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Abstract

In this project, the brain mechanism supporting event segmentations, called neural state
segmentation, is researched. With the help of convolutional neural networks, I was trying to
find if neural state segmentations are directly dependent on our visual stimuli. This was done by
comparing neural network feature segmentations, that only were dependent on the current
visual input, and human fMRI segmentations. The neural network features were from the
frames of a movie, and using the features per frame a timeseries was created. This timeseries
was then segmented with GSBS. This was done for the neural network AlexNet, which was
trained for object recognition, and for the neural network VGG16, which was trained for face
recognition. The human fMRI data was taken from 15 subjects who watched the same movie.
The subjects’ data was segmented for the two brain regions LOC and FFA. The results from
comparing the brain regions with the models were inconsistent. While the AlexNet showed
some results that were overlapping with the brain regions, the VGG16 model did not. Most
likely, the data that was used was too sporadic to create consistent results. To get more insights
into the topic, a more precise research with carefully thought out steps to get the most out of
model data is needed before a conclusion can be made.
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Introduction

In our world, we are constantly provided with a continuous stream of perceptual stimuli. To
make sense of all of this information, we segment the stream into events. For example, when
we think about a normal workday, it is probably split up into sections like: getting up and ready
for work, work in the morning, break time, work in the afternoon, getting back home and the
evening activities. This splitting of the stream is called: event segmentation. Behavioural
research has shown that segmentation occurs on multiple hierarchical timescale levels (Kurby
& Zacks, 2008; Zacks et al., 2001). The previously mentioned “getting up and ready for work”
could also be split into more events such as, getting out of bed, having breakfast and brushing
your teeth. Event segmentation has also been researched in terms of its underlying brain
mechanisms. Recent studies support that when a new event occurs, the current activity pattern
in the brain changes (Baldassano et al., 2017; Geerligs et al., 2020). This consistent activity
pattern is also known as a neural state, so a new event can be seen in the brain as a shift from
one neural state to a new neural state.

It is important to understand event segmentation, since event segmentation has been shown to
play an important role in memory and learning (Zacks & Swallow, 2007). In fact, individuals
who are better at segmenting an activity in events are also better at remembering the activity
later (Zacks et al., 2006). Learning more about the mechanism of neural state transitions, thus
helps us understand more about learning and memorizing.

The goal of this study is to find if changes in visual features of varying complexity are related
to transitions between neural states. This will help us understand what exactly in our stimuli
stream makes a neural state transition happen. If the changes in visual features are indeed
related to neural state transitions, then simply changing our visual input would help the human
brain in making a neural state transition. As such, this will help in our understanding of how
event segmentation is dependent on what we see.

To further understand how visual stimuli relate to event transitions, this project compares
activity patterns in the brain areas with the activity patterns in neural networks.

The changes in visual features of varying complexity can be found in how different brain areas
and neural networks respond to the same visual input. If a neural network and a brain region
with a comparable role, such as object recognition, find similar neural state segmentations, then
the changes in visual features are indeed related to event segmentations. Furthermore, by also
comparing them with another brain region and neural network with another task, the
comparison is made with a different focus of visual features. This further accentuates how
visual features impact neural state transitions.



CNNs:

Convolutional Neural Networks (CNNs) have been shown to be successful tools to model
neural activity and behaviour in visual tasks (Lindsay, 2021). This is due to several
characteristics of CNNs that are similar to the human visual system. One characteristic that is
most essential to this work is that early layers capture simple visual features, such as lines, and
later layers combine the simple features to increasingly complex features (Glc¢lu & Gerven,
2015; Lindsay, 2021). Therefore, The general idea behind why this characteristic is so
important is as follows:

Using these neural networks, it is possible to get features maps of an image. Feature maps can
be described as how a layer transforms the input into values that represent how well a feature
describes a part of the input. These feature maps depend on which features are captured in a
layer of the neural network, which also depend on the training strategy and the dataset of the
neural network. For example, when you have a neural network that is trained for face
recognition, the first layer will extract the statistics of the most simple features in the image,
such as a straight line. However, when you look at a layer further in the network, it might look
for features such as a nose or eyes, which are a combination of the first simple features. Finally,
the last layers will look for specific faces which are composed of those noses and eyes (Gug¢lu
& Gerven, 2015).

If you then take these statistics for the different layers for a lot of images from a video, you
essentially transform a continuous video input into a continuous statistics timeseries. To make
the timeseries more comparable with a brain data timeseries, only the part of the spatial
locations of the frame that the human is also looking at can be used. As a frame of a video can
change drastically when a new scene occurs or can stay largely static when there is no
movement, the statistics in our constructed timeseries can also shift drastically or stay rather
static. Using these shifts, the timeseries can then be split into parts where the statistics change
the most, which creates a segmentation of the video input using the neural network model.
Now, the convolutional neural network has segmented the video into parts using its statistics.

When you compare this model segmentation with a brain area segmentation with a comparable
role, you can find if the neural state segmentation is related to the visual changes in the stream
of input at the moment, or if there is a more complicated relationship.



AlexNet:

As it is now clear that with neural networks the mechanism of neural state transitions could be
further understood, it is important to understand how these neural networks work. One neural
network that is used is an adjusted version of the popular AlexNet model. AlexNet is a Deep
Convolutional Neural Network (DCNN) trained for object recognition that won the 2012
ILSVRC competitions and popularized DCNN use in the field of computer vision (Krizhevsky
et al., 2017). The original architecture, which you can see in figure 1, composes of 8 layers with
learnable weights, of which the first 5 are convolutional and last 3 are fully connected. AlexNet
was trained on the ImageNet dataset of 2010, which consists roughly of 1.2 million training
images with a 1000 classes.

This model was still popular even 5 years after it originated (Aloysius & Geetha, 2017) and for
this research, it is still applicable. Due to the model existing of 8 simple layers, it is easier to
analyze than other more recent models, which tend to have a more complicated architecture.
The one adjustment in this research is that the model will have no fully connected layers.
Instead the fully connected layers, ignoring the last one, will also be converted to convolutional
layers. This is due to the AlexNet model being able to only take images of shape 224 by 224.
By redoing the last layers, it can take the correct image shape that corresponds to the input data.
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Figure 1: The AlexNet architecture with on the left the 5 convolutional layers with intermittent max pooling, and then on the
right 3 fully connected layers. The last layer is to pick one of a number of classes the model can emit as a result (Khvostikov et
al., 2018).



VGG16:

VGG16 is a neural network that is used for face recognition. It is a convolutional neural
network that produced state of the art results in computer vision in 2015 (Simonyan &
Zisserman, 2015). The design is similar to that of AlexNet (Aloysius & Geetha, 2017), which
makes the comparison between the neural networks easier. It has a total of 16 convolutional
layers, which are split into blocks of 2 or 3 by intermittent max pooling layers. The exact
architecture is described in figure 2. VGG16 was also trained in a ImageNet dataset, but for
VGG16 the dataset of the year 2012 was used. The dataset consists of roughly 1.3 million
images with a 1000 classes.
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Figure 2: The VGG16 architecture. The input is on the left, where the first block consist of the two convolutional layers and a
max pooling layer. This is then repeated 4 times with either 2 or 3 convolutional layers. After this, there are three fully
connected layers and a final softmax output layer (Aloysius & Geetha, 2017).



Brain areas:

As described in the general introduction, the CNNs need to be paired with a brain area of a
comparable role. AlexNet was trained for object recognition and VGG16 was trained for face
recognition. Thus, to compare brain regions with these CNNs, a brain region with an important
role in object recognition and a brain region with an important role in face recognition is
needed.

FFA:

The FFA is known to have an important role in our ability to discern and recognize faces
(Burns et al., 2019; Kanwisher & Yovel, 2006; Rhodes et al., 2004). However, it has been
discovered that the right FFA is most likely important for object categories in which we have
visual expertise and not just faces (Burns et al., 2019). Especially, the right FFA has been
shown to be active for many visual categories, including cars (Gauthier et al., 2000; McGugin
et al., 2012), birds (Gauthier et al., 2000; Xu, 2005) and chessboards (Bilali¢ et al., 2011). This
might prove to be a problem when comparing the (right) FFA with the neural network for face
recognition, as some subjects might have expertise in objects that occur in the video. However,
considering that there the subjects are a random sample of the population and therefore will
most likely not have similar expertise, these responses to categories other than faces will most
likely be averaged out. Alternatively, it could be that there is no difference in results when the
VGG16 model is compared with the FFA or with the LOC. This would then further support the
hypothesis that the FFA has a more complicated and rich function than just processing faces.

LOC:

The other brain region that was used is the Lateral Occipital Cortex (LOC). The LOC plays an
important role in human object recognition (Grill-Spector et al., 2001; Riesenhuber & Poggio,
2002) and this region was therefore used to compare with a neural network trained in object
recognition. The LOC is anatomically split into an anterior and a posterior part, as you can see
in the top right part of figure 3. This anatomical split also has a functional difference. The
anterior part of the LOC has a stronger activation for half or whole objects, while the posterior
LOC has stronger activation for object fragments (Grill-Spector et al., 2001).

Furthermore, recent research has proven that DCNN’s are not affected by image scrambling in
object recognition (Deza et al., 2021). This makes the comparison between the model and the
posterior LOC more promising, as the posterior LOC was also good with scrambled images, as
said above.



Faces vs. Objects Objects vs. Scrambled Objects
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Figure 3: Percentage overlap maps across subjects for different contrasts (faces vs. objects, objects vs. scrambled objects and
scenes vs. objects). The maps indicate a percentage of subjects who showed significant activation on individual points across
the surface. It is represented on an inflated right hemisphere brain of an average template brain. Only points that overlap for at
least 28% of the subjects are represented (Spiridon et al., 2005).



GSBS:

A recent contribution to event segmentation research described an efficient and accurate
algorithm to get neural states, which is applied in this project. The algorithm is called: ‘Greedy
State Boundary Search’ (GSBS) (Geerligs et al., 2020).

Algorithm:

It works on a time matrix of voxels. Every timepoint in the matrix is considered as a boundary
between the neural states. For a given potential boundary, it then computes the average activity
pattern. Given the new average activity pattern and the original one, it decides if it is a good
segmentation by correlating them. This iteratively keeps happening until the algorithm finds the
amount of states given, while also fine tuning the states that were already defined. A more
explicit explanation can be found in figure 4.

A. Greedy state boundary search (GSBS)

1. Each timepoint is considered a potential boundary location between neural states. For a given potential
boundary, compute the mean activity pattern (the state template) in each potential neural state (eq. 1).
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Time (TR) “ : i =
l -

Voxels
Voxels

Fit (meanr)
o o
= ~N

Potential boundary locations (timepoints)

3. Repeat steps 1 and 2 to split existing states into substates and finetune locations of previously detected
state boundaries

boundary 2 boundary 4 boundary 4 z
J £
E ~
g 3
«©
Time (TR) J' ¥ N

Potential boundary location Finetune locations of previously

Previously detected boundary location detected boundaries

Figure 4: An explicit explanation of GSBS with graphs of the original paper (Geerligs et al., 2020).

Number of states:

To find the correct amount of states, a metric called t-distance is used. First, the GSBS must be
called on a range of values for which it decides the location of corresponding numbers of states.
After determining the states, the correlations between timepoints are computed. For each
amount of states, the t-statistic is calculated, which represents the distance of the within-state
correlation distribution versus the distributions of correlations between consecutive states. A
more detailed explanation with graphs can be found in figure 5.
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B. Finding the optimal number of states (k) using t-distance

1. For each value of k, estimate state boundaries and compute the correlations between timepoints (eq. 4).
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2. For each value of k, compute the t-statistic representing the 80

distance of the within-state correlation distribution vs. the
distribution of correlations between consecutive states (eq. 5).
The optimum is defined as the k with the highest t-distance (eq. 6).
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Figure 5: A detailed explanation for finding the optimal number of states with graphs of the original paper (Geerligs et al.,
2020).

Research:

I will try to examine if pattern transitions in timeseries created by VGG16 and AlexNet
features correspond to state transitions in the brain regions FFA and LOC.

| expect to find high correspondence in the timing of the states for brain regions and models
with matching functions. Due to the overlapping functionalities, of the LOC with AlexNet and
of the FFA with VGG16, are expected to extract the same information from the input.
Therefore, they are hypothesized to have similar changes in the visual features that they
extract; resulting in similar state segmentations. For not corresponding regions and models, |
expect to still find some similarities. As when the movie has a scene change, the image input
will be entirely different and force a state segmentation in both brain region and model alike.

Furthermore, | expect that the final layers of the models will correspond the best with the brain.
As described in the general introduction, later layers respond to more complex features, such as
complete objects/faces. Therefore, | expect that the information that is extracted in later layers
will bear more resemblance to the brain regions, that also are oriented on more complex
features.
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Methods

In this chapter, four separate parts of the methods will be discussed. First what stimuli were
used, how the LOC and FFA timeseries was created, then how this was done for the models,
how GSBS was applied and finally, how the data was analyzed.

Stimuli:

To study neural and model states, a continuous input should be provided, such that event
segmentation can occur. As such, what was needed is complex sensory input that was
reproducible and also rich in real-life-like content and contexts. This is exactly what
StudyForrest provides (Hanke et al., 2014). Using this resource it was possible to get the fMRI
data of 15 subjects who watched the movie Forrest Gump of whom the eye tracking data and
the PRF data was also useful, as you can see in the model timeseries chapter. More information
about the acquisition details can be found in the paper by Hanke et al. (Hanke et al., 2014)

LOC and FFA timeseries:

To get a voxel timeseries of the FFA and LOC, it is first necessary to define the LOC and FFA
for all 15 subjects. As the brain differs a lot per person, this is not a trivial task. To solve this
the first preprocessing step was to apply anatomical normalization, such that every brain is
transformed to MNI space. After this hyperalignment was applied to the subjects’ brain. This
technique maps response-pattern vectors from the individual subjects’ voxel space into a
common model space (Haxby et al., 2011). Now that all data was in a common space, the FFA
and LOC could be defined for this common space. This was done by using the MNI coordinates
of the regions as defined by Spiridon et al. and applying them to the subject space with
MRIcron. After determining the coordinates of the FFA and LOC, a sphere of radius 3 was
created. This resulted in masks ranging in size from 115 to 120 voxels. As such, the masks were
applied to the StudyForrest data, which resulted in a voxel by timepoint data array on which
GSBS can be run. However, for the Left LOC no data was found inside the mask for
StudyForrest. Some ROI seed coordinates were shifted a couple of voxels to fit with the data.

Model timeseries:

To have viable data from the models for GSBS, it is necessary to transform it into a voxel by
timepoints array. This was done in several steps: input all the movie frames into the model,
extract the features of several layers from the movie frames, get the specific features using the
subjects’ gaze and PRF estimations, put these features in a timepoint array.

The original frames are sampled at 25 Hz (25 frames per second). To reduce complexity while
not losing too much input, only every 10" frame was used. This resulted in 5 frames per 1 TR
(repetition time), which amounts to 2 seconds, in the subject brain data. To get the same time
rate for both the brain and the model, these features were later averaged per TR.

12



To make sure that the same part of the input frame was being looked at by both the specific
voxel and the model, both the gaze and the PRF were used. The gaze was sampled at a 1000
Hz, which means there were 40 gaze values per frame. To get the gaze per frame that was used
in the project, the gaze is averaged per frame. If the original frame that was used for the
features has unusable values, the average gaze of the closest previous frame was used instead.
Using this gaze, it was possible to extract the features of the frame where the subject was
looking.

However, just using the gaze was not accurate enough yet. To truly make the model and the
brain comparable, it was also important to know which voxel responds to which part of the
visual field of the subject. This could be done using the so called Population Receptive Field
(PRF) estimation. Per voxel for each subject brain, the PRFs could be used in combination with
the gaze to extract the features from the frame that correspond with which part of the frame the
voxel responds to.

After getting the specific features from the models per frame, the filters of the features were
then combined with random weights. This then resulted in specific features taken from the
neural network layers that were averaged across their filters.

This process was done for all layers in the AlexNet model and for all pooling layers in the
VGG16 model.

Analysis:

To analyze the model and brain data, GSBS was applied. This was done separately over 8 runs
of task-free movie-watching in the brain data, as otherwise GSBS has to loop over too many
timepoints at the same time. Once all states segmentation timepoints had been found for all
model layers and brain regions, the runs were concatenated and the overlap of the state
segmentations were analysed.

This was done by calculating the overlap and the significance of the overlap of all model
regions with the brain. The overlap is calculated as follows:

_ X datal = Y data2
|datal|

min(}, datal, Y data2) — 2 dattfcli;tadataz

datal * data2T

Overlap =

Datal and data2 are boundaries arrays of the same size, which is the amount of TR’s, that
consist of only ones and zeros. Overlap results in a value ranging from 0 to 1 of which a higher
value indicates more overlap.

The significance of the overlap is calculated by making 5000 random permutations of one data
array and checking how often the actual overlap is bigger than a random overlap. This results in
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a p value, which indicates how significant the overlap is between the boundaries arrays. This p
value was then tested with a=0.05
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Results

AlexNet overlap measures:

In the figure below, we can see several interesting findings. Foremost, for the LLOC we can see
significant overlap with the corresponding brain region in layer 4 of AlexNet. However, for the
right LOC nothing is significant and all overlap measures are negative. This means that there
was even less overlap between the GSBS results of the right LOC of AlexNet and the brain
than what would be expected with a random GSBS result.

Another result that stands out is from layer 5 of the left FFA. There we see a significant overlap
between the left FFA of AlexNet and the brain. It stands out because AlexNet is trained for
object recognition, while the FFA is mostly focussed on face recognition, so this is not a result
that was expected. However, it is also the case that it is only layer 5 that is overlapping well, the
other layers are far from significant overlap. This is not the case for the left LOC, where 4/6
layers have p values < 0.200. As for the right FFA, nothing is significant and the overlap
measures are minimal, which does correspond with the expectations.

Furthermore, the most significant layers are spread across the second half of the model. As
there are two in layer 5, one in layer 6 and one in layer 4.

The exact p values and overlap measures can be seen in table 1 to 4 in the appendix.
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Figure 6: p value barplot of the AlexNet model overlap measures for all regions. Along the x-axis are the different layers of the
model and on the y-axis are their p values. The black line indicates the 0.05 threshold for significance. The diamond pattern that
can be seen on some bars indicate that it is the most significant layer for that region.
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VGG16 overlap measures:

From the figure 7 one thing is immediately clear. No significant overlap is found for any of the
brain regions. Only two layers come close to significant overlap, which are from the left FFA
for layer 1 and 2.

The most significant layers are in the last layer, except for the most significant region. There
layer 2 is the most significant.

The exact p values and overlap measures can be seen in table 5 to 8 in the appendix.

p=0.05
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LFFA
RFFA
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Figure 7: p value barplot of the VGG16 model overlap measures for all regions.Along the x-axis are the different layers of the
model and on the y-axis are their p values. The black line indicates the 0.05 threshold for significance. The diamond pattern that
can be seen on some bars indicate that it is the most significant layer for that region.
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Overview of significance of overlap for models and the brain:

In this table 9 only the best layer per region is displayed for the models. It represents the
significance in p values of the overlap for each region for both models and the brain.

From this table two findings stand out. Foremost, it seems that whenever there is a close to
significant or significant overlap in the left LOC, then the almost always same can be said for
the left FFA. This is across models and brain regions the case, as you can see when you
compare all the LLOC and LFFA columns with each other. Note that for rows this is of course
the same.

There are three exceptions where not all four values correspond. When comparing the AlexNet
LLOC with the human LLOC and LFFA, they are (close to) significant, but the VGG16 LFFA
is not. Furthermore, the AlexNet RLOC is significant with the AlexNet LLOC, but not with the

human regions or the other model. The last exception occurs in the Human RFFA row. There,
the model regions do not have significant overlap, but the human regions do.

For the RFFA and the RLOC this trend of overlapping results cannot be seen.

The other trend that stands out is that comparing regions with regions from the same model or
brain, always results in significant or close to significant overlap.

AlexNet | AlexNet | VGG16 | VGG16 | Human | Human | Human | Human
LLOC(4) | RLOC(6) | LFFA(2) | RFFA(5) | LLOC | RLOC |LFFA | RFFA
AlexNet | - 0.000 0.997 0.075 0.042 0.669 0.055 0.447
LLOC(4)
AlexNet | 0.000 - 0.738 0.434 0.399 0.623 0.582 0.772
RLOC(6)
VGG16 | 0.997 0.738 - 0.060 0.009 0.836 0.065 0.875
LFFA(2)
VGG16 | 0.075 0.434 0.060 - 0.027 0.604 0.061 0.266
RFFA(5)
Human 0.042 0.399 0.009 0.027 - 0.000 0.000 0.000
LLOC
Human 0.669 0.623 0.836 0.604 0.000 - 0.000 0.000
RLOC
Human 0.055 0.582 0.065 0.061 0.000 0.000 - 0.000
LFFA
Human 0.447 0.772 0.875 0.266 0.000 0.000 0.000 -
RFFA

Table 9: p value matrix of all models and brain regions. Only the most significant layer is displayed for every model region.
The number in between brackets after a model region represents which layer is used. A highlighted number means that
p<0.005. Note that some have a p value < 0.0005 and therefore are displayed as 0.000. Also note that comparing a row with a
column is that same as comparing a column with a row in this case, and as such all values occur twice.
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Event boundaries per region comparison of model results with brain results

These are the boundaries per timepoint depicted for the most corresponding layers of AlexNet
and the LOC. The overal distribution is somewhat the same, although it is noticeable that
AlexNet has less overall boundaries. Looking at the more densely packed segmentations and
the gaps left by GSBS, they only partly overlap when you compare the model with the brain.
Especially the left LOC seems to have some overlapping dense parts and gaps. For example,
from around TR 1400 to 2250 there are large gaps for the AlexNet layer, but also the brain has
quite sporadic segmentations there. Other corresponding densities and gaps can be seen around
TR 500 (dense), 650 (gap), and especially from TR 2600 until the end corresponding densities

and gaps can be seen.

Left LOC:

—— Alexnet layer 4
Brain

o 500 1000

Right LOC:

1500 2000 2500 3000 3500
Time (TR)

— Alexnet layer &
Brain

0 500 1000

1500 2000 500 3000 3500
Time (TR}

Figure 8A, B: The boundaries per time point depicted for the most corresponding layers of AlexNet with the brain region LOC
depicted in yellow and the model layer in blue. On the top is the LLOC with layer 4 depicted on the left side, which had
p=0.034 and overlap=0.047. The total amount of segmentations for AlexNet LLOC is 233, and for the brain LLOC it is 471.
Below is the Right LOC with the most corresponding layer, which is layer 6, with p=0.622 and overlap -0.005. The total
amount of segmentations for AlexNet RLOC is 306, and for the brain RLOC it is 474.
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The boundaries per timepoint depicted for the most corresponding layers of VGG16 and the
FFA. The distribution of the VGG16 segmentations is quite interesting. Almost the entire graph
is empty, while having one or two areas that are super densely packed with segmentations.

Left FFA:

— VGGL6 layer 2
Erain

o 500 1000 1500 2000 2500 3000 3500
Time (TR}

Right FFA:

— WGGI16 layer 5
Brain

o 500 1000 1500 2000 2500 3000 3500
Time (TR)

Figure 9A, B: The boundaries per time point depicted for the most corresponding layers of GSBS with the brain region FFA
depicted in yellow and the model layer in blue. On the top is the LFFA with layer 2 depicted, which had p=0.065 and
overlap=0.025. The total amount of segmentations for VGG16 LFFA is 485, and for the brain LFFA it is 479. Below is the
Right FFA with the most corresponding layer, which is layer 5, with p=0.266 and overlap 0.016. The amount of segmentations
for VGG16 RFFA is 1478, and for the brain RFFA it is 429.
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Overview of event boundaries per model or brain for all regions

In these graphs, you can clearly see that the models each have their own segmentation
distribution. Not only is the overall spread for all regions the same for each model, the gaps and
more dense parts also correspond well. For AlexNet and the human brain, some similarities can
also be spotted. For example, around the 1500 TR AlexNet has a gap that is split it in the
middle. For the human brain, you can also see a small dense region with more spare regions on
the side at the same TR. Other gaps, such as at around TR 3500 and 2800, also lead to the idea
that there is some correspondence between the AlexNet model and the brain segmentations.
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— uoc
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0 500 1000 1500 2000 2500 3000 3500
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Figure 10A, B, C: Event boundaries for each region for every model and the brain. On top is the brain, below is AlexNet and at
the bottom VGG16.
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Discussion

Looking at the results as a whole, it seems as if the VGG16 model simply fails and while the
AlexNet model performs better, it also does not live up to the expectations. However, there is
much more to say.

Foremost, the overlapping results across models and the brain of the LFFA and the LLOC, as
described above table 9, are quite perplexing. Especially so, because for the RFFA and the
RLOC this is not the case. Furthermore, the two of the three exceptions that are mentioned are
explainable by the other trend mentioned (see table 9), which is that there is high
correspondence for regions per model and the brain. This explains why in the second and in the
last row not all the LFFA and LLOC values are significant or close to significant, but only the
values that come from the same model or the brain.

Another interesting find is that the VGG16 model segmentations are not close to the brain
segmentations whatsoever, while AlexNet model segmentation are. Not only are none of the
model layers and regions significant (see figure 7), the distribution that can be seen in figure 9
and 10 is also strange. The strangeness being that the segmentations are grouped in blocks.
These blocks correspond precisely to the 8 splits in the data that GSBS ran separately on as
described in the analysis paragraph in the Methods. An explanation for these block distribution
results can that a lot of zero values were saved for the regions, thus creating sparse data. It
could be that the data from the features was so sparse that per split the amount of segmentations
fluctuates on the extremes. If there is very little data available, GSBS might make almost any
value shift a segmentation since it is so significantly different. Another option would be that it
will make almost no segmentations because there is so little data that a shift in patterns almost
never occurs. It seems as if per block of data that GSBS has run on, it fluctuates between these
two options. The extreme of almost no segmentations also seems to have occurred for the block
of TR 1330 to 1818 in the AlexNet results, as can be seen in figure 10B.

A reason as to why the data is so sparse could be due to poorly defined regions of interest,
which happened to save too many zero values. This seems likely, as the left regions
consistently perform better than the right regions. If the left regions were more well defined and
thus had more data available than the right regions, then GSBS would have been able to find
more accurate results for the left regions, which seems to be the case. This theory is also
supported by figure 10C, as you can see there that for the LFFA from VGG16 the
segmentations are more spread out, which could be due to more data being available on the
whole.

In addition to the previous findings, the most significantly overlapping layers differ across the
regions and models. An extraordinary find is that layer 2 from VGG16 for the LFFA performs
the best with a close to significant overlap. The expectation was that the final layers would
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perform the best, since they most likely corresponds the best with what the brain region is also
looking for, namely more complex features. A reason for this outlier could simply be that it is a
random result of too many tests. Since there is no multiple testing correction in place, it is
important to keep in mind that a result can also be significant just because so many tests were
done and per chance a result was deemed significant. This can also be the case for the other
significant results, but this outlier is not supported by theory. Thus making it more likely that it
is a random result. Furthermore, 6/8 model regions do have their most significant layer in the
last two layers. This supports the hypothesis that the final layers correspond better with the
brain segmentations.

As for the other hypotheses, the hypothesis that neural segmentations depend on visual input is
not supported by these results in my opinion. However, the lack of consistency in denial of the
hypothesis being the reason as to why I still think the hypothesis can be correct. As can be seen
in the results concerning AlexNet, especially for the region LLOC, there are results that point
towards the hypothesis being correct.

Another part of my hypothesis was that different tasks of the brain regions and the models
would also point towards different segmentation, even if the visual input would still be the
same. The results do not support this, but also do not give evidence against it. While there are
significant results for AlexNet with the LLOC, AlexNet is also significant for the LFFA and not
the RLOC. Furthermore, the VGG16 model is significant with the LFFA and not with the
LLOC, but the same cannot be said for the RFFA and RLOC. However, the difference based on
the task of the region or model, is most likely smaller than the difference between regions being
significantly overlapping or not. A more precise research with more consistent results is needed
before this hypothesis can be denied.

Sparse data was a problem throughout the research, leading to several adjustments on the
region coordinates and problems with model features. The current method delivered enough
data to find results, but given the results, it seems as if more adjustments on the methods are
still necessary. One more simple adjustment would be to drop the VGG16 model and instead
train an AlexNet model on face recognition. This way there is no model inconsistency that
could lead to different results across the models due to different architectures. Another
suggestion is to more carefully define the searchlights for the brain regions, such that you can
be sure the regions are well defined for the subjects and the models. At the same time, also
make sure that the searchlights do get more than enough data from the model features. This can
be done by taking an average of multiple searchlight voxels instead of taking one value per
searchlight voxel. As such, more data is used leading to less zero values that cannot be used,
while still only looking at a part of the features.
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Conclusion

To summarize, | have tried to find out if neural state segmentations in late visual regions are
directly dependent on the current visual input and if the different tasks of the visual regions
influence the segmentations. The results give some hints as to that being correct, but they are
too inconsistent. This makes it impossible to say anything in support of or against if changes in
visual features of varying complexity are related to transitions between neural states. One minor
finding that was mostly consistent and corresponds with the hypothesis, is that the final layers
find a more similar neural state segmentation than the earlier layers. Overall, a more precise
research with carefully thought out steps to get the most out of model data is needed before a
conclusion can be made.
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Appendix

AlexNet overlap measures in tables:

Left FFA:
p value overlap
Layer 1 0.489 0.003
Layer 2 0.769 -0.011
Layer 3 0.380 0.008
Layer 4 0.443 0.006
Layer 5 0.037 0.038
Layer 6 0.813 -0.015

Table 1: p values and overlap measure of comparing
the AlexNet GSBS boundaries with the left FFA
boundaries. The highlighted row indicates a p value
below 0.05. The most significant layer is also
underlined.

Left LOC:
p value overlap
Layer 1 0.710 -0.009
Layer 2 0.176 0.022
Layer 3 0.119 0.028
Layer 4 0.042 0.047
Layer 5 0.135 0.024
Layer 6 0.370 0.007

Table 3: p values and overlap measure of comparing
the AlexNet GSBS boundaries with the left LOC
boundaries. The highlighted row indicates a p value
below 0.05. The most significant layer is also
underlined.

VGG16 overlap measures in tables:

Left FFA:
p value overlap
Layer 1 0.083 0.026
Layer 2 0.065 0.025
Layer 3 0.691 -0.013
Layer 4 0.284 0.029
Layer 5 0.788 -0.013

Table 5: p values and overlap measure of comparing
the VGG16 GSBS boundaries with the left FFA
boundaries. The most significant layer is also
underlined.
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Right FFA:
p value overlap
Layer 1 0.665 -0.006
Layer 2 0.665 -0.007
Layer 3 0.578 -0.002
Layer 4 0.453 0.005
Layer 5 0.311 0.013
Layer 6 0.868 -0.022

Table 2: p values and overlap measure of comparing
the AlexNet GSBS boundaries with the right FFA boundaries.
The most significant layer is also underlined.

Right LOC:
p value overlap
Layer 1 0.920 -0.039
Layer 2 0.764 -0.020
Layer 3 0.735 -0.018
Layer 4 0.789 -0.027
Layer 5 0.972 -0.064
Layer 6 0.634 -0.005

Table 4: p values and overlap measure of comparing
the AlexNet GSBS boundaries with the right LOC boundaries.
The most significant layer is also underlined.

Right FFA:
p value overlap
Layer 1 0.669 0.001
Layer 2 0.669 -0.039
Layer 3 0.544 -0.032
Layer 4 0.482 -0.020
Layer 5 0.320 0.007

Table 6: p values and overlap measure of comparing
the VGG16 GSBS boundaries with the right FFA boundaries.
The most significant layer is also underlined.



Left LOC:
p value overlap
Layer 1 0.690 -0.007
Layer 2 0.363 0.026
Layer 3 0.892 -0.045
Layer 4 0.434 0.007
Layer 5 0.361 0.010

Table 7: p values and overlap measure of comparing
the VGG16 GSBS boundaries with the left LOC
boundaries. The most significant layer is also

underlined.
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Right LOC:

p value overlap
Layer 1 0.593 -0.003
Layer 2 0.297 0.037
Layer 3 0.278 0.040
Layer 4 0.994 -0.064
Layer 5 0.266 0.016

Table 8: p values and overlap measure of comparing
the VGG16 GSBS boundaries with the right LOC boundaries.

The most significant layer is also underlined.




