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Abstract. Mobile devices can now handle a great deal of information thanks to 
the convergence of diverse functionalities. Mobile environments have already 
shown great potential in terms of providing customized services to users be-
cause they can record meaningful and private information continually for long 
periods of time. Until now, most of this information has been generally ignored 
because of the limitations of mobile devices in terms of power, memory capac-
ity and speed. In this paper, we propose a novel method that efficiently infers 
semantic information and overcome the problems. This method uses an effec-
tive probabilistic Bayesian network model for analyzing various kinds of log 
data in mobile environments, which were modularized in this paper to decrease 
complexity. We also discuss how to discover and update the Bayesian inference 
model by using the proposed BN learning method with training data. The pro-
posed methods were evaluated with artificial mobile log data generated and col-
lected in the real world.  

Keywords: Modularized Probabilistic Reasoning, Mobile Application. 

1   Introduction 

Mobile environments have very different characteristics from desktop computer envi-
ronments. First of all, mobile devices can collect and manage various kinds of user 
information, for example, by logging a user's calls, SMS (short message service), 
photography, music-playing and GPS (global positioning system) information.  
Also, mobile devices can be customized to fit any given user's preferences. Further-
more, mobile devices can collect everyday information effectively. Such features 
allow for the possibility of diverse and convenient services, and have attracted the 
attention of researchers and developers. Recent research conducted by Nokia is a 
good example [1]. Especially, the context-aware technique that has recently been 
widely researched is more applicable to mobile environments, so many intelligent 
services such as intelligent calling services [2], messaging services [3], analysis, col-
lection and management of mobile logs [4-6] have been actively investigated. 

However, mobile devices do present some limitations. They contain relatively in-
sufficient memory capacity, lower CPU power (data-processing speed), smaller 
screen sizes, awkward input interfaces, and limited battery lives when compared to 
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desktop PCs. In addition, they have to operate in the changeable real world, which 
means that they require more active and effective adaptation functions [7].  

In this paper, we propose a novel way of analyzing mobile log data effectively and 
extracting semantic information. The proposed method adopts a Bayesian probabilis-
tic model to efficiently manage various uncertainties that can occur when working 
with mobile environments. The proposed method uses a cooperative reasoning 
method with modular Bayesian network (BN) model in order to work competently in 
mobile environments and contains how to discover and update the modular BNs from 
training data based on the previous work [8]. 

There have already been various attempts to analyze log data and to support 
expanded services by using the probabilistic approach. Krause, et al. collected on 
mobile devices and estimated the user's situation in order to provide smart ser-
vices [9]. Horvitz, et al. proposed a method that detected and estimated landmarks 
by discovering a given human's cognitive activity model from PC log data based 
on the Bayesian approach [10]. However, these methods were not suitable for 
mobile devices that were limited in terms of capacity and power. For larger do-
mains, the general BN model requires highly complex computation. This is a 
crucial problem when it comes to modeling everyday life situations with mobile 
devices.  

To overcome these problems, a more appropriate approach was necessary. The fol-
lowing researchers have studied methods of reducing the levels of complexity. Ma-
rengoni, et al. [11] tried to reduce the complexity levels of the BN model by dividing 
it into several multi-level modules and using procedural reasoning of the connected 
BNs (just like chain inference). However, this method required procedural and classi-
fied properties of the target functions. 

Tu, et al. [12] proposed a hybrid BN model that allowed hierarchical hybridiza-
tion of BNs and HMMs. However, it supported only links from lower level 
HMMs to higher level BNs without consideration of links between same level 
BNs. They also remained the hybridization of low and high level BNs as future 
works. 

2   Landmark Reasoning from Mobile Log Data 

The overall process of landmark reasoning from the mobile log data used in this paper 
is shown in Fig. 1. Various mobile log data is preprocessed in advance, and then the 
landmark-reasoning module detects the landmarks. The preprocessing module is op-
erated by the techniques of pattern recognition and simple rule reasoning. The BN 
reasoning module performs probabilistic inference.  

We used modular Baeysian network model proposed in the prior work [8] since it 
can manage the modularized Bayesian networks. It considers the co-causality of the 
modularized BN by n-pass cooperative reasoning [8] with a virtual linking technique, 
which is performed to add the virtual nodes and regulate their conditional probability 
values (CPVs) to apply the probability of the evidence. 
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Fig. 1. The process of the landmark extraction from mobile log data 

3   Modular Bayesian Networks Modeling 

The whole procedure for the modular BN learning method is shown in Fig. 2. The 
method includes a structure learning, modularization, and parameter learning processes.  
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Fig. 2. The learning procedure of modular Bayesian networks 

3.1   Bayesian Network Structure Learning Method 

We adopted the domain-constrained BN Structure Learning method [13] for BN 
structure learning, which aims to discover the structure of the BN hierarchically with 
a constrained parent domain of nodes. The algorithm limits the hierarchical level at 
which a node can be positioned and reduces the search domain for the parent of the 
nodes. It can control the general direction of causality and decrease the searching 
complexity. In this paper, we use the algorithm to exclude the arcs between the  
 



228 K.-S. Hwang and S.-B. Cho 

Table 1. The level and domain definition 

Level Node Domain Parent Domain 
0 LM={lm1,lm2,…} D0=Φ 
1 L={l1,l2,…} D1=L∪LM 

LM is landmark set, L is log context set. 

 

evidence nodes (but we permits arcs between the landmarks.) and maintain the direc-
tion of the arcs in order to use the virtual link technique. Table 1 shows the level and 
domain settings used in this paper. 

Fig. 3 shows the proposed domain-constrained K2 algorithm, based on the K2 algo-
rithm as proposed by Cooper and Herskovits [14], which is the most popular BN 
algorithm and the basis of many advanced discovery algorithms. This algorithm 
adopts a score metric known as the K2 metric, which calculates scores based on the 
difference between the BN graph and the training data distribution. The search proc-
ess of the K2 algorithm is greedy and heuristic. 

 

Sort_nodes_by_topological_order(X, O)  
for i=1 to n do:  

iπ =Φ   // initialize the parent set 

Score[i]=g(xi, iπ )  // k2 metric score of node xi 

Continue=true 
repeat 

Z= arg maxj g(xi, iπ ∪{xj})  and  j<i  and ijx π∉  and xj ∈Dlevel(i) 

Score’[i]= g(xi, iπ ∪{xZ}) 

if Score’[i]>Score[i] then  

Score[i] = Score’[i], iπ = iπ ∪{xZ} 

else  Continue=false 

until | iπ |<MaxParentNum and Continue=true 

Fig. 3. The domain-constrained BN structure learning algorithm. Dk denotes the parent domain 
of kth level, and level(i) means level of xi and MaxParentNum is a limitation of the number of 
parents.  

The K2 algorithm uses a topological order to maintain the graph as the DAG by 
maintaining that the prior node cannot be the child of the posterior node without any 
other DAG checking rules. However, we have to optimize the topological order since 
a different topological order will have led to a different BN structure. In this paper, 
we compute the influence score of all the nodes by using mutual information [15], and 
sorted the topological order with the score. Equations (1) and (2) show the influence 
score and the mutual information calculation. 
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3.2   Automatic Modularization of Bayesian Network Structure 

The network (G) learned by the structure learning method is divided into several 
modules by the proposed modularization process as shown in Fig. 4. It contains defin-
ing the node domain set based on the module domain and the log data set, and making 
the arcs of the module BNs based on the network structure (G), and adding the virtual 
nodes based on the network structure (G).  
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Fig. 4. The modularization procedure from original network into modular BNs  

4   Experiments 

The log data used in this paper include a GPS log, call log, SMS log, picture log, 
music playing log, device charging log, and weather log obtained from a website. We 
collected data from three college students (women) with real-world smart phones for 
totally 16 days. These users performed subtasks (such as writing activity diaries, 
shopping, walking and calling) to make the data more substantial. The experimental 
data was segmented into units of ten minutes. We defined 48 landmarks and used 110 
life log contexts (as evidence). To discover the modular BNs, we divided the land-
marks into four modules based on four categories (Emotion & status, Everyday life, 
Events, School life) as shown in Table 2.  



230 K.-S. Hwang and S.-B. Cho 

Table 2. Module domain definition of landmark nodes 

Domain Landmarks 
Emotion & 
status 

bored, busy, cold, concentration, fret, hungry, joy, overflowing joy, sad, sleepy, surprising, 
throb, tired, troublesome, with leisure, yearning 

Everyday life eat (Chinese), eat (western), eat (Korean), home activity, meet family, moving, ready to go 
out, ride a vehicle, run, sleeping, supper, using vehicle, walk 

Event date with my date, drinking(alcohol), eat (tee), eat out, hair-cut, meet friend, meet kin, take 
a walk, traffic jam, weight-training 

School life employment counsel, extracurricular lecture, go to school, late for school, lecture, school 
activity, school-club activity, study, test in school 

4.1   Performance Evaluation of the Discovered BNs 

In this section, we describes the test result of the landmark extraction model using 16 
days of mobile life log data obtained by the proposed modular BN learning method. 
We set the MaxParentNum parameters (p) as 4 and 8 in the experiment. Fig. 5 shows 
the results of the landmark reasoning evaluation. Because the number of training data 
was small, we used the leave-one-out validation method. We compared the monolithic 
BN and modular BNs with the parameters p=4 and p=8. The computation of the pre-
cision rate is (TP/(TP+FP)), and the hit rate is ((TP+TN)/(TP+TN+FP+FN)), where T 
is true, F is false, P is positive, and N is negative. As shown by the results, the per-
formance of the modular BNs is similar to that of the monolithic BN. 

P: Max. Parent Size
 

Fig. 5. The comparison of landmark extraction performance 

4.2   Complexity Comparison 

\To compare the complexity for BN inference, we conducted mobile device simula-
tion. Its OS was Pocket PC 2003 and it main memory was 44 MB and it was sup-
ported by the Microsoft Pocket PC 2003 SDK toolkit. We tested 10 times of inference 
running with 20 evidences for each run. Table 3 shows the results. Unfortunately, the 
mono- BN have not run on the PDA with memory-out-error. The loading of BN file 
was available but inference was not available since it is too complex. Modular BN 
works well and it takes 4 seconds. 



 Modular Bayesian Network Learning for Mobile Life Understanding 231 

Table 3. The running results on simulation of mobile environment 

BN BN file Loading # Inference # Running Time 
Mono BN 10 10 Not Available 

Modular BNs 30 60 4 sec. 
LM is landmark set, L is log context set. 

The average number of nodes, parents, and conditional probability values and the 
level of complexity are calculated by Equation (3), which denotes the simplified time 
complexity of the exact inference of the BN using the Lauritzen Speigelhalter (LS) 
algorithm [16] that is the most popular exact inference algorithm and a junction tree-
based algorithm, where n represents the number of nodes, k represents the maximum 
number of parents for each node used in the LS algorithm [17]. We have replaced the 
maximum clique size with k, since the clique size is proportional to the parents’ size. 
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Fig. 6. The modularization procedure from original network into modular BNs  

The results show the proposed approach requires less time complexity for expres-
sion of probability distribution and inference of landmark. 

5   Concluding Remarks 

In this paper, we introduced the modularized BN model for efficient operations in 
mobile environments, and then discovered the modular BNs automatically from the 
given training data. In experimental results with the real world mobile life log data, 
we observed that the proposed method was able to reduce the level of complexity.  

However, in this paper, we did not sufficiently cover the temporal properties of 
human landmarks since we did not use a dynamic BN model but only a BN model. In 
the future, we need to continue research using a dynamic BN model that manages 
temporal features well. Also, experiments with sufficient real world data should be 
conducted for a longer period of time. 
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