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ABSTRACT
Generative adversarial networks (GANs) generate high-dimensional
vector spaces (latent spaces) that can interchangeably represent
vectors as images. Advancements have extended their ability to
computationally generate images indistinguishable from real im-
ages such as faces, and more importantly, to manipulate images
using their inherit vector values in the latent space. This inter-
changeability of latent vectors has the potential to calculate not
only the distance in the latent space, but also the human percep-
tual and cognitive distance toward images, that is, how humans
perceive and recognize images. However, it is still unclear how the
distance in the latent space correlates with human perception and
cognition. Our studies investigated the relationship between latent
vectors and human perception or cognition through psycho-visual
experiments that manipulates the latent vectors of face images. In
the perception study, a change perception task was used to examine
whether participants could perceive visual changes in face images
before and after moving an arbitrary distance in the latent space. In
the cognition study, a face recognition task was utilized to examine
whether participants could recognize a face as the same, even after
moving an arbitrary distance in the latent space. Our experiments
show that the distance between face images in the latent space
correlates with human perception and cognition for visual changes
in face imagery, which can be modeled with a logistic function. By
utilizing our methodology, it will be possible to interchangeably
convert between the distance in the latent space and the metric
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of human perception and cognition, potentially leading to image
processing that better reflects human perception and cognition.
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1 INTRODUCTION
Face images are comprised of wide range of complicated parame-
ters and are significant visual information for humans[Valentine
et al. 2016]. To understand the mechanism of facial perception, the
concept of a multidimensional psychological space of face was in-
vestigated by using computer generated illustrations and artificial
3D faces [Blanz and Vetter 1999; Egger et al. 2019; Jozwik et al. 2022;
Valentine et al. 2016]. Recent emergence of generative adversarial
networks (GANs), including StyleGAN [Karras et al. 2019], enable
us to represent various levels of visual information features in a
high-dimensional vector space (latent space) by training data, even
with a complex distribution. By projecting visual information into
a latent vector space, we can computationally manipulate and edit
visual information [Abdal et al. 2020; Pan et al. 2021; Viazovetskyi
et al. 2020]. Among the myriad of GANs, the StyleGAN series stands
out for its ability to generate photo-realistic images that are indis-
tinguishable from real photographs at first glance. An important
property of latent space is that low-level information such as tex-
ture and high-level information such as gender, facial expression,
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Figure 1: A) A conceptual schematic of a visual information arrangement in the latent space, where a vector in manifold
representing a face image is constructed in a latent space of 18 × 512 dimensions. By interpolating the latent vectors along the
vectors connecting arbitrary points in the latent space, we can generate an intermediate face of certain faces with arbitrary
steps. B) Examples of the series of face image stimuli generated for the experiments. A face gradually morphs into another face
as the difference in the latent vector Δw increases. C) In a change perception task, after 66 ms of a visual blank, one of the four
face images is changed in accordance with Δw. Participants are asked to answer which face was changed. D) We investigated the
correspondence between the change perception (CP) rate (how many participants perceived the change) and Δw. The results of
logistic regression in CP rate clearly show the relationship between human change perception and Δw. E) In a face recognition
task, after a target pre-face is presented in a sequence, the target post-face image was presented again with the corresponding
latent vector traveled Δw from the initial presentation, i.e., the post-face would be some level of a similar face with pre-face.
Participants were instructed to press a key when they recognized a face they had seen before. F) We also investigated the
correspondence between face recognition (FR) rate (how many participants recognized it to be the same face) and Δw. The
results of logistic regression in FR rate clearly shows the relationship between human face recognition and Δw.

skin color, and posture for face images, can be represented as a
vector [Alaluf et al. 2021; Geng et al. 2020; Shen et al. 2019; Ververas
and Zafeiriou 2020]. Image manipulation by transforming the latent
vector enables new image editing in which various features and
attributes are continuously manipulated [Goetschalckx et al. 2019;
Jiang et al. 2020].

However, the relationship between latent vector manipulation
and the characteristics of human perception has been reported only
qualitatively. Then, we hypothesized that latent vector manipula-
tion correlates with human perceptual and cognitive responses.
The purpose of this study is to model the correspondence between
the distance in the latent space with the perceptual and cognitive
properties of humans. This interchangeable connection enables the
ability to estimate how another person will perceive changes and
generate images which have been altered with human perception
in mind.

To investigate our hypothesis and building upon previous re-
search that correlates trained networks with human perception and
cognitive responses [Morgenstern et al. 2020; Son et al. 2021], we
conducted visual psychological experiments using face images gen-
erated from latent vectors of GANs to measure human perceptual
and cognitive responses to visual stimuli. The experiments are as

follows; a change perception task, which is based on the change
blindness paradigm [Rensink 2005], to investigate perception and a
face recognition task, which is based on the Exposure Based Face
Memory Test [Gillian Rhodes , Andy Calder, Mark Johnson, and
James V. Haxby 2011] and image memory game [Isola et al. 2011].

Our results showed that the human response to face change
perception and cognition clearly correlates with the distance in
the latent space, which can be modeled with a logistic function.
These results contribute to providing a new metric, the correspond-
ing distance in the latent space of a visual stimuli, which can also
be represented as the perceptual and cognitive distance. In addi-
tion, and more importantly, our findings are a step towards an
interchangeable connection between a generative model with GAN
latent vectors and human perceptual and cognitive responses. This
will not only be useful for manipulating images while considering
human perceptual and cognitive distances, but will also provide a
common attribute for further cognitive science experiments.

2 RELATEDWORK
2.1 GAN as generative visual stimuli
Previous studies have revealed the relationship between human
perception and cognitive response to the distance in stimulus space
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with continuously generated visual stimulus such as colors [Luck
and Vogel 2013; Schurgin et al. 2020]. By transforming a vector in
the space, the features in an interpretable image can be smoothly
changed with a virtually infinite number of parametric proper-
ties[Geng et al. 2020; Shen et al. 2019; Ververas and Zafeiriou 2020].

Another study took advantage of GANs to continuously gener-
ate realistic images to examine the relationship between generated
images and mental representations of visual experiences in terms
of perceptual similarity and memory properties, and reported simi-
larities with previous studies obtained with simpler visual stimuli
[Son et al. 2021]. In addition to improving the quality of the images
generated by GANs, they presented a new experimental approach
to cognitive science by generating continuously changing visual
stimuli in a latent space composed of meaningful information struc-
tures [Goetschalckx et al. 2021]. The results obtained from visual
experiments based on GANs are expected to be applied to the design
of visual displays. Kasahara et al. investigate how visual change
blindness happens with GAN-based morphing continuous images,
which contributes covert visual updates without consuming users’
attention [Kasahara and Takada 2021]. However, the results were
expressed only as percentages and not as distances on the latent
space.

2.2 Latent space for human psychophysics
Previous research has proposed a methodology to show how visual
information is internally represented in a GAN generator and dis-
covered interpretable units in the network [Bau et al. 2018]. In the
training process of GANs[Karras et al. 2019], perceptual smoothness
is taken into account such as perceptual path length (PPL), which
is defined from other pre-trained Visual Geometry Group (VGG)
architecture networks [Simonyan and Zisserman 2014] trained on
ImageNet [Deng et al. 2009] classification. However, the correspon-
dence between images generated from a latent space and human
perception and cognition has been confirmed only heuristically.
While the distance in a VGG feature space was used for “percep-
tual loss” for image regression problems [Dosovitskiy and Brox
2016; Johnson et al. 2016], to reflect the human perceptual response,
Learned Perceptual Image Patch Similarity (LPIPS) was trained from
actual human responses through a psychophysical study [Zhang
et al. 2018], which outperforms all previous metrics. The aforemen-
tioned research indicates that acquiring better metrics to represent
human perception also benefits various applications.

3 METHOD
3.1 Generative adversarial network
GANs are image generation models originally developed by Good-
fellow et al. in 2014 [Goodfellow et al. 2014]. A GAN can generate
quite realistic images by training a generator and discriminator
adversarially. The number of studies of GANs is increasing year by
year, and various GAN frameworks have been proposed for a wide
variety of purposes. We used StyleGAN2, which is an improved
version of StyleGAN [Karras et al. 2019], for this research to not
only utilize the ability to manipulatew in the latent space for image
editing, but also generate images that are not easily identifiable as
changed or altered.

StyleGAN2, which is used in this research, first obtains a latent
vector w, which consists of 18 × 512 dimensional real numbers,
by passing the latent code z, which consists of 512 dimensional
real numbers, through a nonlinear mapping network. Then, by
inputting w into a synthetic network, an image is generated. Since
the synthetic network can generate an image fromw,w potentially
holds all the information of the image. w is 18 × 512 dimensions
because the StyleGAN2 synthetic network consists of 18 layers. It
is known that the image information that w differs depending on
the layer. The lower layers have more global information, such as
face shape and orientation, hairstyles, and facial expressions, while
the higher layers have more detailed information, such as color
schemes and lighting [Karras et al. 2019].

We used StyleGAN2 trained on the Flickr-Faces-HQ (FFHQ)
dataset [Karras et al. 2019] for the generation of human face images.
FFHQ is a dataset that consists of 70,000 images of human faces
with 1024 × 1024 resolution.

3.2 Measurement of human perceptual behavior
In the change perception task (Fig. 1 - C), which investigated human
perception, we focused on the perceptual visual comparison ability
to perceive visual changes after movement in the latent space as an
evaluation index. To investigate this change perception, we intro-
duced a short visual mask, which suppresses motion perception, as a
paradigm of change blindness [Rensink 2005]. In the initial process
of visual information processing, almost all visual information is
first stored in the iconic memory register, which has the character-
istic of being retained for a short period of time, approximately 300
ms [Haber and Standing 1969]. After that, the information under-
goes pattern recognition processing and is transferred to the visual
short-term memory [Atkinson and Shiffrin 1968]. In the change
blindness paradigm, since motion perception is suppressed by the
mask, which should be a cue for change perception [Kanai and
Verstraten 2004], the iconic memory can be overwritten with the
target visual information (since there is no retention gain from
attention), and thus, the change can be hardly founded [Rensink
2002; Rensink et al. 1997]. By exploiting this human perceptual
behavior, i.e., perceptual metric, the intensity of face change per-
ception independent of motion perception can be determined by
examining the CP rate (how many participants could perceive the
change) in the change perception task relative to the amount of
image change. We note here that although the flicker paradigm has
been also employed for change blindness research [Rensink et al.
1997], we employed the one-shot paradigm [Rensink 2005] for our
experiment to get a percent correct score from human responses
of participants, and to eliminate the potential strategy of directing
attention, such as ordering attention to potential options.

In our perception experiment, four face images were displayed
while participants gazed at the center of the display. After 66 ms of
a visual blank, one of the four face images is changed corresponding
to a certain distance in the latent space. Participants are asked to an-
swer which face was changed by pressing the respective key. Then,
we investigated the correspondence between the change detection
rate, in which humans perceive the change, and the distance Δw
traveled in the latent space.
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Figure 2: Overview of dataset generation procedure. Firstly, w is generated from the seed and images are generated from w
through the StyleGAN2 generator. Inappropriate images for morphing are excluded. Secondly, after filling the background of
the selected images with gray, the images are projected into the latent space (w of the image is obtained). Finally, from the pair
of ws, the intermediate sequence of ws is calculated by linearly interpolating between ws, in accordance with the formula, and
then a morphing image sequence is generated. The distance between the pair of ws differs for each pair.

3.3 Measurement of human cognitive behavior
In the face recognition task (Fig. 1 - E), we investigated the cognitive
behavior and whether the participants would recognize a certain
face as the same face after it has moved in the latent space. Our
experimental procedure was based on the Exposure-Based Face
Memory Test [Shen et al. 2019] and, in addition, the memory game
sequence used by Isola et al. [Isola et al. 2011] with some modifi-
cations for short-term memory. In the face recognition task, the
participants observed an image sequence in which a large number
of face images are presented sequentially. After presenting a target
face in the sequence, we examined whether participants could rec-
ognize the face image presented again after a temporal interval of
more than one second, with the presentation of a different face as
a destructive stimulus. When the target face image was presented
again, the corresponding latent vector moved Δw from the initial
presentation.We then investigated whether the face was recognized
as known or as a new face. Here, unlike the change perception task,
this task requires the cognitive process for a comparison of recog-
nized facial information. Based on this human cognitive behavior,

Figure 3: Change perception task for investigating perceptual
behavior.

the intensity of face recognition, including cognitive processing, i.e.,
cognitive metric, can be obtained by examining the face recognition
rate against the amount of image change that corresponds with
Δw.

Because each of the stimulus images coorespond to their respec-
tive latent vectors, it allows us to align the results of the human
responses to the image changing to the distance in the latent space.
The two tasks investigate the corresponding human perceptual and
cognitive metrics with machine-learned latent space for face images.
In our study, although the two tasks have different experimental
paradigms, we performed them using the same face image dataset
derived from the same latent space. This enables us to interpret the
correspondence of both the CP rate and face recognition rate by
Δw.

3.4 Dataset
For complete alignment of the results of human responses to image
changes with distances in the latent space, in our study, we used
realistic face image stimuli with a uniform gray background, which
corresponds perfectly to their respective ws. The overview of the
dataset generation is shown in Fig. 2.

First, random numbers were generated from a seed (natural
number), and w was generated from random numbers used as z.
StyleGAN2 uses a technique called the truncation trick to improve
the quality of images that exist in a sparse area in the latent space.

w′ = w̄ + 𝜑 (w − w̄)

w̄ indicates the center of gravity of the latent space, and the style
scale 𝜑 indicates how close w is to w̄ (w is exactly the same as w̄
at 𝜑 = 0). This trick can improve the quality of the image generated
from (w at the expense of the variety of imagery. This is because the
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Figure 4: Face recognition task for investigating cognitive behavior.

center of gravity of the latent space is dense (well learned). We set
𝜑 = 0.8. An image was generated by inputtingw′ into the synthetic
network.

The FFHQ dataset contains a myriad of images of people, includ-
ing those wearing accessories such as hats, eyeglasses, and earrings.
If these images are included in the morphing process, the acces-
sories turn out deformed, generating unnatural images. Therefore,
an open-source library [zllrunning 2019] based on a facial parsing
method [Yu et al. 2018] was used to exclude images including sun-
glasses and hats. Additionally, images that contained multiple faces,
faces occluded by hands or microphones, artifacts, flashy hair color,
and makeup were manually removed.

To prevent the participants using background imagery as con-
text clues for detecting changes or memorizing face images, the
facial parsing method was used again to create a uniform gray back-
ground. At this time, if the background or face area was divided
into multiple areas, the image was discarded.

The images were generated from w by StyleGAN2, but since the
background was filled, it was necessary to project the image back
into the latent space. For the projection, we used an open-source
library [rolux 2019]. With this re-projection process of the gray
background filled image, we can establish the interchangeability
between face images and ws.

500 images that passed the selection process were used for mor-
phing. 250 pairs were randomly selected and interpolated face im-
ages were generated for each pair. Of each pair, 31ws was calculated
in accordance with the following formula, and 31 images were gen-
erated.

w𝑛
𝑖 𝑗 = w𝑖 +

𝑛

30
(w𝑗 −w𝑖 )

w𝑖 and w𝑗 are a pair, and 𝑛 is a natural number from 0 to 30. Of the
31 ws, ws at both ends are equal to w𝑖 and w𝑗 . Within each pair,
Δws among the images were uniform. However, (Δw) changes for
each pair.

3.5 Experiment Procedure
This study was approved by our local ethics committee (Sony Group
Corporation, Application 21-F-0039). All online participants gave
their informed consent prior to participating in the study.

3.5.1 Change perception task. In the change perception task, our
objective was to investigate the CP rate (how many participants

could perceive the change) with different degrees of visual change
depending on Δw. We implemented the change perception task
in a one-shot paradigm [Rensink 2005] where participants were
instructed to report whether they noticed a change between se-
quential images. Participants started a trial by pressing ‘9’ on the
keyboard, and then four images (PRE) were displayed on the screen
with a 50 % gray background. A 50 % gray blank interval was in-
serted for 66 ms, followed by another display of four images, which
included a target image that had been visually changed (POST). The
position of the target image is randomized between the four images
to ensure that the participant is engaged in the task as designed.
The duration of the interval was set according to previous literature,
in which the detection change rate was reported to converge with
a visual blank of 66 ms or longer [Kasahara and Takada 2021]. Each
participant in 1 experiment received the same Δw, but with differ-
ent generated faces. From the aforementioned generated images,
we used w0 for the target image in PRE and w𝑛 (1 ≤ 𝑛 ≤ 30) for
the target image in POST. The PRE and POST pairs of all target face
images and filler face images were synthesized with generated ws
from unique random seed values.

Participants were instructed to press the corresponding key ‘1’–
‘4’ when they perceived a change. They were also asked to focus
on the fixation cross mark throughout all trials. Here, our main
focus here was the explicit perception of change. Considering that
previous studies have shown that an undetectable stimulus can
affect subsequent decisions in forced choice tasks [Laloyaux et al.
2008], to avoid subliminal effects of blinded images, we also asked
participants to press ‘0’ when they could not detect any change
among the four images.

3.5.2 Face recognition task. In the face recognition task, our aim
was to investigate how humans recognize an nearly identical face
even with slight visual changes depending on Δw. We implemented
the face recognition task with different degrees of visual change
based on the memory game by [Isola et al. 2013]. The participants
viewed a sequence of images, each of which was displayed for 1
second, with a 1.4 second interval between image presentations (Fig-
ure 4). The participants were then instructed to press ‘1’ whenever
they recognized a face image they had previously seen, anytime
in the image sequence. Participants received feedback whenever
they pressed a key (a green cross shown at the center of the screen
for correct detection, and a red cross is shown for an error). The
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Figure 5: Exclusion of outliers from the experimental data. Each figure shows the histogram of each evaluation index, and the
vertical dotted line shows the range of 2𝜎 . Data shown in the direction of the arrow in each graph was used for the analysis.
Each y-axis represents the number of participants.

sequence of face images comprised ‘targets’ (40 images) and ‘vigi-
lance’ (20 images) and ‘fillers’ (120+ images).

The target images are a pair of PRE and POST images (target
repeat), where the PRE image is the generated image from w0
and the POST image is the generated image from w𝑛 (1 ≤ 𝑛 ≤
30). In the image sequence, after the PRE image is displayed, the
POST image is displayed one or two images later. Our main interest
is the relationship between Δw and whether the POST image is
reaffirmed as being “recognized previously” in the image sequence.
Each participant in 1 experiment received the same Δw, but with
different generated faces.

To determine whether participants were attentive to the task, we
also included vigilance tasks using vigilance images. The vigilance
image pairs (vigilance repeats) each use the same face image for
both PRE and POST to ensure that participants are attentive to the
experiment by giving a recognition response to the POST vigilance
image. In each experiment, ten pairs of vigilance images were added.
We excluded data of participants who were not attentive to the task.

In addition to the target and vigilance image repeats, filler im-
ages are used to generate the PRE-POST spacing between each
corresponding pair. In both repeats, the post-face appears after 1
or 2 intervals of filler faces, which are also all unique. Note that the
target, vigilance, and filler images are visually indistinguishable,
since they are generated by the exact same procedure previously
described. Participants are not informed of the rules and mecha-
nisms of the experiment and are simply instructed to press ‘1’ when
presented with an image they feel to have seen previously.

3.6 Participants
We recruited 98 participants for the change perception task and 152
participants for the face recognition task through an online subject
recruitment platform (https://prolific.co/). We invited participants
who were 18 to 40 years old, had 90% or higher task approved rates
in other online tasks, and experienced at least ten online tasks, but
less than 10,000. Participants participated in change perception or
face recognition tasks. The demographics of all participants are
as follows: 42.15% self-reported females and 57.85% self-reported
males. Age was within the range of 26.3 ± 5.6. The nationalities
and current countries of residence are shown in Tables ?? and ??,
respectively.

Before beginning the main experiment, participants performed
practice trials to verify their understanding of the trial procedure.

We excluded 24 of the participants from the main analysis on the
basis of the criterion explained in the “Data preprocessing and
analysis” section (screening rate = 9.6%). All participants received
monetary compensation for their participation (1 euro).

3.7 Data preprocessing and analysis
Since we recruited participants via an online subject recruitment
platform, we strictly excluded outliers to prevent any effect from
participants with short attention spans and local optimization for
the tasks. Data selection criteria for the change perception and face
recognition tasks are as follows. change perception task (Fig. 5a):
2940 data entries (98 participants, 30 trials for each participant)
were collected. Eighty-eight data entries of Δw = 0 were excluded.
All participant trials that were outside the range of (2 𝜎) (the mean
±2 times of the standard deviation) in any one of the accuracies
(correct answer rate for the entire sequence of each participant)
were excluded. The minimum / mean / maximum reaction time was
also excluded because the accuracy criteria were applied only to
the lower limit. These criteria removed ten participants. Finally,
2560 data entries (88 participants) were obtained.

Face recognition task (Fig. 5b): 3040 data entries (152 participants,
20 trials for each participant) were collected. We excluded all data of
participants whose accuracy for filler/vigilance PREs/target PREs or
for vigilance POSTswere not within the range of 2𝜎 (both have only
the lower limit), as we deem a potential issue in the participant’s
ability to perform the experiment or the subject’s attention to the
task. Fourteen participants were excluded, and, 2760 data entries
(138 participants) were acquired.

4 RESULTS
The binary dot plots in Fig. 6 show the raw data of human responses
in the change perception (left) and face recognition (right) tasks in
a binary format. Note that all (2560 for change perception, 2760 for
face recognition) data entries are displayed in each graph. To pro-
duce the general trends of change perception and facial recognition
depending on Δw, we performed the analysis with the fitting logis-
tic function to model the relationship between human responses
and Δw. To analyze the trend of the large number of response data
with a continuous scale of Δw , we discretized a continuous Δw
value into 13 bin based on the Sturges rule.
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Figure 6: Raw data from the human response data in the change perception (left) and the face recognition (right) tasks (CP
response: change perceived = 1, not perceived = 0, and FR response: face recognized as seen = 1, not recognized = 0). The curve
shows results of logistic regression in the CP rate (left) and FR rate (right). The x-axis is the discretized Δw. The Dot plots
represent the averaged value of the change perception rate in each discretized bin value. The solid line curve shows the logistic
regression curve to model the human response 𝑅2 = 0.9185 in the CP rate (left) and 𝑅2 = 0.9183 in FR rate (right).

4.1 Change Perception Study
The left of Fig. 6 is a plot where the distance traveled in the latent
space Δw of the face image in the latent space is on the x axis, and
the averaged value of the discretized bin of the responses of the
participants (perceived change = 1, not perception = 0) is the CP rate
on the y-axis in the change perception task. As a result of logistic
regression (solid line in Fig. 6), we can observe a clear relationship
betweenΔw and the change perception rate. McFadden’s R-Squared
value, which is to assess how well a model fits the data, was 𝑅2 =

0.9185 Since the CP rate reflects the change perception in the state
where the motion perception is suppressed by the change blindness
paradigm, it was shown that Δw and the human perceptual distance
have a clear positive relationship that can be expressed by the
logistic function. In other words, being able to perceive change
more robustly indicates that the perceptual distance is longer.

4.2 Face Cognition Study
In the face recognition task, Fig. 6 (right) shows the plot with
Δw between the pre- and post-target image on the x-axis and the
discretized bin averaged value of the participants’ answers (face
recognized as seen = 1, not recognized = 0) as the face recognition
rate on the y-axis. We also performed logistic regression (solid line
in Fig. 6). As a result, we can observe a clear relationship between
Δw and the face recognition rate. McFadden’s R-Squared value was
𝑅2 = 0.9183. Since the face recognition rate reflects the recognition
of whether or not humans can recognize the same person in the face
recognition paradigm, it shows that Δw and the human cognitive
distance have a clear positive relationship that can be expressed
by the logistic function. Furthermore, the higher the inability to
recognize, the longer the cognitive distance. To be consistent with
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Figure 7: 𝑅2 values of logistic regression of each layer in face
recognition and change perception tasks.

the result of the change perception task, the face recognition rate
is reversed as shown in [1.0–0.0] in Fig. 6 (right).

Our result revealed that the perceptual distance of the face image
defined as the change perception rate and the cognitive distance of
the face image defined as the face recognition rate can be modeled
by the logistic function with the distance Δw in the same latent
space.

4.3 Additional analysis
Furthermore, we investigated the relationship between the internal
structure of the GAN’s latent vector and the human perception
and cognitive response. The latent vector is a matrix with a size of
18 × 512. Each layer has been found to contribute different visual
information [Karras et al. 2019]. Using the same data for both tasks,
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Figure 8: Two examples of image morphing from a “From”
image to a “To” image with only specific layers. Each row rep-
resents the layers in the latent vector that were interpolated:
“All layers:” 1–18, “Coarse layers:” 1–4, “Middle layers:” 5–8,
and “Fine layers:” 9–18.

we performed logistic regression with the Δw of each layer (each
respective 512-dimensional vector) and the participants’ answers
(CP rate for the change perception task and FR rate for the face
recognition task). The 𝑅2 value for each of the 18 layers for face
recognition and change perception tasks is shown in Fig. 7. Differ-
ent properties were observed in the change perception and face
recognition tasks. This result suggests that change perception and
face recognition correspond to different parts of the latent vector,
even in the same latent space.

5 DISCUSSION
In the regression error plot for each layer (Fig. 7), different trends
are observed between the change perception and face recognition
tasks. For the change perception task, the general trend is that the
lower the layer, the larger the 𝑅2 value. This means that a vector
in a lower layer has a stronger relationship with the CP rate, sug-
gesting that lower layers better express the behavior in human
change perception. StyleGAN [Karras et al. 2019] reported that the
images generated from each layer inherited different subsets of
visual aspects, such as pose or shape. We investigated the trend of
visual changes with each layer in our material (Fig 8) in which we
used StyleGAN2. It shows the clear trends that the Coarse layers
(1–4) correspond to shape and posture, the Middle layers (5–8) cor-
respond to physiognomy, and the Fine layers (9–18) correspond to
the color and texture of the face image. The fact that the Coarse and
Middle layers have latent image features that bring about greater
visual changes is consistent with the result that the 𝑅2 value in CP
was larger in those layers. Unlike CP, FR has a smaller 𝑅2 value of
the Coarse layers compared with the Middle layers, indicating that
the lower layers have a weak relationship with the FR. Since the
change in the Coarse layers contributes to the change in posture,
the change in the image is large. In addition, the Middle layers
contribute to facial identity. From these facts, it is shown that FR
does not have a strong relationship with the change in posture
but has a stronger relationship with changes in facial impression
(physiognomy). The results suggest the possibility of using the
same latent space to explain two different human visual processes
(perception and cognition). By investigating these in more detail,

we can potentially describe various human visual processes with
one common latent space.

6 LIMITATION AND FUTUREWORK
The findings of our studies focus on facial images from StyleGAN2.
However, we expect that the paradigm we conducted in this study
can be used as a general procedure to investigate the correspon-
dence between the various face generation model with latent space
and the response of human perception and cognition. As previous
research have pointed out limitations in the StyleGAN2 [Bermano
et al. 2022], where it fails in domains where strong structure is
not present, we envision that our methodology will provide the
basic means to analyze latent spaces constructed by utilizing deep
learning methods other than StyleGAN2, such as StyleGAN3 [Kar-
ras et al. 2021], and expand to related areas including 3D avatar
creation such as MetaHuman Creator Tool by Epic Games [Siddiqui
2022]. Although the face recognition task was particularly relevant
to short-term visual memory in this experiment, it is expected to
investigate the cognitive distance in long-term memory by present-
ing the same procedure with a longer interval. In addition, while
our studies are performed with face images, our proposed method
can also be applied to other images such as landscapes, animals,
objects, etc., in the case when those visual images can be described
as a latent vector.

7 APPLICATION
When image processing is applied using latent space, using our
model, it is possible to predict how humans are likely to perceive
and recognize changes depending on the amount of modification.
This allows the facial image to be modified to take into account
how it will be perceived by others. At the same time, it also allows
for accounting for how a facial image is perceived as unmodified,
and designing images utilizing this property. For example, an image
can be designed to be recognized as the same 60 percent of the time,
while changing its age or gender using the latent space of GANs
[Shen et al. 2020]. The proposed method also allows for protecting
one’s information and identity, as it allows for masking one’s true
facial identity, while still being recognizable. Recent research has
shown the usage of GAN generated face imagery to mask facial
biometrics from video conference applications that collect data,
such as Zoom [Elsden et al. 2022].

8 CONCLUSION
In this study, we investigated the correspondence between the la-
tent space generated by a GAN model and human perception and
cognition through two psycho-visual tasks. In our tasks, we mea-
sured whether a human could perceive changes in or recognize
face images. As a result, our model showed a strong relationship
between the distance between two target face images in the latent
space and human perception/cognition. The paradigm conducted
in this study can be applied as a general procedure for investigating
the correspondence between the latent space computationally gen-
erated by deep learning models and human perception/cognitive
responses.
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