network. The

esults are presented in Table 3 . 

The analysis of Table 3 showcases that spatial distances among neu-

ons do not straightforwardly translate to ease of activation. While visual

nput neurons across all intrinsic areas exhibit similar average spatial

istances, quasi-real activation patterns manifest predominantly in spe-

ific neural types (optic and visual_projection). Conversely, the average

etwork distances between input neurons and target neurons is notably

maller compared to irrelevant neurons. Specifically, visual input neu-
6

ons exhibit network distances to optic and visual_projection neurons as

.7018 and 5.7432, respectively, while distances to neurons irrelevant

o olfactory (ALLN, ALIN, ALON, and ALPN) are measured at 6.6442,

.2350, 6.1506, and 6.5380, respectively. This demonstrates that neu-

ons corresponding to visual inputs maintain a generally closer network

istance relative to unrelated neurons. Furthermore, neurons associated

ith olfactory inputs maintain network distances approximately half

hat of unrelated neurons. These observations suggest that the network

istance between input neurons and their specific activation areas is

ore significant than spatial distance, underscoring the importance of

etwork structure over spatial structure in defining the quasi-real acti-

ation patterns of brain networks. 

.5. Bilateral response under unilateral stimulus 

In real life, the left and right hemispheres cooperate to perform com-

lex tasks. To examine whether network models can simulate this co-

peration, we administered a unilateral stimulus to input neurons and
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Fig. 4. Heatmap and schematic diagram illustrating the connections between areas related to vision and olfaction . (a) presents the heatmap. (b) shows the 

schematic diagram of the connection relationships. 

Table 3 

Spatial and network distance between input areas and functional areas. 

Input type Distance type optic visual_proj ALLN ALON ALPN ALIN 

Visual input SpD (nm) 365012 354725 351919 346925 348517 348901 

NeD (edge) 𝟓 . 𝟕𝟎𝟏𝟖 𝟓 . 𝟕𝟒𝟑𝟐 6.6442 6.1506 6.5380 6.2350 

Olfactory input SpD (nm) 302690 251144 110827 123179 115089 173345 

NeD (edge) 5.7967 5.1706 𝟑 . 𝟒𝟒𝟓𝟖 𝟑 . 𝟔𝟑𝟏𝟐 𝟑 . 𝟔𝟖𝟐𝟎 𝟑 . 𝟑𝟖𝟒𝟓 
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onitored the varying activation ratios across both hemispheres. Specif-

cally, we independently simulated visual input neurons in the left and

ight hemispheres and recorded the rate of activated neurons in each

emisphere over time. Second, we investigate whether local attack to

ne side of the network-analogous to real-world conditions such as tu-

ors and other diseases-affects this bilateral response process, and how

he extent of such damage influences the synergistic response. 

The specific methods of inducing attack are as follows: We first iden-

ify two symmetrical coordinates on both hemispheres of the brain. Us-

ng these coordinates as the center, we remove nodes within varying

adii and subsequently record the response curves for each hemisphere-

elated region. 

Fig. 5 illustrates the specific length measurements of the Drosophila

onnectome and the regions examined in this study. The purple and blue

ells represent neurons associated with visual processing. Spheres S1,

2, S3, and S4 each represent four spherical regions subjected to local-
ig. 5. Schematic diagram of the specific length measurements of the Droso

eometric dimensions of Drosophila connectome. (b) represents the locations of targe

7

zed attacks. Sphere S1 and S2 encompass approximately 2000 neurons

ach, while sphere S3 and S4 each cover approximately 12,000 neurons.

Fig. 6 illustrates the curve depicting how the response ratio evolves

ith each time step. We use 𝐶𝑎𝑣𝑔 to represent the average activated rate

f areas related to vision. Notably, when stimulating one hemisphere

lone, visual processing neurons in both hemispheres are activated (see

urve regular left and right in Fig. 6 (a) and (b)). 

Secondly, in the case of different regional node failures, even when

oughly 12,000 nodes (approximately 1/10 of the total network nodes

nd 1/3 of the visually relevant neurons) were deleted, the network ul-

imately exhibited response characteristics similar to the original curve.

his indicates that the network possesses strong robustness facing with

ocal attacks. Additionally, for networks with failures on the input side,

 delay in bilateral response curves was observed when the failure radius

eached 90 𝜇𝑚 ( 𝑆4 , left and right stimuli). This suggests that large-scale

ailures of visually relevant nodes primarily affect the rate at which the
phila connectome and the location of regions deleted . (a) illustrates the 

ted regions. The units of center and r in labels are micrometers. 
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Fig. 6. Experiment of activation rate under single stimulus . All responses on the left hemisphere are marked with light-colored lines, and all responses on the 

right hemisphere are marked with dark-colored lines. We set threshold 𝜎0 = 0 . 95 . 

Fig. 7. Relationships of activation rate with reconnect rate . We conduct 5 repeated experiments and take the average and standard deviation. 
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isual functional network reaches a steady state, rather than the number

f nodes activated at steady state. 

Below, we further explain the reasons for the significant delay in

esponses to unilateral large-scale regional attacks on this side’s stim-

li (e.g., in Fig. 6 a, where the local damaged area is the 𝑆2 region of

he left hemisphere, and stimuli on the left side cause responses in both

he left and right hemispheres (light purple and dark purple curves) to

e delayed). Calculations show that there are 19,031 synapses from the

eft hemisphere’s visual input area to the left hemisphere’s visual sig-

al processing area (optic, visual_projection), while there are only 18

ynapses from the left hemisphere’s visual input area to the right hemi-

phere’s visual signal processing area. Furthermore, there are 338,456

ynapses from the left hemisphere’s visual processing area to the right

emisphere’s visual signal processing area. This implies that, primarily,

he unilateral visual input area essentially does not interact with the con-
8

ralateral visual signal processing area, and interactions occur indirectly

hrough the ipsilateral visual processing area. Consequently, when the

isual signal processing area of this side is damaged, the reduction in

he number of neurons makes it challenging for the remaining neurons

o reach an excitatory state, causing delays in the ipsilateral visual sig-

al processing area. This delay, in turn, leads to delayed responses in

he contralateral visual signal processing area. 

.6. Impact of perturbation rate on activation areas 

In this section, we discuss the impact of different reconnection

ates on activation patterns using the degree-preserving reconnection

ethod. 

The experiments presented in this section involve calculating pat-

erns induced by two types of stimuli across three models under net-
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ork perturbations of 1%, 5%, 1%, 3%, 5%, 10%, and 20% reconnect

ates. The reconnect rate 𝑝 in degree-preserving rewiring refers to the

roportion of edges that are randomly rewired while maintaining the

egree (number of connections) of each node unchanged. Let 𝐶 be the

verage activation ratio of an area. We normalized each data point using

he difference between the activation ratio of this area and the average

ctivation ratio 𝐶̄ of the entire brain, that is to say, Δ𝐶 = 𝐶 − 𝐶̄ . 

The experimental results are shown in Fig. 7 , where 0 represents the

riginal, unperturbed experimental results. At the 0 point, there is a sig-

ificant difference in the relative activation ratios between visual and

lfactory areas under specific stimuli. However, this significant activa-

ion pattern, discussed in the main text, disappears with a 1% ’s network

erturbation, replaced by a roughly equal activation ratio across all re-

ions. This indicates that even a 1%’s change in network structure can

ead to a rapid loss of network functionality specificity. Additionally,

mall-scale network perturbations (1%-5%) have a lesser impact on ol-

actory stimuli compared to visual stimuli. This is because the number of

eurons associated with olfactory functions is significantly fewer than

hose related to visual functions, making it less likely for small-scale

etwork structure changes to affect these neurons, thereby leading to a

maller impact on functionality. 

Horizontal comparisons indicate that while there are no significant

ifferences among different models in forming activation patterns, more

omplex neuron models better maintain their original activation pat-

erns under network disturbances. This is because signals generated by

omplex neuron models have greater redundancy and functional diver-

ity. For instance, the LIF (Leaky Integrate-and-Fire) model has a voltage

ecay mechanism, where the voltage gradually decays in the absence of

 signal. Even if some input signals are erroneous, as long as the pro-

ortion of errors is not very large, the decay mechanism can filter out

he impact of these erroneous signals. 

. Conclusion and discussion 

Our study, which utilized a large-scale network communication

odel derived from the Drosophila connectome, highlights the crucial

mportance of neural network architecture in generating brain-like ac-

ivation patterns. 

We first analyzed the structure of the Drosophila brain network, in-

luding the basic statistical properties and the symmetry of the network.

n interesting phenomenon observed is the correlation between neu-

onal degree and geometric size: Fig. 2 e demonstrates that the number

f synapses formed by a neuron (represented by degree) increases log-

rithmically, rather than linearly, with respect to its surface area, vol-

me, or length. These characteristics of the brain can be explained by

he Weber-Fechner’s law: for any sensory pattern, the perceived inten-

ity is a logarithmic function of the physical intensity. Specifically, the

ize, length, and area changes can only cause a logarithmic change in

he number of synapses the neuron has. These results suggest that al-

hough synaptic plasticity lead to a continuous increase in the number

f synapses between neurons and other cells, this logarithmic relation-

hip makes it difficult for the number of synapses formed by a neuron

o increase indefinitely. This may account for the overall power-law dis-

ribution observed in Fig. 2 e. 

To examine the impact of neuronal activation mechanisms on the

eneration of realistic network patterns, we simulated three activation

echanisms for specific inputs. From the most conventional threshold

odels to more refined ones, it can be observed that the granularity of

he model has minimal impact on the formation of these quasi-real acti-

ation patterns. This suggests that, relative to the precision of the acti-

ation mechanism, the unique structural properties exert a more signif-

cant influence on the emergence of such quasi-realistic activation pat-

erns. The brain’s unique network structure plays a crucial role in this

ealistic activation mechanism, aligning with studies on complex sys-

ems where the organization and interaction structure among individu-
9

ls, rather than individual capabilities, determine emergent phenomena

24] . 

To elucidate the influence of network structure on function, we ana-

yzed the topology of the network ( Fig. 4 and Table 3 ). These results col-

ectively suggest that network architecture, rather than spatial structure

r activation mechanisms, is the primary determinant of the Drosophila

onnectome’s ability to generate quasi-real activation patterns, owing

o its unique connectivity profile. 

To test the impact of network perturbation ratio on its functionality,

e calculated activation patterns with different reconnect rates ( Fig. 7 ).

hese results indicate that the formation of realistic activation patterns

s highly sensitive to changes in network structure, with even minor

erturbations capable of disrupting this network configuration. This in-

irectly substantiates that the authentic network structure is crucial for

he formation of genuine activation patterns. Additionally, it highlights

hat complex functions (such as vision) are more susceptible to network

isturbances. Conversely, Fig. 6 shows that the network retains its origi-

al performance under a region-based attack. One explanation for these

ndings is that random rewiring thoroughly alters the network topology,

otentially disrupting original functional modules and pathways, which

eads to disordered information transmission paths and significantly im-

acts activation patterns. Additionally, because rewiring is global and

andom, it induces unpredictable perturbations that undermine redun-

ancy and fault tolerance mechanisms, rendering the network more sen-

itive to such global disturbances. In contrast, the reason the network’s

ynamic properties remain relatively stable after the deletion of nodes

ithin a specific region is that this perturbation is localized and has a

inor impact on the global topology. Moreover, random rewiring may

ffect critical nodes or key pathways within the network, leading to

ignificant functional impairment of the overall network. However, re-

ional node deletion, if involving non-critical nodes and edges, may not

ignificantly impact the network’s functionality, allowing it to maintain

ormal activation patterns. 

To evaluate the impact of the observed network structural symme-

ry ( Fig. 2 b, c, and d), we input visual signals separately to the left and

ight hemispheres and observed the effects. The findings in Fig. 6 reflect

eal-world phenomena: Although the left and right hemispheres possess

ertain functional specializations, they also exhibit synergistic effects

nd typically collaborate to fulfill specific functions [25] . For example,

uring complex cognitive tasks, both hemispheres coordinate their ef-

orts to achieve task completion. The experimental results indicate that

imilar synergistic effects emerge even when only the neurons on one

ide of the brain are stimulated, indirectly validating the model’s ef-

ectiveness. Moreover, the network maintains similar synergistic effects

ven in the face of large-scale localized attacks, indirectly demonstrat-

ng the network’s robust resilience. Finally, by analyzing the connections

etween different regions, it is found that the cause of these synergis-

ic effects is not the connections between visual input and contralateral

isual processing areas, but rather the extensive connections within the

isual processing regions themselves. This provides a new perspective

or understanding the brain’s synergistic effects. 

These findings have profound implications for advancing the study

f both biological and artificial intelligence. In biological intelligence,

t is demonstrated that the brain’s network architecture-rooted in the

omplexity of individual neurons-plays a dominant role in generating

ntelligence-related activation patterns. This challenges the traditional

euroscience focus on the dynamics of individual neurons by emphasiz-

ng the importance of the brain’s global network structure. For artificial

ntelligence research, the results suggest that current AI architectures

ight benefit from redesigning to more effectively mimic the struc-

ural characteristics of biological neural networks. From a complexity

cience perspective, these findings reveal how global intelligent behav-

or can emerge from simple local interaction rules, illustrate the critical

alance between modularity and integration in determining system ef-

ciency, and highlight how network structure influences resilience to

ailures. Specifically, a number of technological innovations in the de-
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ign of neural networks that emulate biological systems may be fostered,

uch as decentralized AI systems, brain-inspired network design, and in-

erhemispheric communication models. These insights not only provide

irection for developing more brain-like artificial intelligence but also

ffer new frameworks for understanding and designing various complex

ntelligent systems, with significant implications for both technological

nnovation and organizational design. 
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