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Abstract. The main goal of this paper is to propose a framework for
providing an episodic long-term memory for a robot, which includes
methods for acquiring, storing, updating, managing and using episodic
information. This will give a robot the ability to incorporate past expe-
riences when interacting with humans, so that the data that the robot
learns transcends each session, and thus gives continuity to its activities
and behaviors. As a proof of concept, the implementation of an episodic
long-term memory for the Bender robot is described. This includes the
implementation and evaluation of a behavior called Conversation, which
allows Bender to interact with people using the information stored in the
episodic memory.
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1 Introduction

A key aspect in achieving a long-term interaction and social relationship between
humans and service robots is the requirement of a memory system for the latter.
Memory constitutes an important part of a cognitive system implementation;
in fact, it is the link of prior experiences with ongoing and future behavior. As
stated by [1], a nontrivial level of social interaction requires that the robot should
be able to use both semantic and episodic information. Both, semantic and
episodic memories constitute the long-term memory. While semantic memory
is a repository for facts, such as knowing that the capital of Chile is Santiago,
episodic memory is the memory of past experiences, i.e., remembering names
and places.

The amount of information to be processed in a lifetime is vast; therefore,
efficient methods are required for acquiring, filtering, storing and updating a
robot’s episodic knowledge of its working environment. This information can be
encoded in symbolic form and held in a storage module invoking the functionality
of an episodic memory system. Episodic memory, first defined by Tulving [2],
c© Springer International Publishing Switzerland 2015
L. Almeida et al. (Eds.): RoboCup 2015, LNAI 9513, pp. 264–275, 2015.
DOI: 10.1007/978-3-319-29339-4 22



An Episodic Long-Term Memory for Robots: The Bender Case 265

refers to the memory of specific events occurring at a specific place and time and
enables human beings to remember past experiences.

In this context, the main goal of this paper is to propose a framework for
providing an episodic long-term memory for a robot, which includes methods for
acquiring, storing, updating, managing and using episodic information. This will
give robots the opportunity to incorporate knowledge of each working session
within its memory, so that the data it learns transcends each session, and thus
gives continuity to its activities and behaviors.

It must be stressed that the update of episodic information is a complex and
time-consuming process that involves the consolidation of short-term memories
into long-term ones [3]. In the case of humans this is carried out during the
sleep process, and consumes a large amount of brain resources [4]. Therefore,
the update of episodic information must be carefully designed and implemented
in the robot case.

As a proof of concept, the implementation of the episodic long-term memory
for the Bender robot is described.

The paper is structured as follows. Section 2 presents the related work.
Section 3 describes the episodic long-term memory framework. Section 4 presents
an implementation of the framework in the service robot Bender. This includes
an evaluation of a behavior called Conversation, which allows the robot to inter-
act with people using the information stored in the episodic memory. Finally,
Sect. 5 presents conclusions and future works.

2 Related Work

During the past decade there have been several approaches in implementing
episodic long-term memory in artificial systems. In 2004, Nuxoll & Laird [5]
presented an implementation of a computational model of episodic memory in
Soar [6], a cognitive architecture based on production rules. They developed a
pacman-like domain moving around a grid searching for food-points as fast as
it could, using its episodic memory to aid in selecting which direction it should
move. In 2005 Ratanaswasd et al. [7] adapted human cognitive abilities to be
used for task execution and control in their humanoid robot ISAC. With this,
the robot acquired its knowledge through learning and past experience, previ-
ously stored within memory structures and retrieved during task executions.
In the same line of work, Dodd & Gutierrez [8] connected a machine emotion
system with ISAC’s episodic memory system, this with the goal of producing
more intelligent behaviors. They tested and analyzed the system through the
explanation of a case that used a combination of emotional and statistical infor-
mation to retrieve the “correct” episode. A cognitive control architecture for an
artificial creature named RITY was presented in [9]. This architecture incorpo-
rates an episodic memory defined as a scalable structure that stores episodic
perceptual snapshots as Rity’s experience increases. This system also utilizes a
temporally variant spatial map to store spatial information and a higher-level
procedural memory using Finite State Machines. Jockel et al. [10] proposed
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EPIROME, a framework to develop and investigate high-level episodic mem-
ory mechanisms applied in the domain of service robotics, enabling their service
robot TASER to collect autobiographical memories to improve action planning
based on past experiences. A model of episodic memory for autonomous agents
and its implementation was presented by Deutsch et al. [11]. This model was
derived from theories from psychology and neuro-psychoanalysis, and their sim-
ulation showed that agents with the episodic memory adapt faster to new sit-
uations than memory-less agents. Spexard et al. [12] presented an approach
using a biologically inspired memory system consisting of short-term, scene, and
long-term memory for autonomous mobile robots operating in natural, human
centered environments, allowing robotic systems to store high level information
as gestures or objects. In their work in [13], Ho et al. proposed a memory model
for a long-term artificial companion, which migrates among virtual and robot
platforms based on the context of interactions with the human user. The long-
term memory contains episodic events that are chronologically sequenced and
derived from the companion’s interaction history, both with the environment
and the user. In [14] Winkler et al. proposed CRAMm, a memory management
system that can record comprehensive and informative memories without slow-
ing down the operation of a PR2 robot. CRAMm also offers a query interface
that allows the robot to retrieve the kinds of information stated above.

In this work we propose a simple and versatile episodic long-term memory
framework, which uses two types of memory: short-term and long-term. For any
interactive task, three simple actions are defined: acquisition, storage/update,
and retrieval of information. The retrieval of episodes is accomplished through a
simple access to the short-term and long-term memory databases. The simplicity
of this framework allows it to be applied to different types of robots.

3 Episodic Long-Term Memory Framework

The proposed framework will enable robots to acquire, filter, store, update, man-
age and use episodic knowledge of its working environment. In particular, the
robot will be able to store non-redundant information about people and objects
with which it has interacted in a database, as well as places and dates where
working sessions have been carried out, and behaviors that have been performed.

Having a long-term memory would allow a high-level behavioral system to
be created, enabling robots to interact with people in richer forms, since robots
could use previous memories of places, people, objects or performed behaviors,
enhancing the interaction and establishing long-term relationships. This memory
could be the link of prior experiences with ongoing and future behavior.

3.1 Long-Term Memory Implementation

The information that the episodic long-term memory will manage is (i) ses-
sion’s information: session’s number (session’s ID), date of start and end of
session, time of start and end of session, country and city where the session
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is carried out, and first person seen in session; (ii) information about people
with whom the robot has interacted: person’s id, person’s name and last name,
facial image, age, city of origin and country of origin (in case this information
is available); (iii) information about manipulated objects: object’s id, object’s
name and object’s picture; and (iv) information about the different behaviors
performed: behavior’s id, name of behavior, session in which the behavior is
being performed and person performing it. This information to be stored in the
memory of Bender was selected because it is the basic information needed to
establish a long-term relationship with users.

The so-called Memory Management module manages all the mentioned infor-
mation, and it decides which data is saved to the short-term memory and then to
the long-term memory, and which one is saved directly to the long-term mem-
ory (Fig. 1). The session’s number will be obtained based on the latest saved
session in the long-term memory database. The city and the country where the
session is carried out will be introduced by hand in text format before the ses-
sion starts, i.e. when the session is called. Alternatively this information can be
obtained from a GPS receiver. The date and the time of session will be obtained
from the date and time of the computer. Session information will be transferred
periodically to the long-term memory during the course of the session.

A so called Interaction module will be responsible to get the remaining
episodic information to be passed to the memory management module, and
finally transferred to the short-term memory. Person’s name, last name, and
facial image will be obtained by means of a face recognition behavior, which
searches in the long-term and short-term memory databases for faces recognized
from previous sessions and faces enrolled on the current session, respectively.
Person’s new ID will be obtained based on the latest saved new person in the
long-term memory database, for first new person seen on session, or will be
obtained based on the latest saved new person in the short-term memory data-
base. Object’s image will be obtained by an object recognition behavior, and
passed to the memory management module through the interaction module.
Object’s ID will be obtained from the long-term memory database. Alternatively,
this information can be obtained from Internet object’s databases [15,16].

Information from the short-term memory will be selected and transferred to
the long-term memory after each session. Figure 1 shows the general diagram for
the process of long-term memory information saving.

Fig. 1. General diagram for the process of long-term memory information saving.
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3.2 Information Storage and Update

A database with 10 different tables was created to store the described informa-
tion (Fig. 2). The session table stores the information about the session being
carried out, the person and imageper tables store the information about peo-
ple with whom the robot has interacted, the object and imageobj tables store
the information about manipulated objects, and the behavior table stores the
information about the different behaviors performed. The remaining 4 tables
are intended to store the connections between the previously described tables:
session person, session object, session behavior and behavior person.

Fig. 2. Database diagram.

In order to describe the storage process, four different modules are imple-
mented: Session Information, Face Information, Object Information and Behav-
ior Information. Figure 3 shows the flow diagram of the storage information
process.

– Session Information: When session starts, information of the session’s place,
the date of beginning and end, and the time of beginning and end of the
session will be saved in session table in long-term memory. The date and
time of the end of the session, as well as the first face enrolled or recognized
in session will be transferred to session table in long-term memory.

– Face Information: Whenever the robot enrolls a new face, the module will
store the person’s first name and last name, face image and session’s number
in the short-term memory. When the robot recognizes a face, the module will
store the person’s face image and session’s number in the short-term memory.

– Object Information: Whenever an object is recognized, the object’s image
and session’s number will be stored at the short-term memory.

– Behavior Information: If a behavior has been performed during the session,
the information of the session and person performing the behavior will be
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saved in short-term memory. While performing a behavior that uses the
information in long-term and short-term memory, the robot will check if
further information of the person needs to be stored (age, city and country
of origin); if so, it will ask and save the information in its short-term memory.

As already stated, it is necessary to do offline updates, where short-term
memory information must be analyzed and selected to be transferred to the
long-term memory. These offline updates will be carried on after every working
session, were data will be reviewed and information redundancy will be deleted.
Particularly, images of people or object can be saved several times per session,
resulting in excessive memory use, thereby only two images of each person and
two images of each object will transferred to the long-term memory.

Fig. 3. Flow diagram for the storage process.

3.3 Use and Management of Information

Once there is data stored in the long-term memory, the robot will be able to
retrieve it and use it in any working session. During sessions both, short-term
and long-term memory will be accessed. Long-term memory for retrieving infor-
mation from previous sessions and short-term memory for retrieving information
saved in the current session.

Different behaviors intended for human-robot interaction can be implemented,
in which the robot can retrieve information saved in the past and use it during the
interaction with the human user, as well as store new information acquired.
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4 Proof of Concept: The Bender Case

For the implementation of the proposed framework, an episodic long-term mem-
ory model has been developed and tested in the social robot Bender [17,18].
In this episodic long-term memory, data described in the previous section will
be stored. As an example of a possible behavior, in order to illustrate the con-
cept, a behavior called Conversation was created to retrieve and use the stored
information in such way to enable Bender to interact with humans.

4.1 Computational Implementation

Bender is running the ROS communication middleware [19]. Face detection is
implemented using Haar features, as explained in the work of Viola & Jones
[20]; face recognition is achieved using local binary patterns, described in the
work of Ahonen et al. [21]. The implemented face analysis module is described in
[22,23]. For object recognition, SIFT descriptors are used, as described in [24,25].
Some episodic information that Bender can acquire is requested through voice
commands, for this purpose two open source libraries are used: pocketsphinx for
speech recognition [26], and festival for speech synthesis [27].

For the storage stage, a PostgreSQL database server is used for storing and
managing the data for both short-term and long-term memory [28]. In order to
achieve real-time communication with the database server to retrieve the infor-
mation, the sql databse ROS package [29] is used. Finally, to design the behaviors
that will make use of the information stored in the episodic memory, smach [30],
a ROS-independent Python library to build hierarchical state machines, is used.

4.2 Application Example: The Starting and Conversation Behavior

When a working session starts, it is initialized the Starting behavior. The goal of
this behavior is to find people, ask them if they want to perform the last carried
out activity or just talk; it additionally saves the behavior to be performed.
Figure 4 shows the state machine for the Starting behavior.

The behavior Conversation uses the stored information and enables the robot
to recognize people from previous sessions, enroll new people and save further
information from them. During the conversation, the robot can say if he has
already been to the place where the session is occurring, he can also tell someone
he recognizes, when and where they met for the first or the last time.

When starting the Conversation behavior, Bender will search for someone to
talk with. If Bender does not find any human face, to enroll or recognize, he will
ask for someone to come close and interact with him. If he detects a face and
he is not able to recognize the person, he will ask for the name. Then, whether
meeting for the first time or recognizing a person (previously met), Bender will
announce that he is waiting for questions. He will be able to answer a series of
different questions that the person in front of him will ask. If Bender does not
hear anything from the person in front of him, he will require information he is
missing from that person in order to save it in his database. Figure 5 shows the
state machines for the Conversation behavior.
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Fig. 4. Starting behavior to begin the working session.

Fig. 5. State machine for the Conversation behavior.
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4.3 Evaluation

An evaluation of the use of the episodic long-term memory framework by means
of the Conversation behavior for interaction with Bender was carried out with
13 different subjects: 8 undergraduate students and 5 graduate students, 12 male
and 1 female, ranging 20 to 32 years old.

Before starting the tests of interaction with Bender, the long-term memory
was filled with information of 5 different persons, 4 different countries and 5
different cities were sessions were carried out, and 10 different objects. In the
test of interaction with Bender, each subject stood in front of him and began
the interaction. The first part of it was the stage of face enrolment and then face
recognition (for recognition, information of just enrolled faces was recovered from
short-term memory). After this, subjects asked some questions to Bender and
vice versa. The criterion for selection of these questions is to present information
that Bender already has in his memory and information that Bender can add to
his memory.

Questions asked to Bender by subjects:

1. Do you know <name of person>?
2. Have you ever been to <place>?
3. Do you know someone from <place>?
4. How many countries have you visited?
5. How many cities have you visited?

Questions asked by Bender:

1. Can you tell me your name please?
2. Where are you from?
3. How old are you?
4. Would you like to know the countries I have visited?
5. Would you like to know the cities I have visited?

The interaction with Bender lasted about three minutes and was carried
out in the Laboratory of Robotics of the University of Chile. After this, the
subjects answered a survey with six questions. The first four questions required
a numerical answer with values between 1 and 5, where 1 represents a very
negative opinion and 5 a very positive opinion. The last two questions required
a more open response, where subjects could express the opinion on the tested
system. The questions are the following:

1. What do you think about waiting times in the interaction?
2. What do you think about the interaction?
3. How useful do you think is a memory system for a robot?
4. How natural was for you the interaction?
5. What relevant information do you think the robot should store?
6. What improvements to the system would you propose?



An Episodic Long-Term Memory for Robots: The Bender Case 273

Table 1. Answers for questions 1 to 4 in survey.

Subject Average

1 2 3 4 5 6 7 8 9 10 11 12 13

Q 1 4 3 3 4 3 2 3 4 4 4 3 3 3 3.3

Q 2 5 4 5 5 5 3 4 5 3 4 4 4 3 4.2

Q 3 5 5 5 3 5 5 5 4 5 5 5 5 5 4.8

Q 4 4 4 3 4 4 3 4 4 4 3 3 3 2 4.5

Table 1 shows the answer for questions 1 to 4. As can be seen, waiting time
for questions and answers were the worst evaluated item (3.3 out of 5.0), and
the perception of how useful memory is for robots, was of higher importance
(4.8 out of 5.0). About interacting with the robot, subjects were comfortable
and attracted by the opportunity to talk with Bender, which it was reflected in
terms of what they thought of the interaction (4.5 out of 5.0), and naturalness
of this in the survey performed (4.2 out of 5.0).

For question number 5, subjects found important to keep information of first
name, last name, age, facial image, and place of origin of the person, as well as
date and place of interaction, which is what is being stored at the moment. Like-
wise, subjects thought that occupation or job information, tastes and preferences
of people, date of birth, relationship between people (friendship or relationship),
type of interaction performed, locations of objects, location maps, mood of peo-
ple and health problems, among others, would be useful to be stored.

For illustrative purposes, in [31] is shown a video of a user interacting with
Bender using the behavior Conversation.

5 Conclusions and Future Work

Service robots need to interact with human beings to fulfill their purpose. An
episodic memory is fundamental to achieving this objective, since long-term
memory is composed of the sum of episodes over time, and from the retrieval of
these episodes it can be built interesting and complex behaviors to achieve more
realistic interactions.

In this work a framework for providing an episodic long-term memory for
a robot is presented. This framework included methods for acquiring, storing,
updating, managing and using episodic information. This framework was imple-
mented and tested in the service robot Bender, using a behavior for human-robot
interaction, called Conversation, in order to illustrate the concept. This behavior
was created to retrieve and use the stored information in such a way to enable
Bender to interact with humans in real-time, as well as to store new information
learned during the interaction.

Interaction tests were performed with 13 different users. In these tests, the
importance of long-term memory in conversational behavior in the relationship
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between humans and service robots was evaluated, finding that people who inter-
acted with the robot could feel a greater closeness and empathy with him see-
ing that he could answer their questions satisfactorily. However, waiting time
between questions and answer in the conversation was evaluated with regular
rates (3.3 out of 5.0), and is an aspect that needs to be improved.

Test subjects found that information being currently stored in the episodic
memory is very important and they suggested further information to be stored,
such as occupation or job information, tastes and preferences of people, date of
birth, relationship between people (friendship or relationship), type of interac-
tion performed, locations of objects, location maps, mood of people and health
problems.

In future works we are going to develop a more intuitive behavior, in order to
increase the capability to maintain a more natural conversation with the users.
In the same line, waiting times between questions and answers will be lowered
to facilitate an even more natural interaction.
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