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Service robots, in contrast to industrial robots, are de-
vices aimed to operate in the service sector in replace-
ment of or collaboration with human performers—
in particular, domestic service robots carry out daily
household chores. Recently, their popularity has in-
creased and the range and difficulty of the activities
they can perform are reaching amazing performances.
There have been proposed several systems that can gen-
eralize single tasks such as objectmanipulation or scene
understanding but they still fail on complex task plan-
ning, i.e., when and where they can perform such tasks.
In this work, we propose the use of expert systems as a
core module to understand user commands, infer the
task context, request missing information, and plan
action where each step of the plan may consist of basic
state machines to generalized deep-learning models.

Keywords: domestic robots, general purpose service
robots, expert systems, task planning, semantic under-
standing

1 . Introduction

The presence of service robots in daily activities is in-
creasing recently and, in consequence, the familiarity of
users and the difficulty of the tasks that they might re-
quest are increasing. Personal robots, in contrast to indus-
trial robots, are machines that can sense, make plans, take
decisions, and then act towards accomplishing a specific
human-inspired task; a service robot is a personal robot
aimed to help the service sector and therefore, it has to
solve tasks such as security, cleaning, medical, and human
support [1].

From developing individual skills to performing com-
plex tasks, several platforms have been proposed recently
aimed at solving general-purpose tasks. However, al-
though many platforms and tests have been proposed, they
mainly focus on single tasks at a time, like “Take out the
garbage,” “Storing groceries,” “Clean up,” “Welcoming

visitors,” and so on. Furthermore, many of those tests are
performed by stationary robots, consisting mainly of an
RGB(D) camera and a robotic arm manipulating objects
on a surface.

Our current work focuses on action planning by using
semantic reasoning to generate a global plan from a given
command (spoken or in a command shell) while we inte-
grate standard and data-driven skill models with human-
intention detection and active reasoning to generate local
plans for low-level behaviours.

2 . Related Work

To assess the state of the art on general-purpose ser-
vice robots, we propose using robot competitions as
a benchmark. A popular service robot competition is
RoboCup@Home [a], where a robot should perform a
series of housekeeping and house-party domestic tasks,
act as a waiter in a restaurant, and, as mentioned be-
fore, perform a general purpose test where the robot re-
ceives randomly generated spoken commands; the task the
robot should execute include storing groceries, welcoming
guests, carry someone’s luggage, and setting a table.

Then, in the European Robotics League (ERL [b]) we
have the Consumer Service Robots Challenge [c]—known
before as RockIn@Home [d]—where the robot performs
some of the duties of a caregiver, including welcoming vis-
itors and catering for an elderly person comfort.

Next, extending the application of service robots to
indoor and outdoor environments, the ERL Smart City
Robotics Challenge [e] includes tasks in several spaces
such as assisting the staff of a coffee shop to take care
of their customers, picking products from a storage con-
tainer and placing them on a designated shelf, and deliver-
ing medicines to a person across the city.

Also, appealing to some semantic reasoning, in the
Roboethics Competition [f], teams develop a robot that
fetches objects in a home from and to several users with
different features such as age, rank, relationship, and so
on, where participants are asked to solve challenging ethi-
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(a) (b) (c)
Fig. 1. Although several systems and benchmarks able to perform and evaluate robot performances have been developed, recently,
these systems seek to skill generalization, where the same system is able to solve several similar tasks without further training.
Examples are: (a) RLBench [4], (b) Ravens [5], and (c) RoboHive [6].

cal situations for a robot in scenarios with potentially haz-
ardous objects in the house (including alcoholic drinks,
sharp items, and drugs and medicines).

Similarly, in SIGVerse [2], the authors develop a virtual
reality (VR) platform for human-robot interaction research
that has been applied to service robots interaction in both
directions: from and to the human. Tasks include “Inter-
active cleanup,” where the human points to target objects
and deposits and “Human navigation,” where the robot has
to generate friendly and simple natural language expres-
sions to guide people to perform several tasks in a daily
environment.

Finally, the main goal of World Robot Summit
(WRS) [3] is to evaluate the basic skills of the robot to
complete the core functions of a home assistant, such as
cleaning a room, delivering items, setting a table, and so
on by following a series of metrics and benchmarks that
allows teams to consistently measure the performance for
a given solution to this challenge.

Recently, RLBench, a test platform for several manip-
ulation applications, has been presented in [4], where the
authors use a simulator with a fixed robot arm on a surface
with an upper RGBD camera and an eye-in-hand monocu-
lar camera, and they feature 100 different tasks providing
proprioceptive and visual observations. Similarly, in [5]
the authors present Ravens, a simulated benchmark with
tenmanipulation tasks, mainly focusing on the “transporta-
tion” skills, i.e., tasks that execute a sequence of spatial
displacements. Furthermore, RoboHive, as in [6], encom-
passes a diverse range of pre-existing and novel environ-
ments organized within, covers multiple domains such as
hand manipulation, locomotion, multi-task, multi-agent,
muscles, etc., and establishes metrics for evaluating algo-
rithm performance across all environments.

In Fig. 1 we can observe the different tasks these sys-
tems should solve; as we can observe, they are mainly
robotic manipulators with one or several cameras perform-
ing object manipulation. Although they extend a single
model to several tasks, it is a step closer to general-purpose
service robots.

More general works towards service robots are Habi-
tat [7, 8], sDSPL [9], and BEHAVIOR [10]. In Habitat,
the authors present a simulated home environment where
the robot can perform several tasks where the latest version

allows for real human interaction with simulated robots;
however, no specific rules and regulations for given tasks
are provided. In this sense, the authors propose the sim-
ulation Domestic Standard Platform League (sDSPL) as a
benchmark to evaluate the performance of service robots
while executing a task; they focused on standardization
and evaluation of service robots while performing a gen-
eral purpose task to close the gap between robot competi-
tions and research.

Finally, in BEHAVIOR the authors present their
“Benchmark for everyday household activities in virtual,
interactive, and ecological environments;” they propose
100 indoor chores in realistic environments such as “As-
sembling gift baskets,” “Cleaning bedroom,” “Installing a
modem,” or “Sorting groceries.” They provide 500 human
demonstrations in virtual reality and propose a number of a
set of metrics to measure task progress and efficiency, ab-
solute and relative to human demonstrators. This work is
built under iGibson 2.0 [11], a simulation environment that
supports object states (such as temperature, wetness level,
and cleanliness level) and implements a set of functions
that map physical states (like cooked or soaked); more-
over, it includes a VR interface to immerse humans in its
scenes to collect demonstrations that can be used for imi-
tation learning. For comparison, in Fig. 2 we can observe
these three virtual systems.

3 . General-Purpose Tasks for Service
Robots

One key challenge towards autonomous service robots
has been proposed in the RoboCup@Home competition,
namely, the general purpose service robot (GPSR) test,
where several general-purpose commands are randomly
generated using a [EE]GPSR command generator and
grammars publicly available at [g].

In short, in this test, there are three categories according
to their difficulty. In category I, the service robots must
solve easy tasks involving basic skills such as indoor navi-
gation, grasping known objects, answering questions (from
the predefined set of questions), etc. (e.g., “Bring me the
apple juice from the counter,” “Tell me how many bever-
ages are on the shelf,” “Tell me the name of the person at
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(a) (b) (c)
Fig. 2. Recently, several virtual platforms for domestic robots have been developed where complex environments and their
physical states can be simulated, allowing for general-purpose tasks to be evaluated. These systems include: (a) Habitat 2.0 [7],
(b) sDSPL [9], and (c) BEHAVIOR [10].

the door”). In category II, robots must solve tasks with a
moderate degree of difficulty. This category involves fol-
lowing a human, indoor navigation in crowded environ-
ments, manipulation and recognition of alike objects, find-
ing a calling person (waving or shouting), etc. (e.g., “Tell
me how many beverages on the shelf are red,” “Count the
waiving people in the living room,” “Follow Anna at the
entrance”). Finally, in category III, the robots must under-
stand challenging tasks dealing with incomplete informa-
tion, environmental reasoning, feature detection, natural
language processing, outdoor navigation, pouring, open-
ing doors, etc. Examples are: “Pour some cereals in the
bowl,” “Go to the bathroom (the bathroom door is closed),”
“Bring me the milk from the microwave (the milk is inside
the microwave).”

Moreover, there is also an extended GPSR (the EE-
GPSR) test, where the robot has to perform complex ac-
tions, given as a single sentence while validating the infor-
mation provided in the commands through HRI (e.g., by
asking for missing information). Some examples are:

• Go to the kitchen counter, take the coke, and bring it
to me.

• Bring the chips to Mary on the sofa, tell her the time,
and follow her.

• Find a person in the living room, guide them to the
kitchen, and follow them.

4 . Expert-System Based GPSR

Towards task generalization, CLIPort [12] proposes an
end-to-end framework that is capable of solving a variety
of language-specified tabletop tasks from packing unseen
objects to folding cloths, all without any explicit represen-
tations of object poses, instance segmentation, memory,
symbolic states, or syntactic structures; this work com-
bines the manipulation skills of Transporter [5] with the
image representations and semantic understanding given
by CLIP [13]. Similarly, in [14], the authors incorporate
vision-language models into end-to-end robotic control to
boost generalization and enable emergent semantic reason-
ing (refer to such category of models as vision-language-
action models); moreover, in [15] they propose SARA-RT,

a Transformer adaptation procedure, where the regular at-
tention module is replaced by a light computationally effi-
cient attention block.

Besides, in [16], the authors present VLMaps, a spatial
map representation that directly fuses pretrained visual-
language features with a 3D reconstruction of the phys-
ical world, and then use large language models (LLMs)
to create open-vocabulary navigation goals from a list of
specific actions; likewise, in [17] the authors present the
embodied language model to introduce the time parame-
ter to visual language models and show their application
for understanding of driving scenes with large spatial and
temporal spans.

Furthermore, although these deep learning models at-
tempt to solve a single problem, a general multitask data-
driven model is DeepMind Gato [18], a single generalist
agent where “the same network with the same weights can
play Atari, caption images, chat, stack blocks with a real
robot arm and much more, deciding based on its context
whether to output text, joint torques, button presses, or
other tokens.”

However, based on the works of [19, 20] on scaling law
trends, in [13] the authors raise several concerns, not only
considering the size of the dataset and the amount of com-
puting used for training but also in the bias that deep learn-
ing models might introduce through generalization in large
datasets; regarding domestic robots, this bias might re-
sult in a single way to perform a task without considering
users’ will—task performance generalization in personal
robots might blur individual intentions and expectations
and cause not only annoyance and frustration but also ac-
cidents and serious injuries.

General-purpose command understanding for service
robots using LLMs has been proposed in several works re-
cently. With TidyBot [21], the authors show that the sum-
marization capabilities of LLMs can be used to general-
ize user preferences for domestic robots performing clean-
ing up tasks (e.g., from “Put the banana in the red con-
tainer” it can be generalized to deposit all fruits in that
container) while in [22] the authors present OK-Robot, an
open knowledge-based robotics framework offering an in-
tegrated solution for pick-and-drop operations by combin-
ing pretrained vision, manipulation, and navigation mod-
els. Also, in [23], the authors present CodeBotler, where
they use LLMs to convert natural language task descrip-

596 Journal of Robotics and Mechatronics Vol.37 No.3, 2025



Complex Task Planning for General-Purpose Service Robots

tions into programs in an embedded domain-specific lan-
guage (eDSL) in Python to abstract key robot skills.

To assess such systems, it has been necessary to create
new benchmarks, such as the aforementioned robot com-
petitions for domestic service robots; likewise, in [23],
the authors propose RoboEval, a benchmark for evaluat-
ing LLMs’ capabilities of generating programs to complete
service robot tasks frommultiple natural language prompts
per task by checking execution traces starting withmultiple
initial states, and checking whether the traces satisfy tem-
poral logic properties that encode correctness for each task.
Correspondingly, in [24] the authors propose PlanBench,
an extensible benchmark suite based on two different inter-
national planning competition domains (Blocksworld and
Logistics) to test the capabilities of LLMs in planning or
reasoning about actions and change, with sufficient diver-
sity in both the task domains and the specific planning ca-
pabilities through around 26,250 prompts.

However, most of these systems highly rely on LLMs to
create the plans (or even the code to perform such plans)
but it has been demonstrated the limitations of such ap-
proaches in task-specific problems [25] and we have found
it also inaccurate in natural speech commands; also in [24]
the authors highlight that it becomes hard to tell whether
LLMs are planning or merely retrieving from their vast
world knowledge and their studies show that LLM perfor-
mance falls short on many critical capabilities, including
plan generation, even with the SOTA models. Similarly,
in [23], the authors express that their system CodeBotler
does not support low-level behaviors and generates robot
plans in an open-loop fashion, rendering it incapable of re-
acting to unexpected changes in the environment and the
users still need to manually specify constraints for each
task.

It is important to highlight that current LLM-based sys-
tems really depend on the request input to such models.
For example, VLMaps provides a list of example command
sentences and how the model should interpret them:

1 """
2 # move back and forth between the chair and the

table 3 times
3 pos1 = robot.get_pos('chair')
4 pos2 = robot.get_pos('table')
5 for i in range(3):
6 robot.move_to(pos1)
7 robot.move_to(pos2)
8 """

Similarly, CodeBotler provides the LLM with a task de-
scription and what should be the output instruction to it:

1 """
2 # Pick up an object if you are not already holding

one. You can only hold one object at a time.
3 def pick(obj: str) -> None
4 """

In PlanBench, the authors provide a complex descrip-
tion of the robot’s skills and the restrictions and limitations;
then, they provide a clear description of the current status
of the environment and finally request a goal.

1 """
2 I am playing with a set of blocks where I need to

arrange the blocks into stacks.
3 Here are the actions I can do
4

5 Pick up a block
6 Unstack a block from on top of another block
7 ...
8

9 I have the following restrictions on my actions:
10 I can only pick up or unstack one block at a

time.
11 I can only pick up or unstack a block if my

hand is empty.
12 ...
13

14 [STATEMENT]
15 As initial conditions I have that, the red block

is clear, the blue block is clear...
16

17 My goal is to have the orange block on top of the
blue block.

18 """

LLMs are isolated language models that lack sensors
and actuators, and therefore deeply depend on the input
sentences to know the current internal state of the robot
and the surrounding environment and the actions provided
are open-loop responses. This high specificity in the input
requests can be seen as rules in expert system architectures;
in this sense, [26] assesses visual language models’ ability
to reason based on visual clues where their analysis reveals
that perceptual understanding may be the main bottleneck,
as the models perform better when provided with appropri-
ate textual descriptions; in the same way, [27] studies the
performance of multiple algorithms that learn from feed-
back on improving LLM reasoning capabilities with the
Expert Iteration algorithm performing best in most cases.

Accordingly, instead of letting LLMs generate a plan
through a very long and complex input, we have proposed
a framework to parse GPSR commands using a syntac-
tic parser to create a conceptual dependency (CD) struc-
ture that allows a rule-based expert system to generate a
global plan that the robot can execute. CD theory [28] as-
serts that an action is the base of any sentence, and from
the verb, we can construct a structure that describes its
meaning; derived from this, a finite number of primitives
compose the key units to construct and understand more
complex sentences where any CD primitive contains some
of the following elements: ACTOR, ACTION, OBJECT,
LOCATION, STATE, and TIME.

In this context, we extend these approaches by introduc-
ing a LLM to simplify the input command by removing
ambiguities and unnecessary information and rephrasing
the expression to improve the semantic understanding; by
doing so, we add structure to a general command that can
be used later to generate plans by using complex prompts
with fixed layouts as input. Specifically, to address this
problem, in [29], we classify the [EE]GPSR commands
from the RoboCup competition into several categories:

• Follow person commands (FP)

• Guide person commands (GP)

• Gender person commands (GeP)
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Table 1. Robot’s skills for type of command (from [29]).

SR NV PR OR OM
FP ○ ○ ○ ⋯ ⋯
GP ○ ○ ○ ⋯ ⋯
GeP ○ ○ ○ ⋯ ⋯
PP ○ ○ ○ ⋯ ⋯
NP ○ ○ ○ ⋯ ⋯
HMP ○ ○ ○ ⋯ ⋯
PI ○ ○ ○ ⋯ ⋯
HMO ○ ○ ⋯ ○ ⋯
FO ○ ○ ⋯ ○ ⋯
BMO ○ ○ ⋯ ○ ○
PO ○ ○ ⋯ ○ ○
HO ○ ○ ○ ○ ○

• Person pose commands (PP)

• Name person commands (NP)

• How many people commands (HMP)

• Person instructions commands (PI)

• How many objects commands (HMO)

• Feature object commands (FO)

• Bring me object commands (BMO)

• Place object commands (PO)

• Handover object commands (HO)

where each command category is executed as a combina-
tion of several skills, namely, speech recognition (SR), nav-
igation (NV), person recognition (PR), object recognition
(OR), and object manipulation (OM), as shown in Table 1.

Then, we solve complex action planning by combining
general-purpose service robot models based on expert sys-
tems (as in [29]) with standard and data-driven skill mod-
els (e.g., CLIPort) and then, evaluate them in real scenarios
explicitly designed to test such systems, like robot compe-
titions. Furthermore, although deep learning systems gen-
eralize well, they should serve to create local plans and
their execution should still be performed considering hu-
man intentions and using active reasoning as in [30–32] to
encompass the specificities of the current scenario and to
handle unexpected behaviours.

In a nutshell, a syntactic parser receives the command
and classifies each word according to a class (e.g., noun,
verb, article, direct/indirect object); then, a semantic
module compares the command to several conceptual
dependency primitives. For example, a motion primitive
can be represented as:

(PTRANS (ACTOR NIL) (OBJECT NIL) (FROM
NIL) (TO NIL))

Fig. 3. Weuse Toyota’s HSR [36] to perform the commands
and the WRS arena setup.

The motion command “Take this apple to the able,”
where able was misunderstood and therefore discarded in
the syntactic process, the semantic module would give:

(PTRANS (ACTOR robot) (OBJECT apple) (FROM
current-robot-position) (TO NIL))

and act in consequence (for example, requesting the miss-
ing information).

Given a complex command and corresponding concep-
tual dependencies, a global plan can be generated as a se-
quence of steps, each consisting of one or several skills, us-
ing a rule-based expert system (like CLIPS, “a data-driven
programwhere the facts, and objects if desired, are the data
that stimulate execution via the inference engine” [33,34]).
Each step is observed by an active reasoning system to per-
form the subtasks and solve the problems that might arise
without replanning all the tasks (e.g., dynamic obstacle
avoidance or retaking an object after dropping it).

5 . Results and Discussion

We evaluated the natural language understanding
in [35], where we randomly generated 50 commands us-
ing the RoboCup’s GPSR command generator as in https:
//github.com/kyordhel/GPSRCmdGen (Fig. 3); the system
achieved 95% for the easiest level, 54% for the medium
level, and 72% for the hardest level leading to a global ac-
curacy of 82% in tagging the elements and making the CD
structures.

Taking into account these results, it is evident that with
more sophisticated nouns and commands we need an extra
step to solve these kinds of complications or ambiguities.
Therefore, we propose using LLM to rephrase the input
command to a more structured sentence useful for concep-
tual dependencies’ construction. In our experiments, we
use ChatGPT [h], a natural language processing (NLP) sys-
tem developed by OpenAI, because it is a powerful NLP
system able to understand the context of human conversa-
tion and generate appropriate responses where the system
achieved 100% for the easiest level, 100% for the medium
level, and 88% for the hardest level, leading to a global ac-
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curacy of 96%. Some commands that could not be under-
stood are the following:

• Take out the garbage. → Guide the garbage out.

• Describe the objects on the table. → Find the objects
on the table and describe them.

Then, we describe the planning process as in [37] to shed
some light on the needs that an autonomous system might
require. Here, we are using CLIPS for the inference pro-
cess and plan generation; this system relies on three key
components: 1) templates, 2) rules, and 3) facts. While a
template follows a standard definition as a structure that en-
compasses the definition of a class and facts are instances
of those templates, in an inference system such as CLIPS,
the idea of a rule goes beyond a simple state machine be-
cause they consider past, present, and future interactions
where a rule may activate or cancel other rules, therefore,
resulting in complex planning; in a recent book by CLIPS
author, he shows how to create a fully functional text ad-
venture game and, in the end, we can consider a general-
purpose service robot as a player in a role-playing game.
Next, we will describe our implementation and main find-
ings.

We will show some simple definitions to answer
the question “Where is <NAME>?” and then we will
generalize them to perform complex commands. First, a
fact template might look like:

(deftemplate item
( field type (type SYMBOL)(default nil) )
( field name (type SYMBOL)(default nil) )
( field num (type NUMBER)(default 1) )
( field room (type SYMBOL)(default nil) )
( field zone (type SYMBOL)(default nil) )
( multifield objs (type SYMBOL)(default nil) )
( multifield pose (type NUMBER)(default 0 0 0) )

)

Next, we need to declare a conceptual dependency
template to be filled in the NLP module:

(deftemplate qtrans
( field actor (type SYMBOL)(default nil) )
( field question (type SYMBOL)(default nil) )
( field name (type SYMBOL)(default nil) )

)

and a rule that activates if the person’s fact is in the
memory and the qtrans is entered from the speech module:

(defrule qtrans-human
?f <- (qtrans (name ?human)(question where))
(item (type Human)(name ?human)(room ?room-

human)(zone ?zone-human))
=>
(retract ?f)
(printout t “(plan (name state)(actions answer where

human ” ?human “ ” ?room-human “ ” ?zone-human “))”

crlf)
)

For example, considering a fact declaration:

( item (type Human)(name Mark)(num 1)(room living
room)(zone desk)(pose 0.0 0.0 0.0) )

to attend to the request “Where is Mark?” from the speech
recognition module, it should generate the following
conceptual dependency:

(qtrans (obj Mark)(question where))

and, after the corresponding rule has been activated,
CLIPS should return:

(plan (name state)(actions answer where human Mark
studio desk))

Following this simple yet powerful design strategy, we
have implemented several fact templates and rules that
activate when a conceptual dependency appears. We can
perform basic commands such as “Go to the living room,”
“Find Mark,” or “Give some chips to Mark”; however, a
strength of this approach relies on the experts’ experience
to perform a task optimally. For example, a more complex
command formed by a combination of simple commands

“Go to the living room, find Mark, and give him some
chips”

would generate three conceptual dependencies at once:

(ptrans((actor robot)(obj robot)(from robot place)(to liv-
ing room)) )

(attend((actor robot)(obj Mark)) )
(atrans((actor robot)(obj chips)(from chips place)(to

Mark)) )

A standard planning systemwould perform each of these
rules separately, in sequence, which might not result in an
optimal plan; for example, in the case that the object (the
chips) is in a different room than in the target location (the
living room), performing these task individually would re-
sult in the robot going to the target location, finding the
person, going to a different room to take the object, go-
ing back to the living room, finding the person again, and
finally, delivering the object. An optimal rule-based plan
will take the object first, then go to the target location, find
the person, and deliver the object.

Another strength of these rule-based systems is dealing
with incomplete information. A conceptual dependency
has a piece of minimum information to be performed and,
therefore, when incomplete commands are detected, the
robot might ask for the missing data. The command

“Give an apple”
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would generate the conceptual dependency “(atrans (actor
robot)(obj apple)(to nil)),” and activate a rule to complete
the command, like the following:

(defrule exec-atrans-no-recipient
(atrans (actor ?actor)(to nil))
=>
(printout t “(plan (name state)(actions ask human

recipient))” crlf)
)

It is important to consider that, while a conceptual
dependency has not been attended to, it remains in
memory and therefore, after the missing information has
been provided, the desired plan is generated. Finally, in
our experiments, we have provided several instances of
similar instruction sets at the same time, resulting in very
long commands where the inference system has been able
to process them, e.g.,

First, go to the office, find Paola, and give her an apple;
then, go to the living room, find Luis, and give him an
orange. Finally, go to the kitchen.

Our system first divides it into several conceptual depen-
dencies and then tests several groups and sub-groups of
consecutive conceptual dependencies to make a plan. In
this case, three sub-groups would be generated: two go–
find–give and one go command.

Moreover, it should be noted that, whilst the number of
skills increases (conveyed in the form of conceptual de-
pendencies), the complexity of a requested command will
increase. In our approach, a single command can be any
combinationwith repetition of any conceptual dependency,
and, therefore, expert experience is needed to help identify
those combinations that require special attention and leave
the remaining to be performed sequentially. In the follow-
ing link https://youtu.be/EXz1g6tuw78 our system imple-
mentation in a domestic service robot for general-purpose
tasks can be seen.

6 . Conclusion

The different nature of these competitions is a conse-
quence of the vast variety of services a service robot can
provide, and therefore getting a consensus on the evalua-
tion of a service robot’s performance becomes a great chal-
lenge. In this work, through the latest works on service
robots, we have described a general-purpose task for a per-
sonal domestic robot. The performance of a single com-
mand should comprise several skills and the robot should
deal with incomplete information, environmental reason-
ing, feature detection, dynamic physical states, and natural
human-robot interaction in both directions. Several sys-
tems have been developed towards this goal; on the one
hand, a single system can solve similar tasks by semantic
context understanding (such as moving objects from one
place to another), and, on the other hand, domestic envi-

ronments that simulate physical states, allow virtual reality
interfaces and support object’s semantic information has
been developed. However, a planning module is necessary
to concatenate a series of actions to attend to complex com-
mands. Here we propose to look back to expert systems to
close the gap toward general-purpose service robots and
to explore new ways to apply them to deep-learning-based
models.
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