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ABSTRACT 
In this paper, we consider a problem of analyzing human 
behavioral data to predict the human cognitive states and 
generate corresponding actions of sever-agent. Specifically, 
we aim at predicting human cognitive states during meal 
time and generating relevant dining services for the human. 
For this study, we collect behavioral data using 2 kinds of 
wearable devices, which are an eye tracker and a watch 
type EDA device, during meal time. We focus on the 
characteristics of the behavioral data, which are 
heterogeneous, noisy and temporal, and suggest a novel 
machine learning algorithm which can analyze the data 
integrally. Suggested model has hierarchical structure: the 
bottom layer combines the multi-modal behavioral data 
based on causal structure of the data and extracts the feature 
vector. Using the extracted feature vectors, the upper layer 
predicts the cognitive states based on temporal correlation 
between feature vectors. Experimental results show that the 
suggested model can analyze the behavioral data efficiently 
and predict the human cognitive states correctly. 
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Cognitive modeling, Human behavioral data, Wearable 
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ACM Classification Keywords 
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INTRODUCTION 
In this paper, we consider a problem of helping 

restaurant-serving robots to learn more about the human 
and to plan and act more interactively. To achieve this 

problem, it is inevitable to understand what situation the 
customer is in. Here, we suggest a machine learning 
algorithm for modeling the customer’s behavior pattern 
using wearable sensor data. 

From early 1900s, there have widely been cognitive 
researches aiming at modeling human cognitive process 
using behavioral data. Rather using brain imaging or signal 
data, it has several advantages such as experiments for 
getting behavioral data are relatively easy and the data has 
less noise. Nevertheless, as the relationship between the 
behavioral data and the characteristic of the cognitive 
process is not clear, the behavioral data have been rarely 
used. Also the behavioral data has the weakness such as 
containing more noise rather than the brain data. 

Recently, as various wearable devices appear, more 
complicated experiments become more feasible. Because 
wearable devices help the experimenter move comfortably 
and the experimenter can wear more than two devices 
simultaneously, not only experiments in laboratory with 
strict constraints but also unaffected and compositive 
experiments out of laboratory have become feasible. 
However, there is no clear causal relationship between 
wearable sensor data and cognitive factor. Also, as the 
experimenters could move freely, the behavioral data from 
wearable device might contain severe noise.  

To overcome these problems, we suggest a novel 
machine learning algorithm which can analyze behavioral 
data from multiple wearable efficiently and correctly. The 
key idea of the suggested method is to choose a few kinds 
of data streams among whole kinds of data streams from 
multiple wearable devices.  

As experiments, we collected behavioral data in meal 
situation. To get behavioral data, two kinds of wearable 
devices are used: one is an eye tracker which collects the 
first-person video and audio signal. The other one is a 
watch-type EDA sensor which collects the user’s 
electrodermal activity, temperature and movement of wrist. 
With these five kinds of data stream from the wearable 
devices, we tried to model the cognitive process of the 
human. The cognitive process we want to find is what stage 
the user is in, e.g. choosing the menu, eating, looking for 
the server to ask something.  
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From the experimental results, we show that the 
cognitive process can be modeled with behavioral data, 
especially the suggested method dramatically improve the 
performance of predicting what the cognitive state the user 
is in.  

 

BEHAVIORAL DATASET IN RESTAURANT 
To predict human cognitive states, we collected 

behavioral data of 50 hours during a meal by using 2 
wearable devices, which are a watch-type EDA sensor and 
an eye tracker. (Figure 1) 

First, the watch-type EDA sensor, the Q-sensor made by 
Affectiva, is embedded with multiple sensors which 
measure user’s electrodermal activity, skin temperature and 
movement of wrist. An electrodermal activity (EDA), 
referred to as skin conductance, provide a sensitive and 
convenient measure of assessing alterations in sympathetic 
arousal associated with emotion, attention, and cognition. 
Also, a skin temperature and movement of wrist are 
important features for identifying user’s activity.  

The next thing, the eye tracker, Glass Smart IR made by 
Tobii, is embedded with a forward camera, a microphone 
and an infrared lamp for collecting first-person video, audio 
and gazing point data. The first-person video and audio data 
from real, dynamic environments is a novel factor for 
recognizing real-world perception of person. Also, gazing 
point data can help to analyze real-time attention, intention 
and interest of person.  

In conclusion, 6 heterogeneous stream data is collected 
for this this research: electrodermal activity, skin 
temperature, movement of wrist (3-axis acceleration), first-
person video, audio, and gazing point. Time frequency of 
each data is 16Hz, 32Hz, 32Hz, 30Hz, 30Hz, 30Hz 
respectively. Among these data stream, we used 5 streams 
(except the gazing point). And we consider the data streams 
from Q-sensor (electrodermal activity, skin temperature, 
movement of wrist) as a stream. To evaluate our model, we 
also labeled each instance with Greeting, Spot guidance, 
Natural conversation, Manu selection, Order, Food service, 
Meal, Staff call, Request to staff, Payments.  Figure 1 
shows the details of data. 

 

MODEL 
In this paper, we sugget a machine learning model which 

has hierarchical structure with two layers. The lower layer 
extracts a feature vector from multiple wearable sensor data 
stream in accordance with the causal structure within the 
data. And the upper layer temporaly classifies the feature 
vector from the lower layer into the cognitive process stage. 

 

 

Figure 1. Wearable sensor devices used in this research and 
the data specification. 

 

Lower layer: combine the feature vector 
The lower layer extracts the feature vector from multiple 

sensor data stream. The key idea of this layer is to select 
highly correlated data stream and to combine them into a 
feature vector. 

Let define the first-person video data stream, auditorial 
data stream and Q-sensor data stream in time interval 

 ,t t t   as 1 2 3
: : :, ,t t t t t t t t tO O O    . From these data 

stream, the main purpose of the low layer is to combine 

these stream as a single feature vector h


.  

To combine the multiple data streams, we adopt the 
strategy of how humans integrate the sensory information: 
sensory cue integration. Humans combine sensory cues if 
they are highly correlated to reduce the uncertainty. While, 
if they are weakly correlated, humans handle the sensory 
cues separately [4]. Inspired by the literatures about the 
sensory cue integration, we designed the method for 
combining multiple wearable sensor streams.  

In this research, we used two wearable sensor devices 
and collected 3 kinds of data: first-person video, speech, 
sensor value from Q-sensor. From these data, the lower 
layer decides which data streams are highly correlated in 
stochastic, and then combines the related data streams. 

There are 5 ways combining 3 kinds of behavioral data. 1) 

1C  : as 3 kinds of behavioral data are correlated together, 

combining all of the data  together. 2) 2 3 4, ,C C C  : as only 
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