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Abstract. In Human-Robot Interaction (HRI) systems, a challenging
task is sharing the representation of the operational environment, fusing
symbolic knowledge and perceptions, between users and robots. With
the existing HRI pipelines, users can teach the robots some concepts to
increase their knowledge base. Unfortunately, the data coming from the
users are usually not enough dense for building a consistent representa-
tion. Furthermore, the existing approaches are not able to incrementally
build up their knowledge base, which is very important when robots have
to deal with dynamic contexts. To this end, we propose an architecture
to gather data from users and environments in long-runs of continual
learning. We adopt Knowledge Graph Embedding techniques to gener-
alize the acquired information with the goal of incrementally extending
the robot’s inner representation of the environment. We evaluate the per-
formance of the overall continual learning architecture by measuring the
capabilities of the robot of learning entities and relations coming from
unknown contexts through a series of incremental learning sessions.

Keywords: human-robot interaction, knowledge graphs, knowledge graphs em-
beddings, continual learning, robots, knowledge base, knowledge representation

1 Introduction

In the last years, robots started leaving laboratories to enter our daily environ-
ments where they are asked to autonomously operate, often sharing the working
area with humans. To be effective in this goal, representing and storing infor-
mation in a suitable way is fundamental regardless of the specific robotic ap-
plications. In particular, this problem acquires more relevance when designing
Human-Robot Interaction (HRI) systems, since there is the intrinsic need to
make the human and the robot participants interact with each other. In order to
make this interaction successful, the robot and the human not only must be able
to communicate and understand each other, but also they should have a mutual
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Fig. 1: Complete architecture of the system: from the interaction with the user
to the deployment of learned knowledge and capabilities after long-run training.

understanding of the world they both operate in. Therefore, a shared semantic of
the environment is needed in order to make the interaction successful. In many
HRI applications, this knowledge (that is the building block on which the whole
system is built) is often embedded in the agent’s behaviour and changes from
one episode to another. A way to improve it can be through a generalization of
the knowledge that is transferred and acquired by the robot. In fact, usually, it
is very domain-dependent for the specific application of the system.

In this paper, we propose a novel architecture for acquiring knowledge from
sparse data acquisition from environments. The acquired knowledge is repre-
sented and organized to improve the completeness of the previous knowledge
base of the robot. This process leads to the creation of a resulting more exten-
sive knowledge base that is built up incrementally. The nature of the architecture
is meant to be robust to any change in the context so that it can be suitable in
several HRI applications, even if very different from each other. A major advan-
tage of the proposed approach is that, differently from previous HRI systems,
it is not necessary to modify the software architecture when the context of the
interaction changes, but it is only needed to start a new learning session that
shapes the existing learning skills of the robot. The acquisition of the data is
human-driven, and the human who collaborates with the robot is not required
to know anything about the software of the agent, nor how the knowledge is
represented, but the user just needs to share his knowledge of the world with
the robot. This process needs to take into account some aspects. First of all,
this kind of interaction is not defined over a short period of time, long-runs are
necessary to achieve good results. However, long-runs are not that common in
the HRI field, since the interactions between humans and robots happen quite
fast, and therefore this problem must be treated. Moreover, because of these
long-runs, the robot will face information that needs to be stored and effectively
processed, without forgetting acquired knowledge as the run goes on. To solve
these problems, the methodology we propose relies on Continual Learning (CL)
and Knowledge Graph Embeddings (KGEs): the former is used to deal with the
catastrophic forgetting phenomenon during incremental knowledge acquisition
sessions, while the latter is used to efficiently use the information, stored in a
Knowledge Graph (KG) database, to perform the knowledge completion. In the
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Fig. 2: Interaction with the robot before the long-run training and knowledge
acquisition. The robot still has difficulties in carrying on a correct interaction.

Fig. 3: Interaction with the robot after the long-run training and knowledge
acquisition. The robot has improved its capabilities, can correctly carry on the
interaction, and exploits it to learn new relations.

end, the knowledge of the system spans from grounded facts about the environ-
ment to more general concepts on which the system can make predictions. This
knowledge allows for several reasoning processes, based on the kind of query that
the human operator may ask: if the query is very specific (namely the human
asks for a particular object in a particular location), the robot can answer by
exploiting its experience, that is what it has detected in the past explorations;
for more general queries (namely, general objects or concepts), the robot can
answer by making predictions depending on what it has learned, so by using an
ontological scheme of the environment that it has slowly built in the past days.

2 Related Work

In order to have robots working and acting in human-shaped environments, se-
mantic mapping approaches have been studied, aiming at constructing a common
representation of the world between robots and humans [11]. To this end, there
was a growing need of representing the knowledge of the robot with appropri-
ate techniques in order to allow for faster and more precise reasoning about the
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environment the agents lived in. One particular way of knowledge representa-
tion that is demonstrated to be very effective is through triples [12], in which
objects of the worlds are linked together by some sort of relation. This way of
memorizing facts enabled the usage of a particular kind of data structure, the
Knowledge Graphs (KGs) [4], in which is it possible to represent collections of
triples as directed graphs. In those graphs, objects and entities are represented
as nodes, and relations between entities are represented as directed edges. This
representation allows for better data integration, unification, and reuse of infor-
mation since it is also easier to represent ontological structures by the use of
them. However, one of the biggest problems of KGs is that they do not scale
well with size: the bigger the graph, the harder is to navigate through it and
the harder is to make any sort of inference from it. For this reason, instead of
working directly with KGs, through the years techniques of Knowledge Graph
Embeddings (KGEs) [15] have been developed, in which KGs are transformed
into lower-dimensional representation in order to reduce the number of param-
eters of the system while also preserving the information of the graph. Another
problem in representing information with KGs is that when knowledge comes
from multiple sources, there is often the possibility of incorporating contradic-
tory pieces of information that will eventually compromise the quality of the
system (in particular during the training of the embedding). For this reason, it
is important to introduce in the process of knowledge acquisition some sort of
validation procedure, and this validation can be done by interacting with hu-
mans. In recent years, the human participant in the interaction has acquired a
bigger and bigger role in the robot’s acquisition of knowledge from the world [3]
[13], and this is because through the filtering process of a human we are able
to transfer to the robot only useful information, that can significantly improve
further reasoning processes down the interaction pipeline. Although the human
can get rid of useless information, a human-drive acquisition of knowledge needs
much time to be robust and efficient, because the data that the robot acquires
through the human can be sparse and not cohesive. For that purpose, the de-
velopment of systems capable to handle long-runs of one single experiment has
become more popular [8]. This kind of experiment allows the robot to build up
robust and dense knowledge. An interesting way to build up the robot’s knowl-
edge is doing it incrementally through human-robot interaction. Such a class of
problems has been addressed in applications focused on learning without forget-
ting [7]. These approaches typically operate in a task-based sequential learning
setup. This formulation, which is rarely encountered in practical applications
under this assumption, has been also studied in a task-free scenario [1].

3 Methodology

The proposed approach aims at making the robot able to address the multi-
relational embedding problem while incrementally building up the robot’s knowl-
edge base in a unique long-run. The goal mentioned can be subdivided into three
subtasks which are addressed at the same time: acquiring data in collaboration
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with the human, incorporating the acquired data in the infrastructure designed
for semantic mapping, improving the accuracy of the robot’s predictions by
training the model on the new data.

Fig. 4: The final task is the composition of three sub-tasks.

3.1 Acquiring and Extending the Knowledge Base

To properly build a knowledge base (KB) for the purpose of this work, we chose
to have a basic predicate represented by a triple, (h; r; t), where h is the head
entity, t is the tail entity, and r is the relation that connects the head to the tail.
A set of those triples can be suitable for Continual Learning on Knowledge Graph
Embedding. In fact, a dataset of triples can be easily split into learning sessions,
each of them comprising a portion of the data. This can be used to simulate the
fact that data are not all available at once, so in the training session n, only the
n � th portion of the dataset is given to the model, and it trains itself only on
those data. This procedure is valid, but it is assumed that even if the dataset
is not given to the model entirely, it must be known in advance in order to be
able to divide it. This is a huge constraint when dealing with real robots and
real environments for two main reasons. The first is that, when the robot is put
into an environment , the number and the type of the object in the environment
are unknown. This means that the number of predicates that the robot collects
when evolving in the environment, so the number of entities and relations of the
robot’s knowledge base, can vary. The second reason is that also the number of
tasks can vary. In fact, when the robot detects an unknown object, the system
has to take care of a new entity but also a new task. The architecture will assign
an embedding to the new entity and the next training will include also such
an entity. From a conceptual point of view, the interaction between the robot
and the human that cooperate in order to enlarge the knowledge base is shown
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Fig. 5: On the left, the process of acquiring meaningful information, composed
by 3 phases: retrieving information (A), asking for correctness (B), and updating
based on feedback (C). On the right, the workflow for a long-run execution.

in Fig. 5, on the left. In the context of Interactive Task Learning (ITL) [6], the
setup of our experiments aims at developing agents and systems that are focused
on generality across different tasks. In fact, the main focus is the ability of the
system to abstract concepts from different domains on a more general level. Our
work, which exploits embedding algorithms on the triples of a KG, adopts these
principles.

The knowledge acquisition procedure consists of three different phases, that
are chronologically consecutive. First, the objects detected using the YOLO Neu-
ral Network [14] come into the robot as simple labels, and the phase A starts.
The robot queries its KB in order to retrieve the semantic meaning of the object
detected. The semantic meaning could be also inaccurate: in fact, the more that
entity appears in the KB, the more the embedding of that entity will be precise
and, the predictions on that entity, more accurate. If there are not enough data
that grant an accurate embedding of the entity, the predictions will be incorrect.
The predictions are represented by the predicates (h; r; t) where the head entity
is the detected object, the relation is chosen randomly among all the known
relations, and the tail entity is the result of the prediction. After the generation
of the predicates, the phase B starts. Here the robot asks the human for the
correctness of the predicates by asking questions for each predicate. Communica-
tion is very important and it needs to be well-defined because misunderstanding
could provoke incorrect answers that lead to the addition of wrong data to the
KB. Since the data of the KB are not always human interpretable (”objInLoc”
stands for ”object is in Location”), according to the relation of the predicates,
the question is generated so that it is human-understandable. As soon as the
robot asks the question to the user, it waits for the user’s answer, and phase
C starts. In this phase, the user can answer positively or negatively. If the user
answers positively, it means that the robot’s prediction was correct, and the
predicate (h; r; t) is a true fact, so it can be added to the KB. If the prediction
is judged as false, the robot asks the user for the correct tail of the predicate
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(h; r; ?), where h and r are the same head entity and relation as before. Once the
user answers the robot with the correct tail entity, a new predicate is created,
and it is added to the KB. In the end, both a correct prediction and an incorrect
prediction lead to an addition of a true predicate in the KB. Moreover, when
the robot adds the predicate to its KB, it provides an implicit consensus to the
user. In this way, the user is able to know which predicate is being added to the
knowledge base, and if there is an error, the user can recover from it.

3.2 Knowledge Graph Embedding

In order to predict new predicates, we adopted the Knowledge Graph Embed-
ding (KGE) technique, which uses supervised learning models capable to learn
vector representations of nodes and edges. By definition, the objective of Knowl-
edge Graph Embedding problem is to learn a continuous vector representation
of a Knowledge Graph G which encodes vertices that represent entities E as a
set of vectors vE 2 R|E|×dE , where dE is the dimension of the vector of entities
E , and as a set of edges which represent relations R as mappings between vec-
tors WR 2 R|R|×dR , where dR is the dimension of the vector of relations. The
knowledge graph G is composed by triples (h; r; t), where h; t 2 E are the head
and tail of the relations, while r 2 R is the relation itself. One example of such a
triple is (bottle, hasMaterial, plastic). In literature, there are numerous ways of
embedding the knowledge in a knowledge graph: transitional models, rotational
models, gaussian models, and many others. However, independently on what is
the class of methods that are used, the embedding is learned by minimizing
the loss L computed on a scoring function f(h; r; t) over the set of triples in
the knowledge graph, and over the set of negative triples that are generated by
negative sampling over the same graph. For this research, the embedding model
we used is ANALOGY that represents a relation as a matrix. This model can
cope with asymmetrical relations and imposes the structure of the matrix to be
a diagonal-block matrix, to minimize the number of parameters that need to be
stored by the system.

ANALOGY In the field of KGEs, there are many numerous ways of repre-
senting the relations into lower dimensional spaces. Usually, these techniques
are grouped in families of models that describe the general principle that makes
the embedding of the information possible. For instance, translational models
(like TransE [2]) represent relationships as translations in the embedding space,
while Gaussian embeddings model also takes the uncertainty of the information
contained in a KG. Despite these models being simpler than other models, they
fail to correctly represent more complex kinds of relations (like symmetrical re-
lations), and so more advanced models are needed. For this reason, we chose
ANALOGY as our KGE model. ANALOGY is an improvement of the RESCAL
[9] model that is a tensor factorization approach able to perform collective train-
ing on multi-relational data. In this approach, a triple (h:r:t) is represented as
an entry in a three-way tensor X . A tensor entry Xijk = 1 means that the triple
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composed by the i-th and the k-th entity as, respectively, head and tail, and the
j-th relation is a true fact. Otherwise, unknown or non-existing facts have their
entry set to 0. Each slice Xk of the tensor is then factorized as Xk � ARkA

T ,
where A is a matrix that contains the latent-component representation of the
entities, while instead Rk is a matrix that models the interactions of the latent
components, and both are computed by solving the minimization problem

min
A,Rk

f (A;Rk) + g (A;Rk) (1)

where

f (A;Rk) =
1
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 X
k



Xk �ARkA
T
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!
(2)

and g is a regularization term

g (A;Rk) =
1

2
�

 
kAk2F +

X
k

kRkk2F

!
(3)

Starting from this approach, ANALOGY makes some important improvements:
it constrainsR to be a diagonal matrix (like DistMult), and it introduces complex-
valued embeddings to cope with asymmetric relations X = EWĒT (like Com-
plEx does), but most importantly it imposes analogical structures among the
representations by the means of a diagonal-block matrix (reducing the num-
ber of parameters needed by the model) by modifying the objective function as
follows

minv,W Es,r,o,y∼D‘ (�v,W (s; r; o); y)
s.t. WrW

⊤
r =W⊤

r Wr8r 2 R
WrWr0 =Wr0Wr 8r; r′ 2 R

(4)

3.3 Long-Run

The process described is robust, because allows a robot that is put in a com-
pletely unknown environment, to incrementally build a robust knowledge of it.
A completely unknown environment means that no entity or relation is present
in the KB of the robot at the beginning. Moreover, one of the advantages of
this approach is that some knowledge could be transferred to the robot. For
example, it is possible to exploit existing knowledge graph databases to give
some a-priori knowledge to the robot. In this way, the robot will learn to build
up its KB much faster. During this process, the KB of the robot evolves in the
environment, acquiring information and communicating with the human. This
approach is meant for designing a single long-run, instead of multiple short runs.
Fig. 5, on the right, shows the block scheme of such approach.

The circular block, depicting the robot and the user, wraps all the infras-
tructure responsible for enlarging the KB and communicating with the human,
which is shown in Fig. 5, on the left. The two blocks, i.e. exploration and train-
ing, are mutually exclusive. These 2 blocks are called whether or not a condition
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sess 0 sess 1 sess 2 sess 3 sess 4 sess 5

classical context on ai2thor 5 - - - - - 0.705
classical context on ai2thor 4 - - - - 0.238 0.764
classical context on ai2thor 3 - - - 0.346 0.336 0.676
classical context on ai2thor 2 - - 0.382 0.371 0.389 0.647
classical context on ai2thor 1 - 0.402 0.385 0.361 0.380 0.558
classical context on ai2thor 0 0.339 0.355 0.343 0.343 0.336 0.500

Table 1: HITS@10 of ANALOGY with Standard settings

sess 0 sess 1 sess 2 sess 3 sess 4 sess 5

classical context on ai2thor 5 - - - - - 0.569
classical context on ai2thor 4 - - - - 0.104 0.385
classical context on ai2thor 3 - - - 0.129 0.128 0.338
classical context on ai2thor 2 - - 0.136 0.127 0.130 0.322
classical context on ai2thor 1 - 0.153 0.146 0.141 0.146 0.270
classical context on ai2thor 0 0.151 0.134 0.134 0.130 0.130 0.198

Table 2: MRR of ANALOGY with Standard settings

is verified. There are three different conditions that have been implemented. The
first (shown in Fig. 5, on the right) deals with the amount of data collected by
the robot during the exploring phase. This kind of condition makes it possible
that at each learning session the robot collects the same amount of data, so the
dataset will always be balanced. The second condition deals with the battery
level of the robot. With this condition, the robot is free to explore the envi-
ronment until the battery goes under a certain threshold, so the robot comes
back to its docking station and, while recharging, it performs a training session.
The final condition only includes time. Two periods, namely day and night, are
defined. In the first one, the robot is in exploration, while in the latter, the robot
is in training.

4 Results

In the evaluation of the presented work, we would like to capture the capability
of the robot to exploits its knowledge during the process of learning whatever
the human teaches to it.

The learning procedure is built so as to recognize the entities in a certain
environment, also to learn the relations between these entities, and predict them
even when they are not explicitly mentioned by the human. The first thing that
we want to prove is that models based on the standard learning process tend
to forget what they have learned when new things to learn come. In order to
prove this, we have simulated with the TIAGo robot a situation in which it
learns from the human some information belonging to a certain context, and
then it is asked to learn other information from a different context. From a
technical point of view, this experiment consists of training the robot over 6
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Fig. 6: The Loss during the learning sessions: 0, 2, 4, 5. (The last one, in blue,
represents the training considering the last subset of the data acquired through
the proposed methodology). This shows that the trend is constantly decreasing.

learning sessions, using a dataset structure that is inspired by AI2THOR [5]. In
the first one, the dataset sess 5 ai2thor has been taken as input. Instead, for the
subsequent 5 learning sessions, the dataset sess i ai2thor with i 2 f0; 1; 2; 3; 4g
has been used. In particular, the dataset sess 5 ai2thor has been created by the
robot through the methodology described. Moreover, the model used for this
experiment is ANALOGY, and it has been developed in ”classical context”
which means that it has not been made suitable for continual learning, but it is
such as the standard model for KGEs.
The results of this experiment are showed in tables 1 and 2. The two tables show
the performances of the model in terms of HITS@10 (Hits at 10) and MRR
(Mean Reciprocal Rank). The 2 metrics HITS@10 and MRR are defined as
follows:

MRR =
1

jQj

|Q|X
i=1

1

rank(s,p,o)i

(5)

Hits@10 =

|Q|X
i=1

1 if rank(s,p,o)i
� 10 (6)

Each table must be read from the top to the bottom because the order is
chronological. In each row, there is the performance of the model (trained on
the subset i of the dataset) with respect to the other subsets. The first row of
1 for instance, shows the HITS@10 of ANALOGY which has been trained on
sess 5 ai2thor. Since it has only been trained on that subset of the dataset, it has
been evaluated only on sess 5 ai2thor. The row ”classical context on 2 ai2thor”,
shows the HITS@10 of ANALOGY which has been trained on sess 5 ai2thor,
sess 4 ai2thor, sess 3 ai2thor (previously), and sess 2 ai2thor (currently). It
means that can be evaluated on the subset sess i ai2thor where i 2 f2; 3; 4; 5g.
The model comes across the catastrophic forgetting phenomenon because, the
more it trains on subsets sess i ai2thor where i 2 f4; 3; 2; 1; 0g which contain the
same entities and relations, the less it is precise on HITS@10 on sess 5 ai2thor
whose data are unseen for all the subsequent learning sessions.

For the next experiment, the model ANALOGY is considered only with con-
tinuous context, because it proves efficient for the problem of catastrophic forget-
ting. The same dataset considered previously has been used, i.e. sess 5 ai2thor
with i 2 f0; 1; 2; 3; 4; 5g, where the partitions i 2 f0; 1; 2; 3; 4g are composed by




