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Abstract— For robots to perform assistive tasks in unstruc-
tured home environments, they must learn and reason on the
semantic knowledge of the environments. Despite a resurgence
in the development of semantic reasoning architectures, these
methods assume that all the training data is available a priori.
However, each user’s environment is unique and can continue
to change over time, which makes these methods unsuitable
for personalized home service robots. Although research in
continual learning develops methods that can learn and adapt
over time, most of these methods are tested in the narrow
context of object classification on static image datasets. In this
paper, we combine ideas from continual learning, semantic
reasoning, and interactive machine learning literature and
develop a novel interactive continual learning architecture for
continual learning of semantic knowledge in a home environ-
ment through human-robot interaction. The architecture builds
on core cognitive principles of learning and memory for efficient
and real-time learning of new knowledge from humans. We
integrate our architecture with a physical mobile manipulator
robot and perform extensive system evaluations in a laboratory
environment over two months. Our results demonstrate the
effectiveness of our architecture to allow a physical robot to
continually adapt to the changes in the environment from
limited data provided by the users (experimenters), and use
the learned knowledge to perform object fetching tasks.

I. INTRODUCTION

Significant advances in key robotics technologies, such as ob-
ject recognition and object detection [1], [2], robot navigation
and localization [3], [4], robot scene understanding [5], and
semantic reasoning [6], have enabled home service robots
to perform daily tasks in household environments. To be
able to plan and perform tasks in an unstructured home
environment, the first step is for the robot to understand
the environment i.e. objects (e.g. cup, bottle), contexts (e.g.
kitchen), and semantic relations between objects and contexts
(e.g. cup is in a cupboard in the kitchen). However, each
user’s environment can be unique, and it can continue to
change over time, e.g. a user might replace old objects with
new ones, or change objects’ locations. In such dynamic
environments, developing general-purpose robots might not
be the best solution, instead, a personalized approach [7] to
developing home service robots might be more appropriate,
where these robots can interact with their users to learn about
their unique environments. A combination of interactive
machine learning [8] and continual learning (CL) [9] is
a promising solution to this problem, allowing users to
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interactively teach their personal home service robots about
their environments through repeated interactions over time.

CL has been the subject of growing interest in recent
years, to develop machine learning (ML) models that can
learn and adapt over extended periods of time [9], [10],
[11]. This research has found valuable applications in the
field of robotics, where it enables robots to consistently
acquire knowledge about diverse objects, leveraging limited
data inputs often provided by their users [12], [13]. Despite
significant advancements, most CL methods are developed
for object recognition, which is crucial but insufficient to
perform home service tasks. Although a few recent CL
methods were developed for knowledge graph embeddings
for semantic object reasoning, these methods were only
developed for symbolic datasets without any application to
physical robots where new knowledge might not be provided
in constrained setups used for evaluating these methods [14],
[15]. Further, common across most CL methods for robotics
is that these methods are not developed to learn from real-
time interactions with their users. Although interactive ML
methods have been developed that can allow robots to
interact and learn object categories [8], these methods are
only tested in single interaction scenarios and not over long-
term interactions for CL.

For understanding unstructured environments beyond ob-
ject recognition, semantic reasoning architectures [6], [16],
[17], [18] have been developed for home service robots.
Albeit promising advances in this field, these methods use
static knowledge sources that are trained on a large corpus
of symbolic datasets without much personalization or any
interaction with their users [16], [17], [18], [19]. To the best
of our knowledge, we know of no other work on integrating
modern CL methods with semantic reasoning architectures
that can allow physical robots to learn continually over a
long period of time through human-robot interaction (HRI).

In this paper, we combine ideas from CL, interactive ML,
and semantic reasoning literature to develop a novel interac-
tive continual learning (ICL) architecture for a personalized
home service robot that can interact with, learn from, and
assist its users in their dynamic home environments. Our
ICL architecture allows users to continually teach a home
service robot the semantic knowledge of the environment i.e.
objects and contexts in the home environment, and allows the
robot to use the dynamic knowledge about the environment
to perform object search and fetching tasks. Further, as users
might provide limited data and expect quick results, our ICL
architecture can learn in real time from only a few training
examples of objects and contexts provided by the users.
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We perform extensive proof-of-concept evaluations of the
ICL architecture on a Fetch mobile manipulator robot [20]
over two months to continually learn 20 common household
objects and two home contexts. Our results demonstrate the
ability of our architecture to quickly adapt to the environment
with limited data without catastrophically forgetting any past
knowledge. This paper makes the following contributions:

• We propose a novel ICL architecture that integrates
CL, interactive ML, and semantic reasoning to address
multiple real-world challenges that have only been par-
tially addressed in prior research, i.e. it can continually
learn both objects and contexts through HRI in real-time
with limited data, without catastrophically forgetting
past knowledge.

• Unlike most prior CL research, we perform extensive
CL experiments on a physical robot in a large indoor
environment. Our results demonstrate the real-world
applicability of our ICL architecture to adapt to its
environment and perform object fetching tasks.

II. RELATED WORK

A. Continual Learning

Continual learning (CL) models aim to achieve a dual ob-
jective: to continually adapt and learn new information over
time while simultaneously preserving past knowledge [9],
[11], [21], [22]. In the literature, various categories of CL
scenarios are defined based on factors such as shifts in
input or output distributions and whether inputs and outputs
share the same representation space [23]. Among these cat-
egories, class-incremental learning (CIL) is the most studied
problem, in which an ML model is trained using labeled
training data of different classes in each increment and is
then evaluated on all the classes it has learned up to that
point [9]. One of the primary challenges encountered by
CIL models is catastrophic forgetting, a phenomenon in
which the CIL model forgets the previously learned classes
when it is exposed to new classes in an increment [24].
Numerous research avenues have been explored in the quest
to mitigate catastrophic forgetting. These include replay-
based techniques [9], [11], [25], where data from previously
learned classes is stored and replayed during the learning
of new classes, regularization techniques [26], [27] that
constrain model parameters from changing drastically, and
generative replay-based techniques [21], [28] which generate
data for old classes using stored class statistics. Common
across these CL techniques is the requirement of a large num-
ber of training examples per class, making them unsuitable
for learning through HRI. In recent years, CL researchers
developed models that can learn from only a few labeled
training examples per class, a direction called few-shot class
incremental learning (FSCIL) [29]. All of the CIL and FSCIL
techniques were designed for the narrow context of object
classification only, and mostly tested on static datasets in
systematically controlled setups and not on physical robots
learning in real-time through HRI [29], [10], [12], [30], [31].

B. Semantic Reasoning Architectures

For real-world applications, robots need to reason on
the semantic knowledge of objects (e.g. object categories,
relations with other objects, contexts, etc.) to perform ev-
eryday tasks, such as object search and manipulation [16],
[17], [19], [32], and navigation in dynamic and unknown
environments [3]. Extensive research has been conducted
in the past on semantic reasoning architectures to learn
semantic knowledge of objects and environments, and reason
on the mathematical relationships between different semantic
properties of an object and between different objects [6],
[16], [17], [18]. Most of these architectures use static knowl-
edge sources [6] that are trained and tested on a large
corpus of semantic reasoning datasets, which might not be
personalized to unique user environments. A few semantic
reasoning architectures have been tested on physical robots
in constrained setups for object search tasks, however, they
were not tested over the long term in dynamic environments.

Although recently a few preliminary research directions
have been considered for developing CL methods for graph
embeddings [14], [15], these methods simply apply CL meth-
ods for object classification on knowledge graphs. Further
shortcomings of these methods are: 1) semantic CL methods
continually learn knowledge graph embeddings only from
symbolic data and do not learn object categories (from
image data) simultaneously with the semantic knowledge
embeddings, 2) these methods are computationally expensive
and tested on static datasets in constrained CL setups without
any interaction with the users. In this paper, we develop a
novel ICL architecture to continually learn both objects and
contexts in a dynamic environment over the long term.

III. INTERACTIVE CONTINUAL LEARNING
ARCHITECTURE

We build an interactive learning framework that includes
some of the core abilities of a cognitive architecture, mainly
perception, action, learning, adaptation, autonomy, memory,
and reasoning. The complete interactive continual learning
(ICL) architecture is depicted in Figure 1. All the compo-
nents in ICL architecture are implemented as ROS nodes,
communicating through topic subscriptions.

A. Perception Layer

The perception layer manages the robot’s perception capa-
bilities to extract information from the visual input from the
robot’s RGB-D camera. Given that there can be many objects
within a home environment, the first step is to individually
detect each object in the robot’s camera view. For a home
service robot, an object detection algorithm must be chosen
based on real-time constraints, as users would want the robot
to learn and perform object fetch tasks efficiently. The most
used and appropriate algorithm for real-time object detection
is YOLO [33]. We use a pre-trained YOLO for detecting
objects in the RGB image taken from the robot’s camera.
The pre-trained YOLO can also provide object categories,
however, these predicted categories are not useful as the

11290



Fig. 1: Overview of the ICL architecture. It is composed of 1) perception, 2) interaction, 3) continual learning and memory, and 4)
reasoning, planning, and action.

objects in a user’s home might be different from the pre-
trained categories, and even for the same objects a user
might want to label objects differently [13]. Given that there
will only be a few training examples provided by the users,
following the common practice in few-shot learning [34]
and FSCIL [10] literature, the detected objects are further
processed through a pre-trained CNN on ImageNet [1] for
extracting latent features. The latent features can then be
used for continual learning of objects. The point cloud data
obtained from the depth sensor is combined with the detected
objects in the RGB image to determine the 3D location of
the object so that the manipulator can reach and pick the
objects. A lidar sensor is also used for the robot’s base to
navigate in the environment while avoiding obstacles.

B. Interaction Layer

A key aspect of the ICL architecture is interaction with
the users to allow them to teach the robot new knowledge
and changes in the environment, and also request the robot to
perform object fetch actions. We developed a graphical user
interface (GUI) that allows the user to teach the robot objects
and contexts in the environment. For teaching an object, the
user can place the object in front of the robot’s camera,
and type the label of the object in a textbox. Similarly, for
teaching a context, say a kitchen, the user can manually drive
the robot using a joystick to the context location and then
type the name of the context and the location number in a text
box. The robot captures the images in its camera view which
are then processed by the perception layer (Section III-A).
The user can also initiate an object fetch task by typing the
name of the object to be fetched in a textbox. Examples of
how the GUI is used for teaching and testing are shown in
the supplementary video.

Similar to other layers in the architecture, the interactive
technology (GUI) in this layer can be replaced. For example,
a natural language interaction system, as used by many
general-purpose cognitive architectures (e.g. SOAR [35]) can
be added. However, to avoid any speech-to-text and natural
language understanding errors during learning, we opted to
use a GUI.

C. Continual Learning and Memory

At any instant in time, the user can start a teaching
interaction with the robot to either teach a new object, show

more viewpoints of a previously shown object, or teach a part
of the context (e.g. an area of a kitchen). The underlying
principles for learning object categories and contexts are
similar. Therefore, we will first explain the continual learning
and memory development procedure for object recognition
and then describe some differences in learning contexts.

1) Continual Learning: At any time instant t, the user can
teach the robot objects belonging to nt different categories.
Let’s consider that the robot has learned N t−1 number
of object categories before. In this unconstrained setup,
new objects can belong to any of the previously learned
categories, which is different from the constrained class-
incremental learning [9] setting where data for an object
category is only available once. To teach the robot a new
object belonging to category i, the user shows mi number
of object views to the robot. After processing the images
through the perception layer, the architecture receives mi

number of CNN feature maps for the object. For CL, we
use a network architecture similar to SUSTAIN [36] that
clusters similar stimuli together. This network is inspired by
the theories of pattern separation and memory integration in
computational neuroscience [37]. For each object belonging
to category i in increment t, the network begins with a
simple solution and initiates a single cluster represented by
the cluster centroid ci1 computed as a mean of the feature
maps in the cluster. Let’s assume that there are ki number
of clusters already in memory for object i. For each new jth
feature map xj for object i in increment t, L1 distance is
computed between xj and each of the ki cluster centroids
for object i over all the feature dimensions. Based on the
distance from each cluster, a cluster activation is determined:

Hact
l = e−dl/wl (1)

Where dl is the L1 distance between the lth centroid of object
category i and xj , and wl is the weight attached to cluster
l. In our experiments, we set wl to be the total number of
feature maps in the cluster. Clusters compete with each other
to respond to the input pattern (the feature map xj), and the
winning cluster is selected. For the winning cluster, say lwth
cluster, the output is calculated as,

Hout
lw =

(Hact
lw

)β

Σki
s=1(H

act
s )β

Hact
lw (2)
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Where β is an inhibition parameter for the regulation of
cluster competition (for our experiments, we set it to 1).
Note that based on the above equation, if many clusters
are strongly activated, the output of the winning cluster
is less, because of inhibition by competing clusters. In
this network, only the winning cluster is selected and the
output for all the other clusters is set to zero. As mentioned
earlier, this network starts with a simple solution including
one cluster only but recruits more clusters if needed. The
cluster recruitment process is self-supervised. If the winning
cluster’s output (Hout

lw
) is below a certain threshold (τ ) a new

cluster is recruited, and the centroid of the cluster is set to
the input feature map. Otherwise, if the output is higher than
the threshold, the cluster centroid is updated:

cilw =
wlwc

i
lw

+ xi
j

wlw + 1
(3)

The weight wlw for the winning cluster is also incremented
by 1. Since only the winning cluster is updated for each
feature map, this effectively prevents cluster interference,
thereby mitigating catastrophic forgetting. Further, as the
network requires only a single pass of training data, the
learning process is efficient and can be executed in real time,
which is a crucial component for learning through HRI.

2) Long-Term Memory: The network learned through CL
(Section III-C.1) is stored in the long-term memory (LTM)
with all the clusters and the associated weights. Although the
goal of CL is to avoid catastrophic forgetting, memory fading
does happen in humans, especially for events that are not
encountered regularly [38], [39]. For a home environment,
it is possible that some objects might simply be replaced
over time and the previously used objects are no longer in
the home. In such cases, it would be useless to store this
knowledge in memory. As the robot would not encounter
any replaced objects in its environment, we incorporate a
memory-fading process in the LTM. We use the predictive
performance equation (PPE) model [39], [38] of learning and
retention. Based on this model, we represent each weight wi

for cluster i in our network as:

wi = wη
i × T−α (4)

Where, η is the learning rate (held at 1 in [38]), α is the decay
rate, and T is called the Model Time in the PPE model, which
is a weighted sum of the time since each of the n previous
events T =

∑n
j=1 hjtj , where tj is the time since the jth

event. In our architecture, tj represents the time since cluster
i was activated the jth time. hj is the weight assigned to each
event which decreases with time:

hj =
t−u
j

Σn
k=1t

−u
k

(5)

Where u controls the steepness of weighting, with higher
values resulting in larger weights for more recent events.
The weights hj are normalized and sum to 1. Through this
process, the weights of clusters that are not refreshed (details

below in Section III-C.3) are faded over time. We choose the
decay rate α to be small in LTM to allow for slow fading.

3) Short-Term Memory: Inspired by the dual-memory sys-
tem in the mammalian brain [40], [41], our ICL architecture
also contains a short-term memory (STM). Although the
knowledge learned from the users is stored in LTM, STM
stores the daily experiences of the robot encountered through
its sensors and processed through the perception layer. STM
stores the feature maps of encountered objects (and contexts)
while performing tasks in the environment. Note that the
clustering network is not used for STM because STM stores
specific experiences, in accordance with the dual memory
theory [40], whereas the LTM stores abstract knowledge
represented as clusters. A weight parameter for each specific
object instance (and context) is also stored to keep track of
how many times the object was encountered. If the weight
parameter exceeds a certain threshold γ (a hyperparameter),
the corresponding feature map is consolidated into LTM
through the learning process described in Section III-C.1.
The memory consolidation process refreshes LTM and pre-
vents relevant object and context memories from fading in
LTM. The memory fading process described in Section III-
C.2 is also applied to the weights of the feature maps stored
in STM. The decay rate α for STM is chosen to be much
higher as STM fades quickly compared to LTM. The data
stored in STM can be used for assistive tasks beyond object
fetching, for example, helping users find a misplaced object
in the home [42] or if they forgot to perform an important
task, such as taking their medicine. We will expand our
architecture for these applications in the future.

The above-mentioned process (Sections III-C.1 III-C.2 III-
C.3) of learning and memory is described for object category
learning. For context learning, the user would show a specific
view of the context that can have multiple objects. As
contexts can be described by the objects present in the
scene, the architecture first generates the feature maps of all
the objects in the image and then uses the object category
network stored in LTM to find object categories in the context
image. Following the principle of conceptual spaces [43], we
generate a feature map where the dimensions of the feature
map represent the object categories present in the context
image, and the location of the context. After the feature map
is generated, a context cluster network is trained using the
CL process described in Section III-C.1. The LTM and STM
for the context data also behave in the same way as for
objects. Note that context recognition is dependent on object
recognition, which means that the user would have to teach
the objects first before they are shown in a context. However,
a self-supervised learning method can be used to learn a new
object in a context if it is not taught by the user.

In summary, the learning and memory mechanisms within
the ICL architecture are inspired by cognitive science prin-
ciples, and they enable efficient real-time learning of objects
and contexts with limited data while addressing the challenge
of catastrophic forgetting. Nevertheless, similar to the other
layers, it’s possible to substitute the CL method and memory
components with alternative techniques in the literature.
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D. Reasoning, Planning, and Action

The ICL architecture allows a mobile manipulator robot
to perform object fetch tasks in a home environment. For
this task, the architecture receives the object to be fetched
from the user through the interaction layer (Section III-
B). A masked conceptual space feature map is generated
using the requested object category and passed through the
context learning network in LTM which predicts the most
probable context location for the object. The context location
is then combined with a metric map (SLAM map [44]) of
the environment, and a navigation planner in ROS is used to
plan a collision-free path to the context location. The robot
then moves to the context location. As there can be multiple
objects present at a context location, the architecture localizes
the objects using the perception layer (Section III-A) and gets
the predicted object labels from the object learning network
in LTM. If the object requested by the user is in the list
of detected objects at the context location, the architecture
plans an arm trajectory to move to the 3D coordinates of
the object (from the perception layer). The robot’s arm then
moves to the object’s location and picks it up. The navigation
planner then plans a path back to the user’s location and the
robot’s base moves to that location. Finally, the robot places
the object on the table using the arm trajectory planner.

IV. EXPERIMENTS

In this section, we describe the experimental setup of the
ICL architecture on a physical robot and the object fetch
experiment to evaluate ICL’s performance. The researchers
assume the role of users throughout this section.

A. Experimental Setup

We evaluate our architecture on a Fetch mobile manip-
ulator [20] equipped with a 7 DOF arm, a mobile base,
a lidar, and an RGB-D camera sensor. For faster object
detection and CL, an external workstation equipped with
an Nvidia RTX 2060 GPU is used. We set up three mock
home contexts (kitchen, home office, and dining area) in an
indoor laboratory environment. We argue that our lab setup
is comparable to mock home setups in previous work [45],
[16], [19], [17], [18] due to the similar use of table-top
environments for object placement. Further, prior works used
only a few objects (<10) in physical robot experiments with
objects placed individually without many other objects close
to each other to avoid detection failures. Unlike these works,
in our experimental setup, we use 20 different objects of
various sizes and shapes that are commonly found in home
environments, and we place them close to each other in the
contexts (see Figure 2a for an example). We map the indoor
environment using the lidar sensor and store the SLAM map
in the robot’s onboard memory (Figure 2b).

The hyperparameters for the CL method and LTM and
STM are set as follows: the threshold τ in the CL network
for recruiting a new cluster is set to 0.0003 for the object
recognition network, and it is set to 0.13 for context recog-
nition network. These thresholds were chosen using cross-
validation on object and context data in the first increment.

(a) (b)

Fig. 2: (a) An example of the kitchen context in our experi-
mental setup. Note the variation in object size, the closeness
of objects, and distractions, such as robots and transparent
walls behind. See supplementary video for examples of other
contexts. (b) SLAM map of the indoor environment.

The decay rate α is set to 0.2 for LTM, and 15 for STM.
These decay rates were chosen such that it would take
almost one month for the weights in LTM to decay to
50% their original value ensuring slow fading, and 2 days
for the weights in STM to decay to ∼0.003% leading to
complete memory fading. As we performed a few runs of
the experiment each day, we measured the time since the
activation of a cluster in days. The variable u in equation (5)
was set to 0.6 as in [39]. Finally, we use a ResNet18 [46]
as the feature extractor in the perceptual layer, as it is used
commonly for other CL methods [29], [47], [12].

B. Continual Learning Experiment

We performed a long-term CL experiment to teach the
robot objects and contexts continually and test it on object
fetch tasks. The object fetch tasks can help us evaluate both
the object and context learning pipelines given that both are
needed to successfully find the object in the environment.
In this experiment, we taught the object and context data to
the robot over 16 increments. Each increment was usually a
day apart, with some days consisting of two increments. For
two increment days, we updated the event time in memory
fading twice. For robustness, we performed this experiment
5 times randomizing the order of objects and contexts taught
to the robot. Out of the 20 objects, 7 were assigned to the
office and 13 to the kitchen. In each increment, the robot was
either taught some objects only, some context updates only,
or both objects and contexts. For the first 10 increments, after
each increment, we tested the robot 5 times to fetch some
of the objects it had learned so far. By 10 increments all
20 objects were taught to the robot, therefore, for the last 6
increments, only contextual updates were taught to the robot
where some objects were randomly moved within contexts
or completely removed. In the last 6 increments, we tested
the robot 7 times each to fetch objects it had learned so far.

We report the task execution accuracy representing if the
robot was able to fetch the correct object in each increment.
A successful task execution depends on other components
of ICL, therefore we report the accuracy of each of the
components. 1) object classification accuracy (%) measures
the percentage of correctly classified objects when the robot
moves to context locations, 2) context classification accuracy
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(%) measures the correct prediction of context location for
the requested object, 3) manipulation error measures the
number of times the robot was unable to physically pick,
place, or move objects, 4) perception error measures the
object detection failures in the perception layer, 5) navigation
error measures the number of times the robot’s base failed to
move to the desired location, and 6) execution time measures
the time required by the robot to correctly fetch an object.
Given the continual nature of our experiment, and the time
required to teach and test the robot, it took approximately 2
months to complete 5 experimental runs (16×5 increments).

Table I shows results for the first 10 increments averaged
over 5 runs of the experiment. The task execution accuracy
starts at ∼80% and decreases to ∼56% (∼24% decrease)
after learning 20 objects and two contexts in 10 increments,
therefore we notice some forgetting of past knowledge but
no catastrophic forgetting. Diving deeper, we notice that
the main source of task accuracy decrease is the object
recognition network, where the accuracy starts at ∼100%
but decreases to ∼73% (∼27% decrease). The lower object
recognition accuracy, however, could be because the network
has more classes to classify, and the limited amount of
data provided per object. On average, only 5-10 images
per object were shown to the robot for training in the
experiment. We also trained the ICL architecture on all
the object and context data at once (called joint training
(JT)) and performed the object fetch task 15 times. The
difference in task execution accuracy of ICL in the 10th
increment compared to JT was only 6.1%, which indicates
that ICL mitigates catastrophic forgetting effectively. The
context recognition network maintained almost perfect ac-
curacy for all increments without any forgetting. The only
errors in the context recognition module were because of
one misclassified object during the learning phase of the
contexts. The object fork was predicted as spoon by the
object recognition network during kitchen context learning.
The other sources of errors in task execution were the
manipulation and perception errors, both of which were
consistently ∼10-20% for all increments as these errors did
not depend on object or context learning networks. Finally,
the navigation stack performed quite reliably, albeit with a
few failures in each experimental run.

For the last 6 increments, no new objects were taught
but the contexts were updated by moving or removing
objects. In these runs, both the object classification and task
execution accuracies remained similar to the accuracies in
the 10th increment. The reason is that our context recognition
module had almost zero forgetting and quick adaptation
ability, which ensured similar performance for task execution
given that all other sources of errors remained consistent.
The reason for consistent context recognition accuracy was
that as contexts were updated, older memories about those
contexts continued to fade which resulted in updated context
clusters winning during cluster competition in the context
recognition network. In terms of the execution time, on
average it took 97 seconds to fetch an object and place
it on the dining table. The reason for the short execution

Objects Contexts Tasks Execution Time
1 100.0 ± 0 100 ± 0 80.0 ± 0.1 96.6 ± 3.6 s
2 93.1 ± 5.5 96.0 ± 0.1 72.0 ± 0.1 96.0 ± 4.6 s
3 91.8 ± 7.3 96.0 ± 0.1 72.0 ± 0.1 93.0 ± 3.2 s
4 88.7 ± 5.0 100 ± 0 70.0 ± 0.1 98.2 ± 2.3 s
5 85.6 ± 4.8 92.9 ± 0.1 66.0 ± 0.2 99.0 ± 3.5 s
6 83.7 ± 4.3 100 ± 0 64.0 ± 0.2 97.1 ± 3.4 s
7 80.1 ± 3.7 96.0 ± 0.1 62.0 ± 0.2 98.4 ± 2.6 s
8 78.2 ± 3.4 96.0 ± 0.1 62.0 ± 0.2 100.6 ± 3.9 s
9 75.2 ± 2.3 100 ± 0 58.0 ± 0.3 99.4 ± 2.4 s

10 73.3 ± 0.6 100 ± 0 56.0 ± 0.3 97.5 ± 3.1 s
JT +3.7 +0 +6.1 +0

TABLE I: Incremental task execution, object, and context
recognition accuracy (%), and task execution time (seconds)
over first 10 increments averaged over 5 runs. JT represents
the ICL architecture trained on all the data at once without
any continual learning. The row for JT shows the accuracy
and time differences compared to the 10th increment.

time was that the robot went to the correct object locations
without wandering around in the environment. For the last
6 increments, we also tested the architecture without any
memory decay, which resulted in higher task execution times
(∼130 seconds, 33 seconds higher) because the robot went
to older locations of objects first which wasted some time.
Finally, the training and testing time for the CL networks
were ∼1 second and 0.004 seconds, respectively, ensuring
real-time learning and prediction capabilities of the archi-
tecture. Examples of teaching and object-fetching tasks are
shown in the supplementary video file.

V. CONCLUSIONS

In this paper we tackle the challenging problem of simulta-
neous continual learning of object and context knowledge
in a dynamic home environment. We developed a novel
ICL architecture that builds on the core cognitive principles
of learning and memory and allows users to directly teach
objects and contexts in their unique home environment. Our
results on a mobile manipulator robot demonstrate the ability
of ICL to continually adapt to the changes in the environment
through limited data provided by the user. We hope that this
work can serve as a first step toward developing personalized
home service robots that can interact with, learn from, and
perform assistive tasks for their users over the long term.

VI. LIMITATIONS AND FUTURE WORK

Given the long-term nature of the experiments with a
physical robot, we did not perform an extensive hyperparam-
eter analysis and compared our proposed approach with JT
only. In the future, we hope to perform more experiments to
analyze the tradeoff of hyperparameter values and use other
SOTA CL models. In this paper, we only considered the
supervised learning ability of ICL, however, in the future, we
will expand it to perform self-supervised CL. Additionally,
the experimental setup did not have overlapping objects in
different contexts. In the future, we will analyze how ICL
performs when there are overlapping objects in different
contexts. Finally, we will conduct long-term HRI studies
with human users in home environments to understand the
personalization capabilities of ICL in the real world.
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