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ABSTRACT   

Pareidolia is the psychological tendency of perceiving non-facial objects as faces. The pareidolia test utilizes this 

tendency for diagnosis, to identify patients suffering from Lewy body dementia. A typical symptom of Lewy body 

dementia consists of visual-hallucination of non-existing individuals, which can be created artificially by pareidolia 

stimuli. No research has been conducted on how dementia progression relates to the pareidolia test, primarily because it 

is difficult to systematically generate test stimuli with different strengths of pareidolia-inducing power. To overcome this 

difficulty, we utilize the cycle-consistent adversarial networks (CycleGAN). Two loss functions are associated with 

CycleGAN. In this paper, the influence of the weight of one of the CycleGAN loss functions, the “cycle consistency 

loss”, is investigated. The results demonstrate that, as expected, there are systematic differences in inducing pareidolia-

like facial perception. 
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1. INTRODUCTION  

Pareidolia is the psychological tendency to perceive non-facial objects as faces. Specifically, stimuli that have features 

interpretable as eyes and mouth can cause pareidolia, as shown in Fig. 1. The human brain is tuned extra sensitively to 

facial stimuli because of their social significance. Indeed, human responses to face or face-like stimuli are known to be 

fast and effortless. Pareidolia has been widely investigated in neuroscience and neuropathology. Various 

neuropathological diseases have been associated with pareidolia. For example, patients suffering from Lewy body 

dementia have more pareidolia reactions than patients suffering from the other forms of Alzheimer’s disease. Based on it, 

the “Pareidolia test” [1] has been developed as a method to distinguish patients suffering from Lewy body dementia. 

From this reason, the pareidolia-inducing power is important. However, the pareidolia-inducing power of the diagnosis 

stimuli has not been systematically examined, nor quantitatively designed. No studies have been conducted to evaluate or 

to quantify the pareidolia-inducing power of those stimuli. Therefore, a systematic generation method using the 

pareidolia-inducing power needs to be established. This study aims to systematically generate, and to evaluate such 

stimuli with graded strength of facial perception, using CycleGAN [2], an image translation framework from unpaired 

datasets. 

   

Fig. 1 Pareidolia illustration. Left: upper 2 circles correspond to the eye features and lower circle corresponds to the 

mouth feature. Right: face-like texture on surface of tree (hidden picture type). 
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Fig. 2 CycleGAN framework. 

 

2. METHODOLOGY 

2.1 CycleGAN 

CycleGAN is a model based on generative adversarial networks (GANs) [3] to solve image-style translation problems 

from the source image style to the target image style. CycleGAN learns unpaired data sets, such as pictures and paintings. 

In this study, we used face and natural scene datasets in order to generate "hidden picture" like stimuli with varying 

inducing power of facial perception. To this end, we applied CycleGAN as a systematic pareidolia stimuli generation 

methodology. 

Pix2Pix [4], a model to solve image style translation problems from paired data sets, such as edges and paints, was 

invented before CycleGAN. Pix2Pix can translate between paired image datasets. There are few available paired 

datasets; CycleGAN overcomes this problem. CycleGAN has two types of networks based on GANs, the generator and 

discriminator, as shown in the framework in Fig.2. The generator has an image-translation function and aims to learn the 

translation mapping of an input image into another image dataset style. The discriminator has an image-discrimination 

function. The discriminator aims to determine whether an input image is generated by a generator with high accuracy. 

CycleGAN enables translation between unpaired datasets using cycle consistency loss as detailed below. 

2.2 Loss functions 

The CycleGAN objective function consists of two types of loss functions. One is referred to as “adversarial loss”. This 

function is based on GANs, formulated as the network performance on one of the datasets. For each data set, the 

generator aims to generate a style similar to another data set, and the discriminator aims to distinguish a generated image 

and a real image with high accuracy. 

Another loss function is referred to as the “cycle consistency loss”. The cycle consistency loss represents the difference 

between the original image and the twice-translated image, which is, the original image regenerated from the domain of 

the first translated image. This loss function is utilized to increase the reliability of mapping bidirectional style 

translation.  

The objective function is the summation of the adversarial loss and cycle consistency loss multiplied by the weight 

represented by λ. This formulation is expressed as follows, and detailed at Sec. 3.2 in the original paper [2]: 

Objective function = Adversarial loss +λ×Cycle consistency loss.                                       (1) 

The generation results are affected by the manipulation λ. Particularly, we hypothesized that the original strong feature 

(edge) is directly affected. These features are related to the features of pareidolia. Therefore, pareidolia stimuli can be 

generated using this method. Thus, a larger λ is expected to generate a stronger pareidolia-inducing power. 

2.3 Data sets 

Pareidolia stimuli consist of a face part and other regions (natural scene, irregular patterns, etc.). In this study, we aim to 

generate pareidolia stimuli embedded in a natural scene. We used a face dataset and a natural scene dataset. The face 

dataset contains images extracted from the face region using haar-like features from WIDER FACE [5]. The natural 

scene dataset is ground category images collected from Flickr. Training images were cropped randomly to fit the 

generator input. Each dataset consisted of 100 images. 
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3. EXPERIMENT 

We trained the CycleGAN model using the datasets described in Sec. 2.2. The training iteration number was 1000. We 

examine the results while manipulating λ. Cycle consistency loss has two types λ: a difference between an image from 

dataset A and translated image (A→B→A), and conversely, different images from dataset B and translated images (B→

A→B). In this study, CycleGAN trained the same λ value. After training, we utilized test face images, with the 

exception of the training face dataset. 

4. RESULTS 

The input image is shown in Fig. 3, and the generated results are shown in Figs. 4, 5, and 6. 

Naive phenomenological observations of these images confirm that the face feature is different by manipulating λ. 

Additionally, the greater the λ value, the stronger the face features. From Figs. 4 and 5, generation results were similar 

color and texture pattern with any input face image. In the case of Fig. 6, generation results were different pattern. 

Therefore, different color patterns were generated at large λ values. 

Further, in all results, the face contour was remained strongly, because background is included in input images. Also, 

contrast of face affects these generation results. About contrast of the face, right one's contrast was the weakest in Fig. 3. 

In all results, the face features of right generation results were weaker than other generation results. 

            

Fig. 3 Input images. These images are inputted to each model trained by different values. 

           

Fig. 4 Generation images on λ equals 5. 

          

Fig. 5 Generation images on λ equals 10. 
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Fig. 6 Generation images on λ equals 20. 

5. DISCUSSION

The generation results demonstrate that these images have both facial and natural scene features. Moreover, the results 

have different face feature strengths depending on the manipulation λ. 

However, some problems remain. First, the face contours remain strongly, and the face contour color is different from 

the background or other features. Therefore, some processes, such as the blur process, attempt to train images to decrease 

the influence of other features. Also, the face contrast affected generation results. Another approach is to implement 

geometric consistency. The eyes and mouth features are important for pareidolia stimuli. We plan to design the 

geometric loss to focus on the pareidolia stimuli structure. 

Second, we will experiment psychophysically using the generated results. Pareidolia is a psychological tendency of 

humans. Therefore, we will study and analyze the qualitative results. Additionally, we will evaluate the difference 

between the generation results and existing pareidolia stimuli and aim to increase performance such as using amazon 

mechanical turk (AMT). If one cannot find faces in the images in Fig. 6, then the opposite diagnostic suspicion can be 

raised; i.e. prosopagnosia. 
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