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Abstract: The diameter change of pupils can reflect whether a person is watching a real or fake smile. 

Although such physiological response is different between genders, it is still possible to approximate a 

general closed-form expression for classifying real or fake smile from an observer’s pupillary response. To 

obtain accuracy and comprehensive expression, a neural network was used to construct a basic model. 

Distinctiveness angle measure, regularization and evolutionary algorithm are applied to structurally 

simplify the hidden layer and input vector. We acquired a prediction accuracy of 93% on the test set and 

formulated a general mathematical expression for predicting the category of a smile from the pupillary 

response. 
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1 Introduction 

Pupillary response is a subtle physical behavior, where its dynamic morphological characteristics can reflect some specific 

thoughts [1]. The research on discriminating real from fake smiles by pupillary response has found that the pupil size will 

have distinctly different changes when an observer is observing different smiles. The previous research focused on a 

rough law of change of pupil size for male and female using statistical techniques [1]. We further hypothesize that there 

exists a strong relationship between pupillary response and thoughts in the brain. This motivates us to find a general rule 

of pupillary response for both genders. 

The performance of a ‘complete’ smile is a dynamic manner, which means a smile needs to be stored with time-

series data [2]. Such data is usually managed with a recurrent neural network (RNN) [10]. Meanwhile, if the data can be 

compressed in either the temporal or the spatial dimension, a standard neural network (NN) is also capable of identifying 

a real smile [11]. Since we wish to distinguish the real from the fake smile directly from the change of pupil size, we take 

the continuous pupil diameter of an observer (either male or female) as input and predict whether the observer is watching 

a real or fake smile. 

The dataset collected by Hossain and Gedeon includes 20 samples of pupil size records. It includes the continuous 

pupil size of observers in 10 seconds, as a response to either a positive (real smile) or negative (fake smile) signal [1]. 

Based on a predefined sampling interval, each sample consists of 541 measured float numbers representing the diameter 

of pupil.  

One of the challenges of the prediction is that there are only 20 samples available that are recorded from 10 

participants. It leads to a problem of how to acquire accurate prediction model while reserving the generalization property 

with the limited amount of data. We follow the idea of [12] and solve this problem by compressing the time-series data, 

we also apply evolutionary method as validation for creating a close-form expression for smile classification with 

pupillary response. 

2 Main Methods  

2.1 Network architecture  

The pupillary response data consists of measured pupil diameters of 521 frames. Since the data is in one dimension, we 

selected a NN as the basic model.  
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The dataset consists of only 20 samples, so that Leave-one-out cross-validation (LOOCV) is applied for evaluating 

the performance of the model [3].  

We designed a network architecture with one hidden layer and the general expression of the prediction model is: 

𝑦(𝑥) = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑((𝑓(𝑥, 𝑤1), 𝑤2) (1) 

where 𝑤1 and 𝑤2 represent the weight and bias of the input layer and hidden layer respectively. 

2.2 Structure simplification 

In order to acquire a general analytical expression, we determined the minimal size of weight vectors 𝑤1 and 𝑤2, using 

hidden neurons pruning and input data compression.  

 

2.2.1  Neuron pruning 

Neuron pruning is about removing the redundant neurons in the hidden layer. Distinctiveness analysis is applied as it is 

an effective method for evaluating the functionality of neurons with a given input. It can also determine the redundancy 

of each neuron in a particular group [4]. Since the neuron can be considered as a linear mapping function, it means each 

element pairs in the output and the input of a hidden layer are corresponding. This implies the redundancy in the input 

vector can be determined by evaluating the output of hidden layer. In this case, one single element in an input vector will 

be assigned to be distinct and unreplaceable if its output vector is not identical with others. 

Distinctiveness angle measures the degree of similarity between two vectors [5]. Given two vectors 𝑣𝐴 and 𝑣𝐵 

with the same length, the angle between 𝑣𝐴 and 𝑣𝐵 is given by [6]: 

𝜙(𝑣𝐴, 𝑣𝐵) = cos−1
𝑣𝐴 ∗ 𝑣𝐵

‖𝑣𝐴‖ ∗ ‖𝑣𝐵‖
 (2) 

If the angle 𝜙(𝑣𝐴, 𝑣𝐵)  is less than a threshold degree value, 𝑣𝐴  can be replaced with 𝑣𝐵 . By calculating all 

distinctiveness angles among a group of vectors, the compression rate is defined as the ratio between the number of 

original neurons and the number of unreplaceable neurons.  

As the angle in a one-dimensional space can be only 0° or 180°, such angle cannot work on a vector if the vector 

is compressed to a length of one. The alternative method for dealing with such a problem is calculating the absolute 

difference. Assigning the length of �̂�𝐴 and �̂�𝐵 are 1, the numerical value of distinctiveness angle between them is: 

𝛿(�̂�𝐴, �̂�𝐵) = |�̂�𝐴 − �̂�𝐵| (3) 

2.2.2  Data compression 

Data compression is preformed since there are potentially redundant features for prediction in the data. Each sample in 

the smile dataset contains a vector with a length of 521. If a prediction model can acquire a comparable accuracy with an 

input which has less than 521 features, it means that some components in the input data are redundant. This compression 

not only saves storage and calculation resource but contributes to a concise closed-form expression of the prediction 

model. 

Weight regularization is taken for data compression. In detail, this operation involves adding a penalty term when 

calculating the loss value. In order to compress the network, we choose an L1 regularization term whose value equals the 

sum of the absolute value of all weights in one layer. By denoting the weight of the hidden layer as 𝑤𝑖, while 𝑖 is the 

number of neurons, the L1 term is: 
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L1(𝑤𝑖) = ∑ │𝑤𝑖│

𝑖

(4) 

This penalty term suppresses the magnitude of the weight of hidden neurons and forces fewer neurons to be activated 

during the training period. It has been mathematically proved that optimizing L1 regularization term results in a sparsely 

distributed weight without degrading the predicting accuracy [7]. Under this circumstance, the inactivated neurons and 

their corresponding input items can be removed. 

2.2.3 Evolutionary algorithm 

The determination of the effectiveness of a neuron is an ill-posed problem, as we estimated the degree of importance by 

observing their activation instead of quantitatively defining it. In this case, we took the evolutionary algorithm as a 

validation method for selecting the effective neurons in inputs. Unlike the training with regularization, an evolutionary 

algorithm has different searching space and it can avoid the interaction among input neurons. Therefore, it can figure out 

which input neurons are independently necessary. 

The number of input neurons is based on the number of features in our dataset. This results in a large searching space 

and makes it hard to find the global minimum. Since our dataset is a time-series data, we assume the features in one 

sample are locally related, which means one feature can represent the features closed to it. We were inspired by the idea 

of the spatial pyramid in image processing and set two stages for processing the evolutionary algorithm [9].  

The large scope searching is shown in Algorithm1. A stride 𝛅 is set for splitting the data feature F into several 

groups that represent by their median values, while an evolutionary algorithm takes this group of medians as population, 

and eliminates unnecessary medians until the testing accuracy reminds unchanging. We then treat the remaining groups 

as population and apply evolutionary algorithm again for obtaining the accurate feature. 

 

Algorithm 1. The large scope evolutionary algorithm 

Input: network model, Data features F, group stride 𝜹 

1. Split the F into 𝑲 groups based on the 𝜹 

2. Create a list m for storing the median of each group in 𝑲 

3. Take 𝒔 samples from 𝒎 as initial population, where 𝒔 < length 𝒎 

4. While test accuracy 𝒂 is decreasing: 

  Train model on the training set in 𝒔 

  Calculate 𝒂 on the testing set in 𝒔 

  Take the best two samples in 𝒔, apply crossover operation on these samples and regenerate 𝒔 samples 

2.4 Experiment details 

We conduct neuron pruning and input compression separately with independent three-layer networks.  

The neural network for neuron pruning works as a three-layer auto-encoder, which reconstructs the original data 

with a hidden layer with fewer neurons [8]. Based on our dataset, the network have 541 inputs and its number of hidden 

neurons will be dropped until the all distinctiveness angles between each pair of hidden neurons are over a predefined 

threshold angle. With a raised threshold angle, it iteratively reduces the number of hidden neurons and results in an 

increasing compressing rate. We use mean square error loss (MSE loss) to calculate the loss between the input and output 

values. 
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 In the data compression task, two networks are taken with regularization and evolutionary algorithm respectively. 

Both networks have the same input with the pruning task and have a binary output, which represents whether the input 

data is recognized as real (output = 1) or fake smile (output = 0). We use binary cross entropy loss (BCE loss) for 

computing loss value of two networks. 

Table 1 specification of networks 

 Method Inputs  Hidden Outputs  Loss 

function 

Optimizer 

Pruning  NN 541 Changing 541 MSE SGD 

Compression NN& 

regularization 

Changing 5 2 BCE SGD 

Compression EA Changing 5 2 BCE SGD 

Stochastic gradient descent (SGD) is applied to both networks for updating the weights. The default training epochs 

and learning rate are 1000 and 0.01. And 20 samples in the dataset are divided into a training set and a testing set with a 

size of 19 and 1 samples respectively. LOOCV is applied for avoiding over-fitting and improve the robustness of the test 

result. Since the testing accuracy is highly dependent on the initialization of weights, it is default that LOOCV operation 

will be taken in all experiment for 10 times and the average predicted accuracy over all samples in the testing set will be 

calculated as the critical evaluation metric. 

3 Results and Discussion 

3.1 Neuron Pruning experiment 

The table below shows a failure result of the neuron pruning with distinctiveness angle method. The error rises 

dramatically with an increasing threshold angle. This indicates the method of distinctiveness analysis is not feasible for 

pruning hidden neurons within this dataset. 

 Table 2. Distinctiveness analysis on hidden layer 

Threshold angle No. of reserved 

neurons 

Compression rate Mean absolute error / 

relative error 

None 54 10 0.04 / 0.12 

5° 31 17 0.07 / 0.51 

10° 10 54        0.17 / 1.72 

15° 7 77 0.22 / 2.46 

 

To gain a deep understanding of the reason for the failure, we collect all distinctiveness angles and sort them, as shown 

in Figure 1. We find a similar pattern of distinctiveness angle even when the number of hidden neurons is different. 

This demonstrates if we iteratively prune the hidden neurons with an increasing threshold angle, the number of these 

neurons will keep reducing. However, the proportion of redundant neurons does not change during the pruning process.  
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 Figure 1. The collection of sorted distinctiveness angles of neuron pairs with different numbers of hidden neuron outputs. 

 

3.2 Input compression experiment 

For data compression, we set a parameter of five hidden neurons in the network. For each input element, we calculate the 

sum of its neuron activation, which leads to an activation weight with the same size as the length of the input. Figure 2 

shows the summed weight for each input element. We can find the value of the neuron weight with index 200 and 467 

exceed others. It implies these two neurons are highly activated during training while the two corresponding input has a 

higher degree of importance when making the prediction.  

 

  

Figure 2. The summed weights against each input element (trained with L1 regularization) 

At the same time, the evolutionary algorithm is set up for comparison with the same network hyperparameter. For 

the larger scope searching, the 541 features are split into 54 groups. We further select the most effective input feature in 
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these ‘surviving’ groups for a smaller scope searching.  

With such settings, the model reaches a testing accuracy of 0.902 with the median of the 19th and the 48th groups. 

While the accuracy ends up being 0.912 with the 196th and the 482nd input features in the second stage. It is notable that 

the training of an evolutionary algorithm is time-consuming, as each accuracy value in Figure 3 requires training a network 

with 20-fold validation. 

 

Figure 3. The learning curve of evolutionary algorithm  

All methods above are compared together in table 3, with their average test accuracy shown. 

Table 3. The comparison between the original data and compressed data 

Method Number of inputs Accuracy 

on test set 

Time cost 

NN 541 0.932 11.91s 

NN + Regularization 2 (200th and 467th) 0.934 12.16s 

Evolution 2 (196𝑡ℎ and 482𝑛𝑑) 0.912 15426.45s 

From the result in Table3, the accuracy with a compression rate of 270 drops by 0.02 and 0.022 for employing 

regularization and evolutionary algorithm respectively. It shows that our methods effectively compress the input neurons. 

Meanwhile, since the dataset is too small, random sampling of the training set and random initialization of weight have 

excessive influence for each training. It results in different trained weights with the same parameter setting. In figure 4, 

the network is independently trained for 500 times with random initialization while all the values of 1st weight are 

recorded, such weights present a random distribution (Figure 4). We further sort the weights in order as shown in the right 

image in Figure 6, it illustrates that the 1st weight can be any value between -4 to 4 while the occurrence chance for all 

values are almost equal. 
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Figure 4. The value of the 𝟏𝐬𝐭 weights of input layer in trained 500 time with random initialization (left: original sequence, 

right: sorted sequence) 

Although the weights do not converge to a specific value, in Table2, we note that regularization and evolutionary 

algorithm have two similar pairs of weights. In this case, it is worth validating whether the selected input features consist 

of some explicit information for distinguishing fake and real smile.   

By assuming the input data with index (200,467) as the compressed data, the space of this compressed data is 

visualized in Figure5. In this figure, the fake and real smiles are split by the red line that is also considered as the 

classification boundary. Although there are some false positive samples in the Figure 5, the 200𝑡ℎ and the 467𝑡ℎ input 

data still form a linearly separable space. 

 

Figure 5. The visualization of compressed data in 2-dimensional space 

 

The parametric equation of the red line is determined by a linear SVM, and it results in a closed-form expression for 

predicting a real or fake smile. Assume the diameter of pupil is denoted by 𝑙, while 𝑙𝑛 presents the size of pupil after 

stimulated by a smile by 𝑛 seconds. The category of the smile can be determined with the following equation: 

𝑦 = 𝑠𝑖𝑔𝑛 (

𝑙
467∗

10
541

𝑙
200∗

10
541

∗ 0.449 + 0.467) 

= 𝑠𝑖𝑔𝑛 (
𝑙3.696

𝑙8.632
∗ 0.449 + 0.467) (6) 
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Here the 𝑠𝑖𝑔𝑛(𝑎) operation returns 1 if 𝑎 > 0, and returns -1 if 𝑎 < 0, where 1 and -1 represent fake and real smile 

respectively. It is notable that the index of feature in Equation 6 is scaled by the fps of the dataset. The ratio of the 

observer’s pupillary diameter 3.696 and 8.632 seconds after smile stimulation can determine whether the smile is fake. 

 

4. Conclusion and Future Work 

In our work, we develop a prediction model with a testing accuracy of 93%. We then compress the feature of samples, 

which results in an analytical expression for identifying whether an observer is watching a real or fake smile based in our 

dataset. 

For neuron pruning, the distinctiveness angle reflects the performance of neurons by comparing each vector pairs 

generated by these neurons. However, the setting of threshold angle lacks of validation, In this case, we can hypothesize 

a threshold angle might only work on a specific data space, and it is worth discovering a method for calculating the value 

of the threshold with a given dataset. At the same time, we consider performing distinctiveness angle measure after a 

global normalization over all weights could have better performance. Besides, the pruning by thresholding distinctiveness 

angle only considers the individual performance of each neuron while it would break the global feature constructed with 

multiple neurons at the same time. One alternative idea is clustering neurons and performing pruning to one neuron cluster. 

The data compression step leads to an accurate prediction model with a high compression rate. Both the performance 

of regularization and evolutionary algorithm methods result in acceptable testing accuracy, the evolutionary algorithm is 

more time-consuming. One reason is that its processing requires no gradient, which leads to an enormous time cost of 

mutation operation. At the same time, due to the limited size of our dataset, the network performance is strongly influenced 

by the initialization of the weights. Under such circumstance, we can conclude that regularization method is more suitable 

for our problem as it is more lightweight. 

The small dataset restricts the generalization of our analytical expression. Our research conclude the result in Asian, 

while a general conclusion should be based on a larger dataset.  
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