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A Temporal Bayesian Network with Application to Design of
a Proactive Robotic Assistant
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Abstract— For effective human-robot interaction, a robot
should be able to make prediction about future circumstance.
This enables the robot to generate preparative behaviors to
reduce waiting time, thereby greatly improving the quality of
the interaction. In this paper, we propose a novel probabilistic
temporal prediction method for proactive interaction that is
based on a Bayesian network approach. In our proposed
method, conditional probabilities of temporal events can be
explicitly represented by defining temporal nodes in a Bayesian
network. Utilizing these nodes, both temporal and causal information can be simultaneously inferred in a unified framework.
An assistant robot can use the temporal Bayesian network to
infer the best proactive action and the best time to act so that the
waiting time for both the human and the robot is minimized. To
validate our proposed method, we present experimental results
for case in which a robot assists in a human assembly task.

I. I NTRODUCTION
When humans assist each other, they often predict the
other’s intentions and prepare several actions for quick and
effective response to their actions. Furthermore, humans are
capable of acting proactively to assist others by predicting
their intentions before actually request assistance. In the
case of an assistant robot working in a manufacturing line
alongside human worker, the robot can predict a sequence
of the assembling tasks performed by the human, and can
therefore prepare parts and/or tools that will be required
in future. Due to these anticipations, the human worker
can receive appropriate services from the assistant robot
without explicit requests and waiting time. These temporal
predictions and proactive action selection play an important
role in fast and effective human-robot interaction [1]–[5], and
vital in many robotic applications such as assistant robots
[6]–[8] and mobile robot navgations [9], [10].
In general, robots are required to learn complex causal
and temporal relationships existing between multiple events
in real-time in order to predict human behaviors. Moreover, these relationships can change in a dynamic and nondeterministic fashion. A probabilistic method is therefore
required to make future prediction in actual robotic applications. Several researchers have proposed probabilistic
approaches to predict future events from both temporal and
causal viewpoints [11] [12]. Among these many approaches,
the dynamic Bayesian network (DBN) proposed by Dean and
Kanazawa [13] is one of the most widely known methods to
make predictions pertaining to sequential events. The DBN
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provides a method to represent and infer temporal sequences
of events by discretizing time and creating an instance of
each random variable at each point in time [14].
DBN approaches are widely used for prediction of stochastic events. However, there are several difficulties in temporally predicting human behaviors. First, a standard DBN
only works in the discrete time domain, where a uniform
time granularity is allowed. However, many real applications
require a different time granularity. For example, temporal
prediction of human behavior in sport activities requires finegrained time slice, while temporal prediction in daily life require more coarse-grained time slice. Therefore, finding the
best time granularity in various situations is difficult problem.
Second, first order Markov assumption in standard DBN
approach restricts the expressive power of DBN to modeling
exponentially distributed over time [15]; the holding times
in each state are exponentially distributed in continuous
Markov processes and geometrically distributed in discrete
Markov processes. In fact, the exponential distribution is
widely used for temporal distribution of an event because
the time between consecutive events follows the exponential
distribution under the independent assumption among events.
However, there are many kind of events cannot be modeled
as exponential distribution. For example, events related human behaviors are generally not independent. Therefore, the
exponential distribution would not be appropriate to represent
the time of conditional events related human behaviors.
Because DBNs have several limitations for representing a
temporal distribution of an event, we need alternative temporal prediction methods. In order to predict both the kind of
an future event and the time of the event simultaneously, we
proposed a temporal prediction method in a continuous time
domain by using the time as a random variable [6], which
is based on separation between the occurrence of an event
and the start time of the event. By using this approach,
both causal and temporal relationship between two events
can be represented within one framework. In this paper,
we consider a temporal Bayesian network and its inference
method that can infer the time of future events although
there are any unobserved events based on the probabilistic
temporal prediction method. Furthermore, we show that a
proactive robot assistant can infer both the best proactive
action and the best time to take the action in order to
minimize the waiting time.
The rest of this paper is organized as follows: in Section
II, we present the proposed temporal Bayesian network.
Inference in the temporal Bayesian network is discussed
in Section III. Section IV will present proactive behavior
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selection method based on the proposed temporal Bayesian
network, and experimental results follow in Section V. We
present the concluding remarks in Section VI.
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II. A T EMPORAL BAYESIAN N ETWORK
The temporal probability of an event occurring during a
specific time interval can be modeled as the joint probability
of a static random variable corresponding to the frequency of
the event and a temporal random variable corresponding to
the start time point of the event. For example, the probability
of lunch starting between 11 a.m. and 1 p.m. can be
modeled as the joint probability of two random variables:
the frequency of lunch happening every day and the start
time of lunch.
More formally, the time interval probability of an event
X = true from t1 to t2 —which has the same meaning as
the temporal probability of an event at a specific time
interval— is represented as P (X = true,t1 < TX < t2 ), where
X represents the relative frequency of an event, and TX
represents the start time of the event X.
Next, the time interval probability can be reformed by
P(X = true,t1 < TX < t2 )
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Fig. 1.

Causal and temporal relationship between two events.

distributed, the intervals of time between events can have a
regular distribution.
These time intervals can be derived from the conditional
probability of two events. Given observations of the temporal
event, X = xi and TX = tX , the temporal probability of Y = yi
from t1 to t2 can be represented as

= P (t1 < TX < t2 |X = true) P (X = true)
= P (X = true)

Z t2
t1

fX1 (tX ) dtX

(1)

where fX1 (tX ) is the probability density function (PDF) of
the temporal random variable of TX when X = true, and tX
is a value of TX . In the same way as above, the time interval
probability that an event X has the value of f alse between
time interval t1 and t2 can be defined as follows:
P (X = f alse,t1 < TX < t2 )
= P (t1 < TX < t2 |X = f alse) P (X = f alse)
= P (X = f alse)

Z t2
t1

fX2 (tX ) dtX

(2)

If an event has more than three states, its time and
frequency of occurrence is given by
P (X = xi ,t1 < TX < t2 ) = P (X = xi )

Z t2
t1

fXi (tX ) dtX .

(3)

For now, we defined the time interval probability of an
event in the absolute time domain. In practice, however, it
is difficult to identify the origin in the absolute time domain,
and therefore, it is preferable to use relative time, which is
represented as the time interval between two events.
If two events X and Y occur sequentially, there can
be a causal relationship such that X is the cause and Y
is the effect as shown in Fig. 1(b), where the doublelined circle notation represents compound random variables
with both causal and temporal probability. There is no
meaningful temporal information in the absolute time domain
as shown in Fig. 1(a); meaningful temporal information can
be found only during the time interval between two events.
Although the absolute starting time of each event is randomly

P(Y = yi ,t1 ≤ TY ≤ t2 |X = x j , TX = tX )
= P(Y = yi |X = x j )P(t1 ≤ TY ≤ t2 |TX = tX ,Y = yi , X = x j )
= P(Y = yi |X = x j )

Z t2
t1

fZk (tY − tX )dtY , (4)

where Zk is a temporal random variable of the time-interval
between TX and TY given X = x j and Y = yi 1 , and fZk is
a PDF of Zk . This causal and temporal relationships in (4)
can be represented as a hybrid Bayesian network in Fig. 1(c).
Here, we use conditional linear Gaussian distribution as the
PDF of fZk (tY − tX ).
In a hybrid Bayesian network with conditional linear
Gaussian models, a discrete node cannot have continuous
parents. Furthermore, the CPD of a continuous node is a
conditional linear Gausssian; For every combination of the
discrete parent the node is a weighted linear sum of its
continuous parents with some Gaussian noise [17].
Conditional linear gaussian in this paper is defined as
follows: Let TX be a continuous node in a hybrid Bayesian
network, U = {U1 , · · · ,UN } be its discrete parents, and TU =
{TU1 , · · · , TUM } be its continuous parents, conditional Linear
Gaussian in hybrid Bayesian network have the form
M

P(TX |U, TU ) ∼ N(wu,0 + ∑ wu,i · tUi , σu2 ),

(5)

i=1

where u and tU are a combination of discrete and continuuous states of the parents of TX . In this formula, σz2 > 0
, wy,0 and wy,i are real numbers, and wy,i is defined the
1 In [16] it was shown that the conditional PDF for two events that are
generated sequentially is given by the PDF of a random variable of the
difference between the two events.
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by P(θ ,t1 ≤ TΘ ≤ t2 |U = true, TU = tU ), where tU is the observation time of assembly-U. Here, we will use a short-term
expression of the time interval as:

assembly L

assembly U

assembly O

TΘ tt21 := t1 ≤ TΘ ≤ t2 , (7)
P(θ TΘ tt21 |u,tU ) := P(Θ = true, TΘ tt21 |U = true, TU = tU ). (8)

assembly A

Thus, the query is given by
assembly Θ

P(θ , TΘ tt21 |d,tD ) = P(θ , TΘ tt21 , d,tD )/P(d,tD ).

Fig. 2. An example of a temporal Bayesian network for a manual assembly
task.

By marginalizing unobserved random variables, the numerator and denominator are given as follows:
P(θ , TΘ tt21 , u,tU ) = ∑ ∑ P(u)P(O|u)P(A|u)P(θ |A, O)

i-th component of a vector of the samedimension as the
continuous part TU of the part variables.

O A

·

III. I NFERENCE IN T HE T EMPORAL BAYESIAN N ETWORK
To predict both the temporal and causal probability of an
event in a complex situation, we designed a novel temporal
Bayesian network using conditional temporal probabilities
as described in Section II. The probabilities of when and
whether an event occurs can be inferred from the temporal Bayesian network in a similar fashion to Bayesian
networks. In this section, we introduce inference examples
in the proposed temporal Bayesian network using temporal
marginalization.
Given a set of discrete evidences e = {e1 , e2 , · · · , eN } and
temporal evidences tE = {tE1 ,tE2 , · · · ,tEN }, probability of
an event Q = qi between a specific time interval (t1 ,t2 ) is
represented as P(Q = qi ,t1 < TQ < T2 |e, te ), which is a typical
query. For probabilistic temporal inference, all continuous
and discrete random variables that don’t belong to a query
or evidences should be marginalized in HTBN.
Thus, the query is reformulated as
P(Q = qi ,t1 < TQ < T2 |e, te ) =
Z

∑

h∈H tH

P(Q = qi ,t1 < TQ < T2 , h, tH |e, tE )dtH , (6)

where H is a set of discrete random variables for unobserved
events, and h is combination of discrete state of the random
variables. Moreover, tH is times of unobserved temporal
events. Marginalization over a continuous random variable is
obtained by the integral over the whole space of the random
variable. Therefore, TH over an infinite time range should
be given for marginalization.
Fig. 2 shows an example of a temporal Bayesian network
for an assembly task. A human worker assembles a θ -shaped
assembly using three types of bars: long bars, medium bars,
and short bars. If they start from an L-shaped assembly using
a long bar and a medium bar, two sequences are possible
to make the θ -shaped assembly. These two sequences are
modeled in the temporal Bayesian network in Fig. 2.
When assembly-U is observed, the time interval probability of assembly-θ between times t1 and t2 can be
inferred using the temporal Bayesian network model in
Fig. 2. The conditional time interval probability is given

(9)

Z Z
tO tA

P(tU |u)P(tO |O, u,tU )P(tA |A, u,tU )
· P(tΘ |θ , O, A,tO ,tA )dtS dtA

(10)

, and
P(u,tU ) = ∑ ∑ ∑ P(u)P(O|u)P(A|u)P(Θ|A, O)
·

Z ZΘ ZO A
tΘ tO tA

P(tU |u)P(tO |O, u,tU )P(tA |A, u,tU )
· P(tΘ |Θ, O, A,tO ,tA )dtS dtA . (11)

Here, random variables L and TL are conditionally independent given U and TU from network structure in Fig. 2.
Therefore, random variables L and TL can be ignored in the
inference example.
Because of U and TU is observed, distribution such as
P(tU |u) is given as a normal distrubiton with zero variance,
N(tU ;tu , 0). If U and TU is not observed, P(tU |u) is
give as a normal distribution with zero mean and infinity
variance N(tU ; 0, ∞). Other conditional distribution such as
P(tA |A, u,tU ) is given by conditional linear Gaussian as in
(5).
After marginalizing out with respect to both continuous
and discrete hidden random variables, the time interval
probability of θ between t1 and t2 given an evidence u at
tU is a mixture distribution comprising PDFs for all possible
paths from the evidence node to the query node; all possible
paths are “U → O → Θ” and “U → A → Θ”.
IV. P ROACTIVE B EHAVIOR S ELECTION
Two important issues faced in proactive action-selection
are deciding on the best proactive action to take and the best
time to perform the action in order to minimize the waiting
time by using the temporal prediction. To accomplish this,
a robot should know the best time in order to minimize the
waiting time for both the human and the robot.
If we consider a single proactive behavior, a robot must
identify the best time so that waiting time for both the
human and the robot is minimized. Fig. 3 shows an
example of a PDF for a proactive behavior given a behaviortriggering event, where Si|E is a behavior-triggering event
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(b) Human-waiting situation by proactive behavior selection.
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(c) Robot-waiting situation by proactive behavior selection.
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(d) Minimum-waiting situation by proactive behavior selection.
Fig. 3.

PDFs of proactive behavior given a behavior–triggering event.

corresponding to a behavior a given a set of evidences E,
TSa|E is a temporal random variable of the event, Ta is a
temporal random variable corresponding to the starting time
distribution of the proactive behavior related to behaviortriggering event, TEa is a random variable corresponding to
the end time of the proactive behavior, and TDa is a random
variable corresponding to the duration of the behavior. As
shown in Fig. 3(a), without temporal prediction, a behavior
will be executed immediately after the behavior-triggering
event is presented. In this situation, the person waits until
the behavior of the robot is finished. If the robot starts
the behavior early, as shown in Fig. 3(b), the waiting time
may decrease. However, if the robot starts the behavior too
early, as shown in Fig. 3(c), the robot waits until the person
requests a part. The best time for the proactive behavior to
be performed is when the waiting time of both the human
and the robot is minimized, as shown in Fig. 3(d).
The waiting time is defined by the difference between the
start time of an action-triggering event tSa|E and the end time
of an action tEa as in the following:
tWa = tSa|E − tEa = tSa|E − tBa − tDa .

tHw fTHw (tHw )dtHw .

(13)

The best time for performing the proactive action is
calculated by minimizing the expectation, E[THw ]. Using
only a Gaussian function and a Dirac delta function for
the PDFs, the expectation for the waiting time is given by
µSa − µBa − µDa .
Considering a single proactive action, the best time of the
proactive action can be easily obtained. However, to select
the best proactive action among many candidates, a criterion
is required to compare the usefulness of each proactive
actions in terms of several properties: the importance of the
action in relation to the priority of an action-triggering event
corresponding to the action, the probability of the occurrence
of the action-triggering event, the waiting time of both the
human and the robot, and the cost of the proactive action. To
compare the usefulness of actions per a criterion, we define
a temporal payoff function corresponding to these properties
given by

(a) Behavior selection immediately after behavior-triggering event.

fTBa t Ba

−∞

(12)

In this situation, the person would wait for the robot to
serve them. The waiting time of the person is given by
tHw = tEa − TSa . The expectation of the waiting time of the

−∞

Φ(tWa ) · fTWa (tWa )dtWa ,

(14)

where fTWa (tWa ) is the PDF of waiting time of both the
human and the robot, and Φ(tWa ) is the probability weighting
function for the PDF of the waiting time.
In this paper, we use a standard normal distribution as
the temporal payoff function to minimize waiting time since
the temporal payoff has several characteristics which are as
follows:
• If the waiting time is zero, the temporal payoff is at a
maximum.
• If the waiting time increases, the temporal payoff should
decrease.
• If the waiting time is infinite, the temporal payoff of the
waiting time is zero.
V. E XPERIMENTS
To evaluate our proposed temporal Bayesian network,
we performed experiments that involved a human-robot
cooperative scenario, in which a person has to make a θ shaped assembly using three types of bars and two types
of parts. There are two methods for combining two bars
using one part: The first method is to combine the middle
of a bar and the end of a bar using a T-shaped part, and the
second approach is to combine the ends of two bars using
an L-shaped part. Combining these two methods, various
assemblies can be made.
As shown in Fig. 5(a), a person picks up a bar on the
left side of the workspace and makes an assembly. When
the person requests an L-part or T-part, a robot with a 5
degree of freedom (DOF) arm hands the part to the person.
To provide the right assistance at the right time, the assistant
robot has to know the progress of the assembly task in the
workspace. Therefore, top down view cameras are mounted
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Illustration of human-robot cooperation task and the experimental

above the workbench. Shape and texture-based visual object
recognition software is used for detecting the assembly.
There are many possible sequences to construct a θ -shaped
assembly using three types of bars and two types of parts.
Fig. 5(b) shows the two typical sequences used to make the
assembly: the L-sequence and T-sequence. Fig. 6 shows the
TBN model of the scenario. We provide random variables to
represent the assembly types, such as AT , AL, AU, AH, AA,
and Aθ . For example, AT indicates a T -shaped assembly.
In the experiment, an assistant robot delivers T-parts or
L-parts just at the point when it is predicted that the person
will request the part. In other words, the robot has to predict
both the time and type of future event such as requesting a
part, and has to provide the appropriate part depending on the
predicted behavior-triggering event before the person actually
requests it. After the person picks up the bars, the person
will then order a T-part or an L-part to combine the two
bars. The events of order-T or L parts are also classified as
different events as follows: Order-1st-L-part, Order-2nd-Lpart, Order-3rd-L-part, Order-4th-L-part, Order-1st-T-part,
and Order-2nd-T-part.
In this experiment, the robot must anticipate the types
of parts and the timing of requests using the TBN and the
proactive behavior selection method. To model the TBN in
Fig. 6, CPTs and PDFs must be provided for the inference
of causal and temporal probabilities. Therefore, we collected

Modeling data for the Bayesian network.

time interval data between events for every trial, such as the
time interval between Assembly-T and Assembly-H. Each trial
is terminated when the human successfully makes a θ -shaped
assembly. We made Conditional Probability Tables (CPTs)
by determining the frequencies of conditional events, and
deduced the PDFs for the temporal intervals of conditional
events for every trial, in which the mean and variance of
the Gaussian distribution were computed. We performed a
demonstration in two ways as shown in Fig. 6: T-sequence
and L-sequence. With this causal and temporal data, a
proposed TBN is constructed.
Moreover, the durations of the behaviors, preparing-Lpart and preparing-T-part, are given by a normal Gaussian
distribution with N(19, 0.2) and N(18.5, 0.3), respectively.
By temporally predicting behavior-triggering events,
order-T-part and order-L-part, a robot can select the best
proactive behavior and the best time to perform the behavior,
given temporal evidence. To illustrate proactive behavior
execution effectively, Fig. 7 shows a temporal diagram of
the T-type assembly sequence, including the times of events,
the start times and the end times of the behaviors.
Fig. 7(a) shows a temporal diagram of events and behaviors that occur when no proactive behavior is used for
the assistant robot. In this case, the assistant robot starts
delivering a part only after the person requests it. As a result,
the person will have to wait until the assistant robot finishes
a delivery behavior. The averaged task-execution time is
6min 20s for this situation. Fig. 7(b) shows an averaged
temporal diagram of events and behaviors that occur when a
proactive assistant robot is involved. The proactive assistant
robot predicts the kinds of parts that will be requested and
the times at which they will be requested, and therefore,
can prepare the required part even though the person has
not yet requested the part. As a result of these proactive
behaviors, the averaged task-execution time is 4min 10sec.
To verify the effectiveness of our proposed prediction and the
behavior selection methods, we compared the task execution
time with proactive assistance and on-demand assistance.
The task execution times and improvement ratios are shown
in Table I. We can see that there is a 33% improvement in
the task execution time when the proposed proactive behavior
selection method is used.
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results show that the proposed method decreases the total
task execution time by anticipating preparatory actions via
the prediction of human behaviors.
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VI. C ONCLUSION
In this paper, we have proposed a novel temporal Bayesian
network for human-robot interaction, where an assistant
robot proactively delivers a part just when it is predicted
that a person request that part. Our key contribution is
that our proposed model is able to infer both causal and
temporal probability using a single framework by explicitly
representing time as a random variable. Employing temporal prediction of human behavior based on the proposed
temporal Bayesian network, a robotic assistant can infer
the best proactive behavior to assist a person and the best
time to perform the proactive behavior. Our experimental
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