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We find distinctive patterns of brain activation in a specific internal 

circuit while a person performs a specific task. While early fMRI studies focused 

on confirming generalities and common principles of brain function at the group 

level, we aim to focus more on deciphering individual brains. The patterns in the 

activity and connectivity of individual brain are not the same among different 

people as if people show different performance for the same task. Since the 

biological substrates of individuality are yet well understood, in our first study 

on individuality, we investigated manifestations of individual subjectivity by 

examining whole brain network features; including, nodal activity, edge 

dynamics, subnetwork patterns and modularity while subjects watched identical 



	 2 

video clips. Individual variation in network properties were evaluated with 

respect to three contrasting divisions: edges within the anterior versus posterior 

part of the brain, inter- versus intra-module connectivity and with versus without 

well-defined structural pathways. Inter-individual variation in dynamic 

functional connectivity patterns occurred to a greater degree within the anterior 

brain rather than in the posterior brain, between modules as opposed to within 

modules, and without adhering to structural connectivity pathways. Arousal 

levels modulated inter-subject variability; higher synchrony in the connectivity 

with the attention and limbic networks and higher modular inter-subject 

similarity at the high arousal state and higher synchrony in the sensory network 

at the low arousal state. These results suggest that individuality emerges from 

inter-subject network connectivity variations underlying higher level brain 

functions, from differences in module integration and when network 

connectivity deviates from underlying structural connectivity. Arousal 

modulates network interactions by altering the distinct recruitment of edge sets 

and by utilizing diverse edge strengths. We conclude that individuality resides 

in the variability of large-scale brain network connectivity. 

In a second study on individuality, we propose the novel method known 

as hyperalignment, which allowed us to reduce the individual difference through 

transformation between subjects by transforming individual brains’ network into 

common template space. Moreover, we adopted the deep learning method to 

learn the inter-subject transformation function that maps different brain circuits. 

Before using hyperalignment, the brain networks were compressed using stacked 
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auto-encoder, an artificial neural network used in deep learning to reduce the 

complexity of brain network. The inter-subject mapping functions were trained 

in a compressed space, and long natural movies were used for training the 

parameters between layers. We chose the natural and continuous films as stimuli 

when training inter-subject transformative layers since rich emotional states and 

cognitive functions are depicted in movie. Moreover, we assumed that these 

various stimuli would train the deep learning layer covering the diverse brain 

functions. We predicted the unseen brain network of the language processing, 

emotion processing, social cognition, working memory and relational processing 

tasks using pre-trained transformative layers. The predicted network in a 

compressed space was reconstructed using decoder of stacked auto-encoder. The 

accuracy of prediction was evaluated as the correlation coefficient between the 

predicted and observed networks. The networks found during the five task stages 

were predicted well, and the predictive accuracy of the connectivity when 

performing each task was 0.3 ~ 0.47 based on the correlation coefficient. 

 

	
 

 

 

 

Key word: individual difference, fMRI, connectivity, deep Learning,  
      hyper-alignment 



	 4 

 

Hyper-alignment of inter-individual brain networks 

using deep neural network: 

Predicting task-related brain networks of individuals 

based on public neurocinematic fMRI data 

 

Changwon Jang 

 

Department of Medical Science 

The Graduate School, Yonsei University 

(Directed by Professor Hae-Jeong Park) 

 

 

 

 

CHAPTER I. 

 INTRODUCTION 

 

1. Individual Difference and Brain Network: Background 

A. Commonality and Individuality of Brain Function  

Does different brain of different persons would activate in same way 

during doing the same task? Perhaps certain parts of brain would activate in the 

same way, and certain parts would act differently. Because if different persons 

watch the same stimulus, their brains would generally activate in the same way, 
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but each person have different and unique personal characteristics, even if they 

watch the same stimulus, their brains would activate with own activity patterns. 

The circuit of the brain to implement the same function differs from person to 

person. This is called individual difference of brain networks. 

When a person performs a specific task, the brain also works by 

activating internal networks and shows the own activation pattern. For example, 

the fear circuit including the amygdala are activated1 when the negative emotion 

was triggered and the ventral striatum related circuit is activated in an enjoyable 

situation2. This approach is the traditional way to investigate brain function with 

fMRI and it deduct the common features among a variety of people while brains 

respond to external stimuli. Many of these studies have aimed the knowing the 

generalities of the brain function and common features that are commonly 

activated when performing the same task. However, there are individual 

differences in brain activity and network due to individual characteristics for 

everyone. There have also been attempts to identify individual difference in 

brain3-6. 

To apply neuroscience methods which developed recently to the clinical 

application beyond being used only academic purpose, those techniques should 

be applicable at the individual level, not at the group level. For example, to 

determine if the tumor site of the tumor patient is related to the language domain 

in brain, the fMRI experiment could be performed. In this case, analysis of fMRI 

should be conducted in individual level. Beside the clinical application, the 

individual difference is the important issue in neurofeedback research. The 
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precise define the target region is important to self-regulation of brain signal 

using neurofeedback7-10. Identifying brain networks which contains individual 

unique pattern, even with the same tasks, is a big challenge in neuroscience. 

So far, most studies in neuroscience field have not studied individual 

characteristics, but have studied common features of multiple subjects.  

Conventional studies show the stimuli to as many subjects as possible to 

investigate commonality of brain. A variety of subjects would also have showed 

brain activity patterns that show personality in a unique way for individuals, and 

there would be brain activity patterns common to all subject. In this case, many 

brain activity of multiple subjects were averaged, and each person's unique 

characteristic has been treated as noise. However, in the field of brain science, 

which has become increasingly complex, individual difference has become 

increasingly important in many areas11. 

Especially, even in the activation which is conventional measure of 

understanding how the brain working in the local region, individual differences 

are manifested, but individual differences are also significant in the brain 

network, which defines that the brain works as a relationship between regions 

and regions. In addition, individual difference of the connectivity was less 

studied relative to activity for complexity of calculation and difficulty of 

interpretation. The brain network defines the relationship between the different 

regions as a co-relation coefficient of time-series, a brain circuit consisting of 

this edge. There is a difference for every person in the functional circuit of brain 

used to implement the same function because each person has a unique 
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personality. Another reason to consider individual difference is that the brain 

decoding studies and pattern analysis like MVPA (Multi-variate pattern analysis). 

It is assumed that the individual's brain function is not a univariate signal but a 

pattern of multi-variate voxel. In brain decoding study, the training is conducted 

within the individual level in order to learn the unique pattern of the individual. 

The training model learned for each individual has unique characteristics and 

only suitable for individual, so it cannot be commonly used among the people.  

 

B. Neurofeedback Approach 

Neurofeedback(NF) is the training to control the brain signal with own 

will. The neurofeedback has the following process. First, brain signals were 

measured by equipment such as EEG or fMRI, and noise removal and data 

extraction processing of desired region were conducted. The extracted data were 

converted into the form of a signal that can be recognized by the subject and 

presented to the subject again. This process conducted almost real-timely that 

the subject could be perceived the feedback signal of brain as own brain signal.  
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The subject continues tried to control own brain signal during observing 

his or her brain signal in real time. As a result of training, the subject learned that 

how control own brain signal with own will. This training called the 

neurofeedback training.  

Figure 1. Neurofeedback Processing. 

 

In neurofeedback, the precise setting of the target area of the neurofeedback 

training is very important. For example, when amygdala is the target area of 

neurofeedback training, the size and exact position of amygdala are different for 

every person. If you use the commonly used atlas to designate the amygdala 

region regardless of the subject, the inaccurate defined amygdala will reduce the 

neurofeedback effect.  Therefore, setting the proper brain function area suitable 

for the individual is the most important part of neurofeedback research. 
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C. Clinical Application 

The traditional method that evaluates the individual's brain activity which 

involved the specific task is showing to the subject a stimulus related to the task 

and acquired brain signals which related with tasks. In order to test the brain 

functions related to social cognition, related tasks was performed while fMRI 

scanning repeatedly12. It has been studied mainly in this way in the study of brain 

science and psychology that explores the principles of brain action. However, 

due to the development of safety and accessibility in various neuroscience 

method, it has been used in clinical fields.	 fMRI and its applications are also 

being applied in the clinical field. When fMRI is used in the clinical field, 

consideration of individual difference is very important. For example, when a 

patient with a brain tumor undergoes a tumor resection surgery and postoperative 

signs could be predicted with fMRI scanning. The fMRI can be used to predict 

which brain function is responsible for tumor region and to predict postoperative 

symptoms. However, even in the same area, there is individual difference. 

Especially, the patients with diseases such as tumors are more emphasized in 

individual difference than the normal control subject.  

 

D. Prediction of Brain Response 

Can we predict individual brain circuits by individual subjects during the 

tasks? Predicting an individual's brain function is related to understanding the 

principle of brain function. It has always been regarded as an important issue in 
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neuroscience.  It can also be a clue to connect behavior with brain circuits. If a 

person produces a brain function signal when performing a specific task, it is 

very much related to identifying the individuality of the person. If it is possible 

to generate an individual's brain function, it may be useful to find a suitable brain 

activation area in a clinical or neurofeedback-related study as described above. 

 

2. Related Researches 

A. Individual Difference of Brain Network 

A study of how visual cortex is synchronized during movie viewing is the 

first study about inter-subject relationship between different subjects13. The 

synchrony was found in various areas, but the fusiform gyrus was clearly 

synchronized when a human face appeared on the screen14,15. Auditory cortex 

synchronization was also examined through sound stimulation 16, Inverse of the 

measure of synchronization is an indicator of individual variation	In addition to 

inter-subject correlation analysis, there is a case of exploring the difference 

between individual brain function maps and group connectivity maps through 

Group ICA(Independent component analysis)17. The effect of the gene on the 

degree of synchronization(individual difference) between humans was also 

studied18.  
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B. Minimization the Individual Difference 

There has been a continuous study of how synchronization occurs when 

different people perform collaborative tasks and various tasks19-21. However, this 

experiment only shows how the brain is related to each other. It did not show 

how the brain was different during performing the same tasks. It also did not 

reduce the individual difference in the brain across subjects. The Haxby Group 

carried out a study to remove human inter-individual differences at the voxel 

level and move them to common-space22. But it was limited to ventral temporal 

cortex and did not attempt to match the person to the cognitive function. 

 

C. Deep Learning Neuroimaging 

Deep learning which also known as the deep structured learning or hierarchical 

learning is part of a machine learning method based on the representation of 

learning data. Some component of deep learning is based on the interpretation of 

information processing and communication patterns in the biological nervous 

system such as neural system which explains the relationship between various 

stimuli and neuronal responses in the brain. Deep learning architectures such as 

deep neural networks, deep belief networks, and repetitive neural networks can 

be used for computer vision, speech recognition, natural language processing. 

But deep learning has also been used in the field of brain science. Several studies 

have identified brain hierarchical structures using deep learning in the visual 

recognition process23. Deep learning was used to classify AD and MCI24.  
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D. Prediction of Brain State 

Therefore, studies for distinguishing individuals using brain circuit and 

for predicting individual brain connectivity are actively conducted. In another 

study, the resting state brain network was used to predict the connectivity of the 

task state brain25, which called brain fingerprinting. Fingerprinting studies have 

been studied to differentiate the individual brain from other individual brain in 

terms of individual characteristics of brain connectivity11,26. Tavor25 trained a 

simple model that relates task-independent measurements to task activity and 

evaluate the model by predicting task activation maps for unseen subjects using 

magnetic resonance imaging. 

 

3. Objective and Overview of research 

People have personal characteristics in appearance. The basic facial 

form is the same between people, but there is unique feature of each person. The 

facial features distinguished from others form a unique look of the face. These 

unique differences are gathered and formed the identity of the person. This can 

be called the individuality. These individual differences exist not only in face 

appearance but also in various aspects. The working principle and organ of the 

human body with voice are common, but some people's voices are thick and 

some people's voices are thin. Everybody has muscles to bend their arms, but 

some people have a lot of arm muscles and some have relatively few. Every 

element that consists the person has individual difference. So how do individual 
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difference manifest in the brain?  The basic functions of each area are known, 

such as amygdala for fear-related functions and motor cortex for movement. 

These functional areas are consistent for everyone. But is there any difference 

between individuals in the case of more granular function?  According to the 

study conducted by Saygin27, the activation pattern of the fusiform gyrus evoked 

face related stimuli was different among the subjects. However, many researches 

have been focused to find some generalities of brain function without 

considering these individual differences. However, the neurofeedback related 

research, precision medicine, and brain pattern analysis are becoming 

increasingly important. In these studies, it is very important to know how brain 

activity occurs at the individual level. Because these studies are performed at an 

individual level rather than at a group level. In particular, the brain functional 

network has a complicated structure. It consisted with node, edge and module. 

How do individual differences manifest in this complex and hierarchical brain 

function network?  Also, under what circumstances does individual difference 

manifest strongly? How does anatomical connectivity affect individual 

differences? This research assumed the few hypotheses about these questions. 

The human brain has modular structure. It is assumed that the short range edges 

constituting the module have relatively lower individual differences while the 

long range edges connecting the modules have a high individual difference. 

Because the strength of the edges of the module is relatively strong. We also 

expect arousal level to reduce individual differences in strong emotional 

situations and educe individual differences in weak emotional situations. We also 



	 14 

assumed that there would be a difference in individual differences between the 

functional connectivity where anatomical connectivity is involved and those that 

are not. In order to answer theses questions, this study investigated inter-subject 

individual differences expressed at the network level among the subjects who 

feel various emotions while watching movies.  

I also developed the method to reduce individual difference.  The 

existence of individual differences is the main reason why it is difficult to apply 

research results derived from one person directly to others.  

We also devised a method to reduce individual differences. The 

individual differences are the main reason why it is difficult to apply research 

results derived from one person directly to others. Reducing individual 

differences will also allow between subject analysis, which will help many 

studies to achieve at least a meaningful result despite small sample size. Also, 

reducing individual differences means that different people's data aligned in the 

same space. Let's consider two people whose individual differences are 

completely gone. The activity or connectivity pattern that appears when a subject 

performs a cognitive task will match the pattern of B subject. The subject A does 

not perform the task directly, but subject B performed the tasks and activation 

pattern of subject B would be acquired. In this case, the activity pattern of subject 

B could be considered as the pattern of subject A.  This study was conducted 

with this assumptions and objectives. Then, how we reduce the individual 

difference between subjects? In this study, we proposed a matching method 

between different subjects to reduce individual differences.  The mapping 
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function from subject B to subject A was obtained through matching between 

person to person. If the appropriate mapping function were obtained, the activity 

pattern of subject A should be corresponded with transformed pattern of subject 

B. In this study, the transform function between subjects was obtained with this 

assumption, and the actual task was used  for evaluation of accuracy.  
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CHAPTER II.  

INDIVIDUAL DIFFERENCE OF BRAIN NETWORK 

 

1. Introduction 

Individuality, or individual subjectivity, refers to a compilation of qualities 

that distinguish people from each other, not only in character and temperament, 

but also in the way they perceive, feel and perform a cognitive task. To date, 

individuality has been studied with regard to individual differences or variability 

in contrast to a common prototype or model. So far, some functional magnetic 

resonance imaging (fMRI) studies of inter-subject variability in the brain have 

explored the synchrony of regional brain “activities” among individuals while 

subjects perform the same task in a natural setting (mainly watching a movie). 

In this study, we investigated how inter-subject variability manifests in the 

large-scale brain network while individuals watched the same set of video clips. 

Unlike previous studies, which limited their examinations of inter-subject 

variability to assessing asynchrony of regional activation across individuals, we 

focused on inter-regional functional connectivity at each edge (edge strength) 

and patterns of edge sets (subnetwork architecture) involved in a perceptual task.  
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2. Inter-subject Analysis 

	

       Figure 2. Define the Inter-subject correlation of Node, Edge and  
                       Inter- subject Similarity of Edge. 

	
A. Inter-subject Correlation of Time Series  

Neuronal synchrony was measured using inter-subject correlation (ISC) of 

regional brain activity to a series of stimuli. ISC has been used to determine 

whether the neuronal response in one individual’s brain is similar to the response 

in a separate individual’s brain while the subjects experience identical stimuli.  

This approach detects which brain voxels show similar time courses (activity) 
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across individuals (high inter-subject correlation) and which brain voxels show 

heterogeneous (and thus individualized) time courses during movie viewing.  

Therefore, ISC is considered to be a data-driven biomarker for localizing brain 

regions of high inter-individual similarity or variations. ISC of regional brain 

activity was consistently high in the sensory cortex; whereas, ISC was relatively 

low in the higher (or later) cognitive brain areas, implying that higher cognitive 

brain regions encode individual differences.   

The inter-subject correlation (ISC) for a node, a measure of brain synchrony 

between two individuals, was defined as a Fisher’s z-transformed cross-

correlation coefficient between the node’s time-series in two participants. 

 

B. Inter-subject Similarity of Connectivity Pattern 

We also evaluated the inter-subject similarity (ISS) of functional 

connectivity patterns within subnetworks with the above four contrasts. Edges 

with non-zero functional connectivity (i.e., edges where functional connectivity 

is higher than a network threshold) within each contrast compose a functional 

subnetwork; for example, edges having non-zero functional connectivity within 

the anterior brain or within the posterior brain compose anterior and posterior 

subnetworks. Network thresholds were defined by order percentile from 0 to 90% 

of all positive functional connectivity. For example, for a network threshold with 

90%, edges with the top 10% of positive functional connectivity within a sub-

region (e.g., anterior brain) compose a subnetwork. The similarity of functional 
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subnetworks from two subjects was measured using the Adjusted Rand Index 

(ARI). 

 

C. Modular Structure and Rich Club 

	

Figure 3.  Define Node, Anteiror/ Posterior region, Structural modules,     
                 Rich-club Structure. 

	
To evaluate the individual variability of modular structures of functional 

networks, we conducted modularity optimization for functional connectivity 

matrices with various resolution parameters 61. The resolution parameters γ from 

1.0 (low resolution, i.e., small number of modules) to 2.0 (high resolution and 

many modules) were added to the null model of random edges to control the 

resolution of the modularity. We compared modular structures of every two 

subjects using Normalized Mutual Information (NMI). All functional networks 

were created after thresholding the connectivity matrix with the false discovery 

rate (FDR) criterion of FDR < 0.05. 



	 20 

We categorized structural edges according to types in the rich-club 

organization28. Rich club nodes (hubs) were identified as nodes with a significant 

k degree on group-averaging structural connectivity (satisfying the criteria that 

the fibers were present for at least 50% of the subjects). The edges were then 

categorized  into rich-club (RC) edges, feeder edges, and local edges 28. We 

further subdivided local edges into the intra-RC local edges, which link feeder 

nodes within a module, and inter-RC local edges, which link feeder nodes 

belonging to different modules (Figure 3).  For the nodal degree threshold of k 

> 16, the current network showed significant normalized rich club coefficients 

ϕ"#$% k > 1  (See supplementary material) after a permutation testing with 

1,000 random networks (P<0.05, Bonferroni corrected) 28. The rich club nodes 

included the bilateral precuneus, hippocampus, putamen, middle occipital cortex, 

superior frontal cortex, and inferior temporal cortex.  

 

3. Result 

A. Synchrony of Activity 

 For nodes in the occipital, temporal and parietal lobes, the ISC was high; 

whereas, nodal ISC was low in the frontal lobe (Figure 4).  High arousal was 

generally associated with a greater number of highly synchronous regions across 

subjects. In both hemispheres, the supra-marginal gyrus, superior occipital gyrus, 

posterior cingulate cortex, parahippocampal gyrus, middle temporal gyrus, 
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precentral gyrus and the fusiform gyrus displayed higher ISC during the high 

arousal state than low arousal state. 

	

Figure 4. Result of ISC: Activity and Connectivity. 

 

B. Synchrony of Edge 

The ISCs of edges (functional connectivity) are displayed in Figures 4. The 

total number of synchronized edges (z value of the ISC > 1.96) and the average 

ISC for edges having a z value of greater than 1.96 are significantly higher in the 

high arousal state than in the low arousal state (p=0.052 and p = 0.001, 

respectively). High arousal tended to increase the ISC in those edges that 

interconnect high ISC nodes, such as the left supramarginal gyrus, right 
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parahippocampal gyrus, right amygdala and bilateral precuneus. Whereas, the 

edges projecting from the visual and auditory areas were higher in the low 

arousal state than the high arousal state (FDR < 0.05). 

 

	

Figure 5. Result of ISS: Connectivity and Modular Structure. 

 

C. Inter-subject similarity of edge involvement patterns(ISS) 

The ISS of subnetwork architectures, using the ARI, depends on network 

thresholds.  High thresholds indicate that networks are composed primarily of 

strong functional connections while lower thresholds indicate network 

composition includes both weak and strong functional connections. A repeated 

measures ANOVA showed main effects for the brain region and arousal 

conditions (Figure 5). The ISS was higher in the posterior area than the anterior 

brain for all network thresholds (Figure 5). In the posterior brain, the ISS during 

the high arousal state was significantly higher than during the low arousal state, 

particularly for network thresholds of 0, 10, 40 ~ 60% (paired t-test, p<0.05). A 
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repeated measures ANOVA demonstrated main effects of edge type (intra- 

versus inter-modular) and arousal level on the ISS of the functional connectivity 

patterns (ARI). The intra-modular connectivity had higher ISS than inter-

modular connectivity, regardless of the network threshold (F > 1000, p < 0.001). 

Repeated measures ANOVA of ISS showed main effects for rich-club edge types 

and arousal levels (Figure 5). The ISS of the RC edges was significantly higher 

than those of feeder, intra-RC local and inter-RC local edges for most network 

thresholds (Figure 6).  In most cases, the ISS of edges are higher at the high 

arousal state than low arousal state, except for the inter-RC local edges.  

	

Figure 6. Result of ISS: Rich Club Structure. 
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CHAPTER III.  

MINIMIZATION OF INDIVIDUAL DIFFERENCE USING 

HYPER-ALIGNMENT 

 

1. Introduction 

In Chapter 1, we examined how individual differences are expressed in the 

brain function network. There are commonalities among individuals' brains that 

perform the same task, but there are individual differences during conducting 

same tasks. It is important to accurately evaluating the individual differences. 

However, the existence of individual differences makes it difficult to apply group 

research results directly to individuals. There is also a problem that cannot be 

applied directly subject A result to subject B because.  

If the person A's brain function can be mapped to the person B's brain 

function. The brain signal of subject B can be predicted using the brain signal of 

subject A. The subject A performs a specific task to obtain brain data of subject 

A while performing the task. The brain signal of subject could be mapped to the 

brain signal of the subject B, then the brain signal of subject B can be obtained 

without fMRI scanning. In this study, a study was conducted to prove this 

concept, which is called Hyper-alignment.  

But consider the case of a patient with post-traumatic stress. In order to 

identify brain function in a patient's trauma situation, showing the patient the 

stimuli associated with the trauma could be dangerous and violent. It could 
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worsen the patient's symptoms. If we can infer the brain activity in the patient's 

trauma state without showing the relevant stimulus to the trauma patient, it will 

be very helpful for the treatment of the trauma patient. 

 In this study, Deep-Learning method was used to implement this Hyper-

alignment. Deep learning layers provide functional mapping between different 

persons. If the Hyper-alignment function from person A to person B is well 

established, the brain signal of person B could be predicted without performing 

the actual task by transforming from brain activation map performed by person 

A brain activation map performed by person B.  

 

	

Figure 7. Application of prediction brain network to neurofeedback study. 
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2. Big data in Neuroimaging 

A. Human Connectome Projects 

Computational brain neuroscience has become more active worldwide 

recently. As a result, tremendous brain data that were accquired independently 

from all over the world began to be shared on the Internet. The US National 

Institutes of Health (NIH) invested $ 40 million in the Human Connectome 

Project (HCP). Therefore, the Human connectome project 

(https://www.humanconnectome.org) has been began and sharing huge amounts 

of brain imaging data worldwide. The HCP group has acquired 1,200 young 

adult brain imaging data and strictly preprocessed and shared to worldwide. Data 

released as of October 2017 are structural and functional MRI data of 1200 

young adults. Some of them have watching movie data, and some have data to 

carry out various cognitive tasks. Approximately 180 out of 1200 patients were 

obtained with 7T MRI and 100 subjects were provided with MEG data.  Age-

specific images were also obtained to investigate LifeSpan. Babies (age 0-5), 

Children (age 5-21), and Adults (age 36-100) brain function images are also 

provided. Adolescent Brain & Cognitive Development (ABCD project) will also 

be conducted by 2025. The main researchers of HCP projects are at Washington 

University in St. Louis, University of Minnesota and Oxford University. For 

more information, details are available on the homepage. 
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B. Subject and Movie and Task Stimulus 

In this study, the EPI and T1 structural data of the 58 subjects were used 

for 7T Movie fMRI data and 3T 5 Tasks fMRI (working memory, relational 

processing, social cognition, emotion processing, language processing) from 

Human connectome project(http://www.humanconnectome.org/) database were 

used. The movie stimulus consists of science fiction films such as “Inception”, a 

documentary film on the theme of garden, and a visual stimulation with natural 

scenery. For more information on movie stimulation, see the HCP homepage 

(https://humanconnectome.org). Movie fMRI was scanned for 2 sessions using 

7T MRI. Each session has 918scan, 915scan time points and stimulus were 

presented for 15 minutes and 18 seconds and 15 minutes and 15 seconds. Task-

evoked fMRIs were also obtained from the HCP database, and the frame and 

duration of each task are shown in the following table. 

 

Table 1. HCP tasks protocol 

Task Runs 
Frames  
per run 

Run Duration 
(min:sec) 

Emotion Processing 2 176 2:16 

Relational Processing 2 232 2:56 

Social Cognition 2 274 3:27 

Working Memory 2 405 5:01 

Language 2 316 3:57 
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Emotion Processing – This task was adopted form the paradigm 

developed by Hariri and colleagues29. Participants are provided with a test block 

asking them to determine which of the two faces shown at the bottom of the 

screen matches the face at the top of the screen, or which of the two faces at the 

bottom of the screen matches the appearance of the screen. Top of the screen. 

The face has anger or fearful expression. Implementation is provided as a 6-block 

test block of the same task (face or shape) with stimulation presented during 

2000 ms and 1000 ms ITI. Each block is preceded by a 3000 ms work queue 

("shape" or "face"), so each block is 21 seconds, including the queue. The two 

runs each contain three face blocks and three shape blocks, each of which has an 

8 second hold. 

Relational Processing - This task is adapted from Christoff and 

colleagues’s29 research. The stimulus had six different shapes filled with one of 

six different textures. In a relational processing condition, participants are 

represented by two pairs of objects, one at the top of the screen and the other at 

the bottom of the screen. In the control match condition, the participant displays 

two objects at the top of the screen and one object at the bottom of the screen, 

and a word ("shape" or "texture") in the middle of the screen. The stimulus is 

displayed as 3500ms, 500ms ITI and there are 4 attempts per block. In the 

matching condition, the stimulus is displayed for 2800 ms, there are 5 tests per 

block, and each type of block (relational or matched) lasts for a total of 18 

seconds. 
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Social Cognition – Participants were presented objects (squares, circles, 

triangles) with short video clips (20 seconds) that interacted in any way or moved 

randomly on the screen. This video was developed by Castelli and colleagues 30. 

After each video clip, participants determine whether the subject has mental 

interactions (interactions that seem to take into account their feelings and 

thoughts), uncertainty, or no. The two task executions each contain five video 

blocks (two mental and three random in one run, three mental and two random 

in the other run) and five fixed blocks (15 seconds each). 

Working Memory - Categorical tasks and memory tasks are combined 

into a single task paradigm. Participants were provided a test block consisting of 

photos of places, tools, facial and body parts (uncut portions of the nude-free 

body). Within each run, the four stimulus types are shown as separate blocks. 

Also, within each run, half of the blocks use two working memory jobs and one 

half use zero working memory jobs (working memory comparison). The 2.5 

second queue represents the type of job at the beginning of the block (the goal 

for zero). The two runs each contain 8 work blocks (2.5 seconds each for 25 

seconds, 10 attempts) and 4 fixed blocks (15 seconds). For each test, the stimulus 

is displayed for 2 seconds followed by a 500 ms inter-task interval (ITI). 

Language Processing - This work was developed by Binder and 

colleagues	31 This consists of two runs that interleave 4 blocks of story work and 

4 blocks of math work, respectively. Although the length of the blocks varies 

(about 30 seconds on average), the task is designed so that the task block matches 

the length of the story task block, and an additional math test is required to 
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complete the 3.8-minute run as needed. This story presents participants with a 

simple auditory story (5-9 sentences) from Aesop's fable and two alternative 

mandatory choice questions asking participants about the topic of the story.  

The whole preprocessing of fMRI is described in the human connectome 

project 32. 

 

3. Brain Network 

A. Define the node and edge 

	

Figure 8. HCP minimal preprocessing Pipeline. 

	
The preprocessed EPI data time series of HCP projects is provided as surface 

structure. The minimal preprocessing pipelines for structural, functional that 

were developed by the HCP to accomplish many low level tasks, including 

spatial artifact/distortion removal, surface generation, cross-modal registration, 

and alignment to standard space. These pipelines are specially designed to 

capitalize on the high-quality data offered by the HCP. Figure 8 denotes the 
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whole procedure of EPI data preprocessing. More detailed processing step were 

descripted in the study of Glasser et.al.	33  In this study, we used two type atlases 

that 165 and 379 label atlas provided by Freesurfer 

(https://surfer.nmr.mgh.harvard.edu) to define the network. The task data was 

sampled at 0.72Hz and movie data was sample at 1Hz. All the surface signals 

belonging to each ROI were summarized and the 1st component of PCA was 

designated as the representative signal of the corresponding region.	The effects 

of rigid motion and their derivatives were regressed out, following which linear 

and quadratic detrending, and despiking were performed. The node for activity 

were defined with atlas with 165 ROIs but the edge for connectivity were defined 

with atlas with 379 ROIs. With 379 ROIs, the 13861 edges were defined. A 

functional network is defined as a correlation coefficient of time series of two 

different ROI regions.  

 

 

Figure 9. Defined with Node and Edge with Freesurfer Atlas. 

 

B. Dynamic Connectivity 

In this study, the sliding window approach	which has been demonstrated 

to reliably detect slow changes in the underlying connectivity from rs-fMRI data   
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was used to construct the brain network reflecting the dynamics of the brain area 

while performing the movie and five different tasks34. The size of window in 

sliding window analysis was 30 scan and step size of moving window was 10 

scans. The number of windows was different for each task. The movie data had 

181 windows, emotion task had 33 windows, working memory window had 78 

windows, social cognition task had 55 windows, relational processing had 44 

windows and language task had 61 windows of connectivity map.  

 

4. Deep Learning for Hyper-alignment 

A. Stacked Auto-encoder 

(A) Data Reduction and Feature Extraction 

An autoencoder is an artificial neural network used for unsupervised learning 

of efficient coding. The aim of an autoencoder is to learn a representation 

(encoding) for a set of data, typically for purpose of dimensionality reduction. 

Recently, the autoencoder concept has become more widely used for learning 

generative models of data. With the purpose of learning a function to 

approximate the input data itself such that F(X) = X, an autoencoder consists of 

two parts, namely encoder and decoder. While the encoder aims to compress the 

original input data into a low-dimensional representation, the decoder tries to 

reconstruct the original input data based on the low-dimension representation 

generated by the encoder. As a result, the autoencoder has been widely used to 

remove the data noise as well to reduce the data dimension. 
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Figure 10. Data compression using Auto-encoder. 
 

In auto-encoder method, the input variable and output variable were 

assigned with same value. The weights which connects each layers were trained 

until the input and output values are equal 35,36.  The stacked auto-encoder 

adopted the form of multi-layer perception(MLP) and the output values (target 

values) are set equal to the input values. The weights are adjusted for the purpose 

of error minimization. The hidden layer(1x(p(i)) were created and it conserved 

the considerable features of input values and the size of hidden layers are smaller 

than input variable size. The reduced variable of hidden layer had enough 

features that could reconstruct the input layer via projection through decoding 

layers though the size of hidden layer is small than input or output layer. 

The stacked auto-encoder has two-parts briefly, which are encoding 

parts and decoding parts. The mathematically expressed as follow: 

 

𝜙 = 𝑋 → 𝐹	

𝜓 = 𝐹 → 𝑋	

𝜙, 𝜓 = 𝑎𝑟𝑔𝑚𝑖𝑛7,8 𝑋 − 𝜙 ∘ 𝜓 𝑋 ; 
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X is the set of given input variable and F is the set of hidden layers. The purpose 

of optimization is the finding parameters of transformation 𝜙, 𝜓 to minimize the 

difference of input variable and output variable. The latent variable(z) was 

implemented as follow:  

𝜎  is activation function and we adopted the sigmoid function as activation 

function.  

𝑧 = 𝜎(𝑊𝑥 + 𝑏) 

 

W is the weights connects between layers and b denotes the bias vector. On the 

contrary, the transformation which derived x` from z in decoding parts as follow:  

 

𝑥` = 𝜎` 𝑊`𝑧 + 𝑏`  

 

 The weights and parameter 𝜎`,𝑊`, 𝑏`, 𝑥` of decoder are different with weights 

and parameters σ,W, b, x  of encoder. The reconstruction error is represented 

mathematically as below:  

 

ℒ x, x` = 𝑥 − 𝑥` ; = 𝑥 − 𝜎` 𝑊`(𝜎(𝑊𝑥 + 𝑏)) + 𝑏`  

 

The reconstruction error L minimize and the weights W is adjusted by 

updating each epoch. The set of latent variable F is the latent variable of hidden 
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layer which has lower dimension then the input space X. The latent variable F is 

compressed set of Input X but conserved significant information of input X.  

 

(B) Pre-training and Fine Tuning 

Stacked auto-encoders are stacked with deeper layers than normal auto-

encoder. The single learning for whole multi layers leads to a problem that 

deficient learning performance. Therefore, in the case of the stacked auto-

encoder, the pre-training was performed before the fine-tuning to improve 

training efficiency. The pre-training refers to learning the weights between each 

layer individually. In Figure 11, the auto-encoder which has three layers with the 

input layer-hidden layer1-input layer were constructed and trained. Another 

auto-encoder was constructed to train the weights between hidden layer1 and 

hidden layer2. The pre-training represents that training between each layer’s 

weights separately and independent with another layer. Fine tuning sets the value 

of the pre-learning result to the initial value and these initial values are trained 

with back-propagation through whole layers. In this study, we also fine-tuned 

each layer and pre-trained the weight parameters. 
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Figure 11. Pre-training and Fine tuning for auto-encoder. 

 

B. Linear Decoders with Auto-encoders 

In the autoencoder, If 3 layers of neurons: an input layer, a hidden layer and 

an output layer settled for data compression, generally, every neuron in the 

neural network used the same activation function. But the modified version of 

the autoencoder in which some of the neurons use a different activation function 

and it has a special purpose. This will result in a model that is sometimes simpler 

to apply, and can also be more robust to variations in the parameters. Each neuron 

(in the output layer) computed the following: 

 

z K = W;𝑎; + 𝑏;	

a(K) = 𝑓 𝑧(K)  

 

Where a(K) is the output. In the autoencoder, a(K) is approximate reconstruction 

of the input x = a(N).   
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 To solve this problem, setting a(K) = 𝑧(K). This is achieved by having 

the output nodes use an activation function which is the identity function. 

 

f z = z	

a K = 𝑓 𝑧 K = 𝑧 K  

 

This activation function f(∙) is called the linear activation function (or identity 

activation function). However, that in the hidden layer of the network still used 

a sigmoid (or tanh) activation function. So, hidden layer activation function:  

 

a ; = 𝜎(𝑊 N 𝑥 + 𝑏 N ) 

 

Where, σ(∙)is the sigmoid function, x is the input, and W(1) and b(1) are 

the weight and bias term for hidden layer. The output layer only has the linear 

activation function. An autoencoder in this configuration--with a sigmoid (or 

tanh) hidden layer and a linear output layer--is called a linear decoder.	In this 

model, we have 𝑥 = 𝑎 K = 𝑧 K = 𝑊 ; 𝑎 + 𝑏 ; . Because the output 𝑥 is a now 

linear function of the hidden unit activations, by varying W 2 , each output unit 

a(3) can be made to produce values greater than 1 or less than 0 as well. This 

allows us to train the sparse autoencoder real-valued inputs without needing to 

pre-scale every example to a specific range. Since we have changed the 
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activation function of the output units, the gradients of the output units also 

change. Recall that for each output unit, we had set the error terms as follows: 

 

δR
K = 	

𝜕
𝜕 𝑧T

1
2
𝑦 − 𝑥 ; = 𝑥 𝑦T − 𝑥W ∙ 𝑓′(𝑧T

K ) 

 

Where y = x is desired output, 𝑥  is the output of autoencoder, and f(∙)  is 

activation function. Because in the output layer we now have f(z) = z, that 

implies f'(z) = 1 and thus the above now simplifies to: 

δR
K = − yR − xR  

 

when using backpropagation to compute the error terms for the hidden layer: 

	

δR
K = W ; Z

δ K ∙ f′(z ; ) 

 

Because the hidden layer is using a sigmoid (or tanh) activation f, in the equation 

above f′(∙) should still be the derivative of the sigmoid (or tanh) function. 

  

C. Choosing the Activation Function for hyper-alignment 

In computational neuron model, the idea is that synaptic strength (weigh) is 

learnable and influences to the other neuron. To the cell body to add up all of the 

cell bodies. If the final sum exceeds a certain threshold, neurons are fired and 
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spikes on the axon protrusion occur. In the basic model, the dendrites carry the 

signal to the cell body where they all get summed. If the final sum is above a 

certain threshold, the neuron can fire, sending a spike along its axon. In the 

computational model, it is assumed that the exact timing of the spikes in the 

calculation model is not important and that only the frequency of firing carries 

information. Based on this rate code analysis, we model the launch rate of 

neurons with an activation function f  which represents the frequency of the 

spikes along the axon. 

Sigmoid: The sigmoid non-linearity has the mathematical form σ x =

1/(1 + e ]^ ) . The sigmoid activation function takes real numbers and 

"squashes" them between 0 and 1. In particular, large negative numbers become 

zero, and large positive numbers become one. The sigmoid function is often used 

historically because it is a good interpretation of the neuron's firing rate: from no 

firing (0) to fully assumed firing with the maximum frequency assumed (1). In 

fact, sigmoid nonlinearities are not preferred in recent years and rarely used. 

There are two major drawbacks. The first problem is the “saturating and kill 

gradients”.  A very undesirable characteristic of sigmoid is that when the 

activation of neurons reaches the saturation state from the tail of 0 or 1, the slope 

of this region becomes almost zero. The local gradient during backpropagation 

is multiplied by the gradient of this gate output for the entire target. Therefore, 

if the local gradient is very small, it effectively "removes" the gradient, and the 

signal cannot flow to the corresponding weight through the neuron and to the 
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data recursively. In addition, special care must be taken when initializing the 

weight of S-shaped neurons to prevent saturation. For example, if the initial 

weight is too large, most neurons will be saturated and the network will barely 

learn. The second problems are the “not zero-centered”. The sigmoid output is 

not zero centered. This is undesirable because later neurons in processing layers 

in the neural network receive data that is not zero-centered. This affects 

dynamics during gradient descent because if the incoming data to the neuron 

always has a positive value. During back propagation, the gradients of weight W 

are all positive or all negative (depending on the gradient of the entire expression 

f). This can result in undesirable zigzag tuning in updating the gradients of the 

weights. If these gradients are added to the data, the last update of the weights 

could make the weights to variable signs, which can alleviate this problem 

somewhat.  

Hyperbolic tangent (tanh): The tanh function squash the real value in the 

range [-1, 1]. Like S-shaped neurons, activation is saturated, but unlike S-shaped 

neurons, the output is zero centered. Therefore, in practice, tanh nonlinearity is 

always preferred over S-shaped nonlinearity.  

In this study, we compared two activation functions to find the appropriate 

activation function for hyper-alignment. 
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Figure 12. Compare the sigmoid function and hyperbolic tangent function. 
Left: sigmoid function which has [0 1] output range. Right: Hyperbolic tangent 
function which has [-1 1] output range and stiff grade around zero.   

 

D. Weight sparsity control 

We described the application of neural networks to supervised learning. An 

auto-encoder neural network is an unsupervised learning algorithm that applies 

backpropagation, setting the target values to be equal to the inputs.	Since there 

are less hidden units than input unit, the network is forced to learn a compressed 

representation of the input. But even when the number of hidden units is large 

(perhaps even greater than the number of input data), the interesting structure 

could be discovered, by imposing other constraints on the network. Especially 

when applying sparsity constraints to hidden units. Especially if the sparsity 

constraints were imposed on hidden units, even if there are many hidden units, 

the auto-encoder still finds an interesting structure. This is indicated by "active" 

(or "fire") the neuron, "inactive" if the output value is close to 1, or if the output 

value is close to 0. In most case, the neuron is inactive in most case except during 
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the performing the tasks. Thus, controlling sparsity helps to model the correct 

behavior of neurons.  

Recall that a_
(;) denotes the activation of hidden unit j in the auto-encoder 

and a`
; (𝑥) denotes the activation of this hidden unit when the network is given 

a specific input x.  

 

p` =
1
𝑚

𝑎_
; (𝑥 T )

b

TcN

 

 

P is the sparsity parameter and denotes the average activation of hidden unit 

j (averaged over the training set). It is typically a small value close to zero (ex. 

P=0.05).  In other words, average activation of each hidden neuron j to be close 

to 0.05. To satisfy this constraint, the hidden unit’s activations must mostly be 

near 0. 

In addition to controlling the activated hidden nodes, there is a constraint 

method that limits the weight connections between layers. Constraint the weights 

between layers is effective when the input value of deep learning layers is 

functional connectivity. 37 

The cost function J(W) of deep learning layer was defined using the mean 

squared error (MSE), L1-norm, L2-norm terms as follows: 
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J 𝐖 =
1
2

𝑦 f , g 𝑾 − 𝒕 j
;
+ 𝛽 lmN,l 𝑡 𝑾 lmN,l

f

_co

p

gcN

+
𝛾lmN,l

2
𝑾(lmN,l) ;

f

lco

 

 

Where y r , " (W) is a vector with elements of the output values at the Lth 

layer for the subject n in the training set, t(n} is the target output values of the 

subject n, β  and γ  are the L1-norm and L2-norm regularization parameters 

between (J+1)-th layer and J-th  layer, N is the total number of subjects in the 

training set. 

 

𝐖(umN,u) 𝑡 + 1 = 𝑾(lmN,l) 𝑡 − ∆𝑾(lmN,l)(𝑡)	

∆𝐖(umN,u) 𝑡 = 𝛼(𝑡)(∆xyz𝑾(lmN,l) 𝑡 + 𝛽lmN,l 𝑡 𝑠𝑖𝑔𝑛 𝑾(lmN,l) 𝑡

+ 𝛾(lmN,l)𝑾lmN,l 𝑡 ) 

 

Where ∆|}~𝑊 lmN,l (t) is the first-order derivative of the cost function with 

respect to the WumN,u 𝑡 weight parameters, or the weights between J-th and (J+1) 

layer. t is the epoch number. The α(t)  is the learning rate at t-th epochs. 

β umN,u 𝑡 is adaptively controlled to reach a target sparsitiy level of weights 

between the J-th and (J+1)th layers. γ(umN,u)  was fixed to 10-5 to prevent 

overfitting of weights. 38  
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β(umN,u) 𝑡 + 1 = 𝛽(lmN,l) 𝑡 − 𝜇 𝜌(lmN,l) − 𝑛𝑧𝑟 𝑾(lmN,l) 𝑡  

 

Where µ is the learning rate, ρ is the target non-zero ratio of 𝐖(𝐉m𝟏,𝐉) and nzr is 

a function ot account for the non-zero ratio of vector/matrix.  

Basically, in a neural network structure, one node of a layer is connected 

to all the nodes of the next layer, which is called a fully connected structure. A 

particular node in the n + 1th layer is composed of all the nodes in the nth layer. 

Brain network is not fully connected between regions and regions unlike data 

such as 2D picture. Therefore, we can obtain better learning accuracy by 

controlling the sparsity of the weights connected between the layers rather than 

connecting all nodes between adjacent layers 37. Therefore, we controlled the 

norm regularization parameter 𝛽  to obtain the sparsity of weights which 

connects the adjacent layers. The size of the layer used in this study is [5527 

2764 1382 691 200]. Weights connected from the first input layer to the hidden 

layer1 were constraind 0.2 by control nzr parameter.  The weights connected 

from the hidden layer 2 to the final latent variable [1x200] were controlled by 

0.5 nzr value. 
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Figure 13. Control the weight sparsity of each layers. 

 

 

E. Stochastic Gradient Descent and Momentum 

The gradient descent (GD) which also called batch gradient descent calculates 

the gradient of the cost function for the parameter θ for the entire training data 

set. 

𝜃 = 𝜃 − 𝜂 ∙ ∇�𝐽(𝜃) 

 

Batch gradient descents are very slow and difficult to handle for datasets 

because it does not fit in memory usually, because the entire dataset needs to 

calculate a gradient that only performs one update. Batch gradient descents do 
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not also allow to update models online. GD algorithm update the parameter to 

the gradient direction with the learning rate which determines the size of the 

update. Batch gradient descent is guaranteed to be converged into a minimum 

value for the non-convex surfaces and the global minimum of the error. 

A stochastic gradient decent (SGD) performs parameter updates for each 

training example and label.  

 

𝜃 = 𝜃 − 𝜂 ∙ 𝛻�𝐽 𝜃; 𝑥 T ; 𝑦 T  

 

Batch gradients descent(GD) calculates the gradients in similar 

examples before updating each parameter, so it performs redundant calculations 

on large data sets. SGD removes this redundancy by performing only one update 

at a time. This is usually much faster and may be used for online learning. While 

the batch gradient descent converges to the minima, it can jump to a potentially 

better local minimum point on the new side. However, if the learning rate is 

enough slow, SGD shows the same convergence behavior as the batch gradient 

descent and will converge to local or global minimum values rather than convex 

and convex optimizations. Mini-batch gradient descents ultimately represents 

the best performance for training examples. 

 

𝜃 = 𝜃 − 𝜂 ∙ 𝛻�𝐽 𝜃; 𝑥 T;Tmg ; 𝑦 T;Tmg  

 



	 47 

This mini-batch GD minimize the variance of parameter updates to 

achieve more stable convergence. Mini-Batch Gradient Descents is the algorithm 

that is typically chosen when learning neural networks, and the term SGD is also 

commonly used when mini-batches are used.  

SGD has trouble navigating minima point efficiently. That is, the area 

where the surface is curved much more steeply. In this case, the SGD oscillates 

across the slope of the valley, proceeding steadily downward toward the local 

optimum. The momentum is a helpful way to accelerate SGD in the relevant 

direction and reduce vibration. By adding the fraction 𝛾 of the update vector of 

the past time step, the current vector updated. 

 

𝑣j = 𝛾𝑣j]N + 𝜂𝛻�𝐽 𝜃 	

𝜃 = 𝜃 − 𝑣j 

The momentum terms of the dimension where the gradient points in the 

same direction increase, and the update of the dimension where the gradient 

changes direction decreases. As a result, we get faster convergence and less 

oscillation. In this study, the momentum parameter was set up with 0.5 for 

connectivity stacked-auto encoder. 
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F.  Overfitting and Generalization 

 Overfitting is a endemic problem of machine learning as well as neural 

networks in general. The problem arises from the way machine learning models 

are developed. A set of "training data" is used to "train" the model. The goal is 

to have a model that can be used for data that you have not seen before. Over-

fitting refers to a problem with a model that has been trained to work well with 

training data that does not work well with previously unseen data. There are 

several techniques for preventing overfitting. 

 

(A) Dropout Control 

Dropout is a technique used to improve overfitting in neural networks and 

should use dropouts with other technique such as L1, L2 normalization. The 

regularization techniques like dropout make the loss of training slightly worse. 

But we want to increased training performance for a more generalization to apply 

Figure 14.  SGD with momentum training error with training movie data. 
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to the testing data. Note that the more layers and neurons are present, the more 

likely an overfitting error will occur. In this study, the dropout fraction rate was 

fixed at 0.5 for hyper-alignment neural network training. Half of the hidden 

nodes in each layer were selected randomly and excluded from weight learning 

to prevent overfitting. 

	

Figure 15. Hyperalignment layers applied Dropout. (A) Standard Hyper-
alignment neural-net. (B) After applying the dropout. 

 

(B) Early stopping 

 Early-stopping combats overfitting interrupting the training procedure 

once model’s performance on a validation set gets worse. A validation set is a 

series of examples that are not used for gradient descents, but are not part of a 

test set. Validation examples are representative of future test examples. Early 

stopping effectively adjusts the number of hyper parameters in epoch/step. 

Intuitively as the model cares more data and learns patterns and correlations, 
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both training and test error go down. After enough training data is trained, the 

model begins to learn excessive in each training set. In this case, training errors 

will continue to decline as test errors getting worse. The early stopping is to find 

this moment with a minimal test error. 

 

Figure 16. Training Set and Validation Set for Hyper-alignment training. 
 

 In this study, Hyper-alignment training was conducted with movie data 

for training. and the test movie data, language task, working memory test, social 

cognition task, relational processing, emotion processing data were used as 

validation set and test set. 
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Figure 17. Training and Early Stopping. Training Set: movie, Validation Set: 
Emotion Processing task, Maximum Epoch 400, For subject 1,2,3,4,5,6 -> 
Reference Subject. 

 

(C) Weight penalty L1 and L2 

 Weight penalty is standard way for regularization, widely used in 

training other model types. It is highly dependent on the implicit assumption that 

models with small weights are somewhat simpler than networks with large 

weights. The penalty keeps the weights small to make the model easier to 

interpret. Another name in literacy for weight penalties is "weight decay" 

because it causes the weight to decay to zero. L2 norm penalizes the square value 

of the weights and tends to drive all the weights to smaller values. L1 norm 

penalizes the absolute value of the weight which is V-shape function and tends 

to drive some weights to exactly zero introducing sparsity in the model while 

allowing some weights to be big.  L1 norm loss function is also known as least 
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absolute deviations(LAD), least absolute errors(LAE). It is basically minimizing 

the sum of the absolute differences(S) between the target value(yi) and the 

estimated values(f(x)).  

𝑆 = 	 𝑦T − 𝑓 𝑥T ;
g

TcN

 

 

L2 norm loss function is least squares error (LSE). It is minimizing the sum of 

the square of the difference(S) between the target value(yi) and the estimated 

values(f(xi)).  

𝑆 = (𝑦T − 𝑓(𝑥T));
g

TcN

 

L1 loss function is relatively robust and then L2 loss function. But L2 loss 

function is much stable than L1 loss function and it always has the one solution 

but L1 loss function could has multiple solutions. 

 Regularization is a very important technique in machine learning to 

prevent overfitting. Mathematically, the normalization term is added to loss 

function of back-propagation so that the coefficients do not fit perfectly. L1 and 

L2 norm term could represented as follow:  

 

𝑤 ∗	= 	𝑎𝑟𝑔𝑚𝑖𝑛 𝑡(𝑥_) − 𝑤TℎT(𝑥_)
T

;
+ 𝜆N |𝑤T|

�

TcN

+ 𝜆; 𝑤T;
�

TcN_
 

 

The last two terms are the L1 norm term and the L2 norm term. 
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5. Between Subject Alignment: Hyper-alignment 

A. ROI Based Activity 

 The entire brain area was defined as 327 ROIs and 327 time-series were 

obtained while watching the movie. The 327 input vectors are dimensioned 

through a stacked auto-encoder. The stacked auto-encoder has 7 layer structure. 

The structure of the layer is [379 190 95 50 95 190 379], the former four layers 

are the encoder layer for data compression and the next four layers are the 

decoder layer. The hidden layer at the center has 50 dimensions, which is a 

compressed form of the whole brain activity of 379 ROIs. The weights of these 

layers were learned using the training movie data. 

	

Figure 18. Stacked Auto-encoder for Activity. 
 

 Activities that are compressed in 50 dimensions are moved to the space 

of the reference subject. The 57 activities dimension-compressed in low-level 

space were transformed into a reference subject space using a three-stage neural 
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net. This is called hyper-alignment, and weights are learned with the training 

target label y as the bold activity of the reference subject. 57 subjects are trained 

to target the reference subject, and 57 hyper-alignment neural nets, the number 

of all subject pairs, are formed and trained. The activity of 57 subjects converted 

into the space of the reference subject and it was reconstructed to the original 

space using the decoder of the stacked auto-encoder. 

	

Figure 19. Hyper-alignment structure for brain activity. 

 

B. ROI Based Connectivity: Method1  

(A)  Construction of First-level Stacked Auto-encoder for connectivity 

compression: Method1 for Connectivity  
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The 165 seed-based connectivities were calculated during watching the 

movie. The 167 ROIs are defined in the entire brain region, and the edges 

constitute 13861 points. These connections are complex and contain a lot of 

unnecessary information that is not directly involved in the task. Therefore, the 

nonlinear combination of edges should be used to extract low-dimensional, 

efficient brain features. 

 

Figure 20. Stacked Auto-encoder for Individual Seed-based Connectivity. 
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In this study, 165 stacked auto-encoders which has three hidden layer 

were constructed for each seed-based connectivity. The most centrally located 

layer has the smallest size. The 58 subjects have 181 sliding windows while 

watching movie and the size of input variable set was 10,498 which denotes the 

number edges. These edge sets were used for weight training. The batch-size of 

deep learning training was 100 sample and the learning rate was assigned 0.05 

as the initial value. The learning rate was decreased after half of whole epoch by 

0.001 per epoch to prevent overfitting and promote the learning efficiency. The 

same batch-size and learning rate were applied to every 165-stacked auto-

encoder but the hidden layer at the center is set differently for each auto-encoder.   

 

(B) Determine the size of low dimensional feature using PCA 

Dimension reduction is conducted through stacked auto-encoders for 

each seed based connectivity. The size of the latent variable to be reduced should 

be determined considering the information that each connectivity has. If there is 

a lot of information related to the task, the size of the latent variable should be 

large. If the task is relatively small, the size of the variable may be small. To 

determine the size of each latent variable for each connectivity amp, we set the 

number of principal components whose explained variance exceeds 90% by PCA 

of the input vector as the number of latent variable at the center. 
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(C) Whole brain network compression using second auto-encoder 

 

Figure 21. Whole brain connectivity compression. 
 

165 Seed based connectivity was reduced to a low dimension between 

20 and 40 using the 1st auto-encoder. The reduced seed-based connectivity is 

concatenated to create an entire brain connectivity feature. The size of the input 

vector generated by the 1-step compression is [1x5527]. To reduce whole brain 

network vector, the 6 auto-encoder layers were constructed. The configuration 

of the entire layer is in the form of an auto-encoder of the form [5527 2764 1382 

691 200]. Four pre-training and one fine tuning process create a final compressed 
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low dimensional whole brain latent variable set of [1x200] size. During this 

training, batch-size was fixed at 100 and learning rate was fixed at 0.05. 

 

C. Whole Brain Connectivity: Method2  

 The auto-encoder for the entire brain uses 13861 edges as the input 

vector. The 9 layers constitute the stacked auto-encoder.	The layer configuration 

is [13861 6931 3465 1733 200 1733 3465 6931 13861]. The 1~5th stage are the 

encoder layer and the 5~9th stage are the decoder layer. To maintain the sparsity 

of the weight, the weight sparsity was adjusted to 0.2 between the input layer 

and the 1st hidden layer, Likewise, the weight between the 8th hidden layer and 

the output layer were adjusted with 0.2 value.	 The remaining layers were 

adjusted to 0.5. The hidden layer at the center of the brain has 200 dimensions, 

and it contains information that represented 13861 whole brain features. 
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Figure 22. Dimension Compression using Stacked auto-encoder for whole 
brain connectivity. 

D. Hyper-alignment between connectivity.  

To construct a human-to-human mapping function based on a low 

dimensional highly abstractive latent variable reduced by two step auto-encoders, 

a neural network(NN) consisting of three layers was constructed. This NN has a 

three layers with [200 100 200] size and the brain network transformed into the 

subject's low dimension becomes the input vector. The output vector is the low 

dimensional feature of the reference subject that is the reference of the 

transformation.  Total of 57 pairs of NNs for 1 reference subject and 57 

conversion subjects. 
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Figure 23. Neural Network(NN) for Hyper-alignment 

 

E. Evaluation of Prediction Accuracy 

To evaluate the accuracy of the hyper-alignment, one of the 58 subjects 

was set as the reference subject. The remaining 57 subjects were transformed 

into one reference subject and 57 predicted reference subject’s brain network 

were obtained. In order to evaluate the accuracy of the prediction, we compared 

the similarity of brain networks between reference subject’s 5 fMRI tasks 

connectivity profile and 57 predicted fMRI tasks connectivity based on 57 other 

subjects. The correlation coefficient was used for evaluation.  
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Figure 24.  Whole process of “Network compression and hyper-
alignment”. 
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6. Results 

A. Hyper-alignment of Activity  

 The activity of the Reference subject was inferred by hyper-alignment 

of 57 subjects' activities and the inference accuracy was evaluated.  We 

compared the three groups.  The first group measured the prediction accuracy 

using a raw activity profile that did not conduct dimension reduction, The second 

group did not conduct the hyper-alignment. Only the dimension reduction and 

reconstruction was performed.	 The third group, after conducted dimension 

reduction, performs hyper-alignment and restores to its original dimensions 

using the decoder of the stacked auto-encoder. The test data was movie data not 

used in the traing set and the prediction accuracy was obtained at all time series 

points using 57 subjects. The hyper-alignemt group showed a higher accuracy 

than the group with only data reduction (p <0.001, bonferonni corrected) and raw 

connectivity group(p<0.001, bonferonni corrected). The accuracy was measured 

by two methods, the correlation coefficient and the mean square error, all of 

which were significantly different. 
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Figure 25. Predicted activity's profile using hyper-alignment. 

 

	

Figure 26. Prediction Accuracy for Activity. 

 

B. Hyper-alignment of ROI based Connectivity: Method 1 

(A). Evaluation of information loss while encoding and decoding for ROI 

based connectivity 

When the entire brain network was reduced by using the deep learning layer, 

the performance of dimension reduction was evaluated. We evaluated the 

similarity of the input and output brain networks. The correlation coefficient 

between input and output is shown in the following table. 
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Table 2. Data restitution test for HCP task connectivity. 

Task name Correlation between input and output network 

Working memory 0.7319 

Emotion processing 0.7369 

Relational processing 0.7237 

Social cognition 0.7007 

Language processing 0.7156 

 

All the five tasks showed a correlation coefficient of 0.7 or more, and 

features that were reduced to low dimensional space also contained the 

considerable information of input vector. 

	

Figure 27.  Input and Output brain network profile of subject2. 
 

 

 



	 65 

(B). Testing Resilience by brain region 

	

Figure 28. The result of the number of PC and Information 
Reconstruction Rate for each region. 

  

 When the whole brain ROI connectivity is reduced and reconstructed 

using a stacked auto-encoder, the degree of restoration is shown by region. 

Most areas had a resilience of 0.8 or more and the lowest area showed a 

resilience of 0.62 or more. The difference in resilience between cortex and 

subcortex was examined. The cortex parts of brain showed a higher resilience 

(p <0.001), although the area was relatively wider than sensory region. In 

sensory region, it showed higher resilience than the area of cognition region 
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(p< 0.001). Also, since the amount of information that voxels have in each area 

is different, The number of PCs satisfying PCA explained variance 0.9 was 

obtained. About 31 to 57 PCs were needed, and the subcortex part needed a lot 

of PCs even though the size of the area was smaller.

	

Figure 29. Reconstruction Rate by the brain region. 

 

(C). Hyper-alignment Performance 

Five tasks were hyper-aligned to the reference subject space. Examples of 

matching are as follows. 
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Figure 30. Hyper-alignment result of 15 subject. 

 

The red line is the network profile of the reference subject and the green 

line is the network profile of the subject 15 times.  The blue line denotes the 

predicted network profile by hyper-alignment from the subject's 15 network 

profile to the reference subject.  
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Figure 31. Hyperalignment result, 57 subject’s brain network was aligned 
to reference subject. 

 

A total of 57 brain networks of five task fMRI tasks projected into the 

reference space and were hyper-aligned and evaluated. Three items were 

evaluated. First, the network of 57 subjects was dimensionally reduced through 

an auto-encoder for each of the five tasks. After being hyper-aligned to the 

reference subject in a low-dimensional form, the projected brain network was 

reconstructed to original dimensional using decoder. The predicted accuracy as 

the correlation between reference subject’s actual task fMRI connectivity and 57 

predicted brain network. The second is the prediction accuracy of the immediate 
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decoding after dimension encoding without hyper-alignment. The last is the 

prediction accuracy that comparing the reference subjects and 57 subjects of the 

brain network without dimension reduction and hyper-alignment. All the results 

are organized in tables. The prediction accuracy of only dimension reduction and 

reconstruction was significantly lower than accuracy of hyper-aligned. (p<0.001) 

The brain accuracy among the raw brain networks without dimension reduction 

was the lowest (p<0.001).  

 

Table 3. Results of Hyper-alignment for 5 HCP tasks. 

Tasks 
name 

Raw  Reduced & 
Reconstructed 

Reduced & 
Hyperaligned & 
Reconstructed 

mean std mean std mean std 

Emotion 0.5981 0.0082 0.6722 0.0032 0.7054 0.0012 

Working 
memory 0.5820 0.0087 0.6185 0.0021 0.6740 0.0011 

Language 0.5047 0.0155 0.5966 0.0020 0.6215 0.0014 

Social 
cognition 0.5003 0.0101 0.5682 0.0018 0.6037 0.0010 

Relational 
processing 0.5409 0.0107 0.6132 0.0022 0.6580 0.0012 
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C. Hyper-alignment of Whole Brain Connectivity: Method2 

 The whole brain connectivity of the test movie and the five cognitive 

tasks was deduced through hyper-alignment. We have tested the composition of 

various layer structure and regularization technique for efficient hyper-alignment 

to obtain the best accuracy. Finally, the prediction accuracy of the unseen test 

movie, which is not included in the training data, is  0.47, This is significantly 

higher than the accuracy 0.26 for reasoning with raw connectivity (p< 0.001). 

The prediction accuracy of the five cognitive tasks was as follow: language task 

0.34, working memory task 0.37, emotion processing task 0.31, social cognition 

task 0.35, relational processing task 0.2. The accuracy of the prediciton using the 

raw connectivity of each task is as follows. language task 0.27, working memory 

task 0.29, emotion processing task 0.23, social cognition task 0.29, relational 

processing task 0.24. A group with hyper-alignment had significantly greater 

prediction accuracy than the raw connectivity group (p < 0.001). 
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Figure 32. Predicting Accuracy for two L2 Regularization condition. 
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CHAPTER IV.  

 DISCUSSION 

 In this study, we have conducted two research. First, how individual 

differences in the brain function network are manifested, and the second study is 

a study that predicts the brain function network by reducing individual 

differences through between subjects matching.  

 In the first study, we investigated the manifestations of individual 

variability by assessing functional networks while subjects engaged in the same 

series of perceptual tasks that, according to previous studies39-41, demand 

dynamic reconguration of brain networks. How inter-individual variability in 

perceiving, feeling and performing a perceptual task is embedded in the whole 

brain network was examined with respect to inter-subject synchrony (ISC) of 

dynamic functional connectivity and inter-subject similarity (ISS) of 

connectivity patterns during high and low arousal levels in four contrasting 

divisions of network edges: edges within the anterior versus posterior part of the 

brain, with versus without structural connectivity, inter- versus intra-module and 

rich-club (strong) edges (and feeders) versus local (weak) edges. 

  The results of the current study can be summarized as follows: (1) 

greater inter-individual functional connectivity variability exists within high 

level cognitive regions compared to sensory brain regions, (2) deviations from 

structural connectivity contributes to inter-individual variability, (3) inter-

modular connectivity encodes more inter-individual variability than intra-
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modular connectivity, (4) rich-club edges display similar dynamics and patterns 

of edge involvement across subjects for an identical task stream compared to 

local edges, suggesting weaker ties are largely responsible for inter-subject 

variability, and (5) arousal level modulates inter-individual differences in the 

functional network when performing perceptual tasks. 

 Various studies have implicated the anterior part of the brain, including 

the frontal lobe and anterior and medial temporal lobe, as a center for 

individuality6,42-45 argues that variability in functional connectivity within the 

prefrontal cortex reflects individual differences in cognitive flexibility and 

attentional capabilities. Our findings concur with this assertion; both nodal 

activity and functional connectivity in the anterior brain demonstrated high inter-

individual variation during a perceptual task. The ISC results of nodal (regional) 

activity in the current study agree with previous studies that illustrated highly 

synchronous voxel-wise activity across subjects in the sensory cortices during a 

series of applied stimuli46-48. The synchronous responses in the sensory brain 

areas to the same stimuli indicate high commonality across individuals in 

processing sensations while watching a movie.  We further found that the ISS of 

functional connectivity patterns within the network depends on the network 

threshold (i.e., functional connectivity level) that divides active or inactive edges. 

For higher network thresholds, only a small number of edges with strong 

functional connectivity were contained in the network while low network 

thresholds tended to include a wide range of edges, from weak to strong 

functional connectivity. The ISS of intra-modular edges, posterior brain edges 
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and edges with structural connectivity decreased when network thresholds 

increased. This implies that patterns of edges with strong functional connectivity 

(high network threshold) are diverse across subjects; whereas, these same 

networks appear similar when they include weak connectivity as well. The intra-

modular edges, edges with structural connectivity and edges in the posterior 

brain may correspond to strong ties49,50 compared to relatively weak ties in the 

anterior brain edges, inter-modular edges and edges without structural 

connectivity. The ISS within weak-tied edges, particularly, inter-modular edges 

and edges without structural connectivity exhibited a complex dependency on 

the network threshold; ISS decreased until reaching a threshold of 40%, but 

increased beyond this threshold. Contrary to strong-tied edges, edge sets with 

strong functional connectivity are similar across subjects in these weak-tied 

edges. Explaining the significance of the ISS network threshold dependency on 

weak ties is an intriguing area for future research.  

 In the second study, we investigated the predicting an individual 's brain 

network using other person' s brain network. We adopted the concept called 

hyper-alignment22, which is to create a transformation function between brain 

and brain based on functional connectivity. Previously, hyper-alignment 

studies51-54 carried out a very simple ridge body transformation, although the 

subject matching was performed based on fMRI. However, this study performed 

hyper-alignment in a non-linear way for complex brain networks through deep 

learning.  
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 Studies to predict human brain function have been actively conducted 

recently25,27,55. In this study, we propose a new hyper-alignment method that can 

effectively match different complex networks. For effective hyper-alignment, it 

is very important to preserve non-linearity in matching process that we adopted 

deep learning method56. After acquiring another person's brain network, 

transforming the brain network into the patient's space leads to the prediction of 

the patient's brain network. But the brain function network is very complex57-61. 

When brain performs some task, the whole brain area is not involved in the task	

62-64, but there are many redundant parts which independent with task. Therefore, 

it is necessary to convert a complex network into a high-level, low-dimensional 

abstracted network. This is implemented through a stacked auto-encoder65, a 

type of deep learning method. The brain network reduced to the lower dimension 

learned the brain to brain transform function, and the network of other subjects 

was transformed to the reference subject using the hyper-alignment function. The 

predicted brain network of a reference subject generated from another subject in 

the low dimensional form. The low dimensional predicted network is 

transformed into a high-dimensional network through the decoding transform. 

The prediction accuracy was evaluated in the high dimensional state. The 

evaluation results showed that the prediction accuracy was around 0.7 in all five 

tasks. 

The method of predicting the individual network can be useful in a 

clinical environment. There have been many attempts to control brain function 

signals through the conventional neurofeedback8,9,66,67. However, these studies 
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did not use an optimized target region for an individual, they used the region 

defined in the pre-defined atlas map, or performed a new task to obtain the target 

region. But this approach could be a problem. For example, consider the case of 

a trauma patient. Two methods are conventionally used for emotion regulation 

to control emotion of trauma patients. The first is the reappraisal method68,69. The 

reappraisal is the reinterpreting the meaning of an event so as to alter its 

emotional impact. For example, when a patient with a spider-phobia sees a 

spider's picture, the patient control their emotion by thinking “it is not a spider. 

It is a toy, or a chocolate.” Through these reinterpretation, the patient could 

protect oneself from mental damage and control their negative emotions.  Second, 

Distraction is a way to get accustomed to the stimulus while mitigating the 

impact from the stimulus while concentrating on other content70-72. Although 

these two methods are commonly used, the method must repeatedly expose the 

stimulus to the subject, which can be a secondary attack to the trauma patient. 

Therefore, the alternative method can be neurofeedback to perform without 

seeing the stimulus. When the stimulus of the patient is shown, the circuit that is 

evoked is fed back to the patient as the neurofeedback signal, and the patient 

learns self-regulating strategy of the brain signal associated with the trauma73-75. 

However, effective neurofeedback is necessary to comprehend an individual's 

brain circuit. In order to find a individual network without stimulation, we can 

use the hyper-alignment technic proposed in this study. Neurofeedback would 

also be more effective when correctly predicting an individual's network.  
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In this study, movie stimulation was used to learn hyper-alignment. The 

reason for using the movie stimulus is that the individual watching the movie 

does not recognize the current emotion and evoked cognition state per scene, but 

the movie brings out a wide variety of cognitive functions14,76,77. There are many 

different cognitive elements that appear when the scene changes. Based on the 

film, there have been studies to detect the effects of various stimuli such as object 

recognition, velocity, direction, depth, language, and social cognition78. As more 

movies are provided, deep learning layers could learn the more variety of stimuli 

and situations. 

 In addition, while the continuous movie stimulus is a collection of 

various stimuli, but the fMRI task is a well-designed structure for a single 

cognitive function. So the transform learned by a movie can be used to transform 

an fMRI single task stimulus. In addition, Deep learning methods are appropriate 

when learning various human emotions using movie data sets with various 

stimuli. Deep learning investigates the relationship between input data and 

output labels in an unsupervised method, which requires a relatively large 

number of samples. The number of scans of general movie stimuli is much more 

than the Event based fMRI, which is more suitable for deep learning approach. 

In this study, we studied brain to brain mapping function using deep 

learning and predicted the brain network of individuals. This study is particularly 

needed for effective neurofeedback, and it will need to be applied to actual 

neurofeedback studies to validate the effects. In addition, when the deep learning 

layers learned by the movie data were applied to a single task, the prediction 
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score was reasonable. This result confirms the intimate relationship between 

movie and single task. 
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ABSTRACTION IN KOREAN(국문초록)  
	

딥 러닝을 이용한 개인 뇌기능 신경 연결망의 하이퍼 정합: 

뉴로시네마틱스 기반 개인 뇌기능 신경연결망 예측 연구 

 

<지도교수 박 해 정> 

 

연세대학교 대학원 의과학과 

장 창 원 

	
 특정한 기능을 수행하고 있는 뇌의 활성화 패턴 및 연결성 

패턴을 확인하기 위한 전통적인 방법은 피험자가 특정 기능을 불러 

일으키는 과제를 수행하고, 이때 fMRI 와 같은 뇌기능 촬영 장비를 

이용해 과제를 수행중인 뇌 영상을 획득하는 것이다. 그러나 만약 

피험자의 육체 또는 인지기능에 문제가 있어 과제를 수행 할 수 

없거나, 시공간 적인 제약으로 fMRI 촬영을 하지 못한다면, 

피험자의 뇌기능능상태를 파악 할 수 있을까? 즉, 피험자에게 

자극을 주지 않고, 자극에 해당하는 뇌 활성화 정도를 파악 할 수 

있는 방법은 무엇일까? 모든 사람의 뇌는 비슷하게 동작한다는 

가정을 가지고, 피험자의 뇌기능을 파악하기 위해 다른 사람이 

해당 기능을 수행할 때 뇌기능을 촬영하여 이를 목적했던 

피험자에게 적용하는 것은 좋은 아이디어 일 수 있다. 그러나, 여러 

사람이 동일한 과제를 수행 하더라도, 개인에게 내재 되어있는 

고유의 개인성 때문에 서로의 뇌 반응은 다른 형태로 나타난다. 

따라서 본 연구에서는 뇌기능 활성화 또는 연결성에 기반한 사람과 
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사람간 뇌기능 매핑 함수를 구하여 특정 피험자의 뇌기능을 

추론하는 새로운 방법을 제시한다. 복잡한 뇌 활성화 또는 연결성 

지도를 적절히 압축하기 위해 딥러닝 방법의 일종인 Stacked 

auto-encoder 을 이용해 활성 또는 연결성 패턴을 압축하였고, 

또한 딥러닝을 이용해 사람-사람 매핑 함수를 도출 하였다. 영화 

데이터로 학습된 딥러닝 레이어들은 학습훈련(training)에 

사용되지 않은 영화 장면들을 보는 동안 발생하는 뇌기능을 

예측하였고, 영화 뿐만이 아니라, 5 가지의 인지과제를 수행하는 

동안의 뇌기능을 적절히 예측하였다.  
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