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Abstract— There is a high cost in the deployment of complex
robotic applications in industry that is tightly associated with
the dedicated time and expertise required for the task program-
ming phase. This complexity is typically associated to the high
variability in the robotic task, which can be considered as one
of the barriers that inhibits the entry of robotic automation in
the Small Medium Enterprises SMEs sector.

To tackle this issue, we propose a dual-layer framework to
allow users to specify in a natural and intuitive way robotic
tasks in industrial applications. In part I we discuss how
to specify individual actions of a robotic task by generating
reactive approach motions. These motions are generalized from
demonstrations of allowable trajectories, and will adapt on-line
to changes in the environment. In this part II we discuss a task
level programming interface for programming by giving advice
in natural language. Interpreting the sentences is done using
a Fluid Construction Grammar (FCG) that extracts meaning,
which is visualized to the user in an assembly graph.

I. INTRODUCTION

The assembly industry is shifting more towards customiz-
able products or requiring assembly of small batches, which
requires a lot of reprogramming. Today, programming indus-
trial robots is left to expensive robot programming experts,
instead of task experts who posses knowledge about the
collection of possible tools, materials, parts and techniques
that might be required for an assembly. Before programming
can become easily accessible to this untrained group of task
experts, it is required that the programming method is as
intuitive as possible. These days, a lot of effort is being put
into making graphical interfaces as useable as possible, but
the user is always required to get to know this new interface.
Two of the oldest human methods of transferring knowledge
is by physical demonstrations or by explanation using natural
language, this paper will focus on the latter.

Research regarding Human-Robot Interaction based on
natural language for an industrial robot is still quite limited
compared to other teaching techniques. One way of teaching
is directly commanding the robot what sequence of actions it
should perform [1][2][3]. Y. Jia et al. [4] uses a Combinatory
Categorical Grammar to extract semantic information in a
logical representation. The set of these predicates is used
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to generate a primitive action plan. Downside here is that
the user will need to memorize all possible commands. But
also, like M. Holada [5], commanding on the level of actual
trajectories can be done using speech. The main feature is
that the human will not need to know the actual commands
of the robot, but can explain what he means in a natural way.

In another method, the human gives advice on how to
perform the assembly, such that the robot can figure out
the best assembly for itself. Stenmark et al. [6][7] took an
approach more in this direction. The user is able to program
a sequence of primitive actions using natural language. But
now the actual high-level assembly is not one sequence,
but represented by an assembly graph [8]. The assembly
graph is generated by dragging and dropping objects in the
graph. This is already quite intuitive, but requires again the
interaction with a graphical user interface, which has to be
learned.

This paper goes one step further by also generating the
assembly graph based on natural speech from a human.
The goal is to generate a knowledge base, from natural
human language, based on which the robot can generate all
possible assembly sequences. This will give the robot the
ability to choose a specific assembly sequence. Of course,
this method of programming should be viewed within the
larger concept of multimodal robot programming. Even
humans interacting with each other use multiple ways of
communication (e.g. a verbal explanation, backed up by
gestures and body movements).

II. NATURAL LANGUAGE PROCESSING

Interaction with the robot would be very natural if the
user can speak to it. This requires on the one hand speech
recognition to translate speech to text, and a text interpreter
to interpret the translated text sentences on the other hand.
This paper will only focus on the latter, the former will be
achieved by using the toolbox Microsoft Azure Speech-to-
Text [9].

A Natural Language Processing approach is implemented
that is able to interpret human advice. It uses Fluid Construc-
tion Grammar (FCG), developed by L. Steels [10], which is a
computational construction grammar formalism allowing for
the development of grammatical constructions. It organizes
the knowledge needed for parsing or producing utterances in
terms of bi-directional mappings between meaning and form.



Fig. 1. Representation of the meaning network generated by the Babel2 toolbox. This network is generated from the utterance ’assemble the blue object
before placing the red object’.

Focus will be on parsing utterances from the human, going
from an utterance to a meaning network.

The meaning network (Figure 1) represents the meaning
as a collection of logic predicates, where the parameters with
leading ? represent variables. So eg. (action ?x-594
assemble) represents that the variable ?x-594 is an
action that is an assemble-action.

The assembly relations between objects is represented
in the meaning network as (before ?constraint-33
?command-19 ?command-18), which describes that
the robot should do the action and object linked to
?command-19 before doing the action and object linked
to ?command-18.

III. USER INTERFACE

The interaction method in this paper requires that the
user gives all precedence relations to the system, but the
user should also have an idea of what he already taught the
system. For this an interface (see Figure 2) is also designed
that only shows the assembly graph (no buttons are added
to the interface). This information should already be enough
to program an assembly on the high level.

IV. PRELIMINARY RESULTS

The system has been tested for programming the Cranfield
Benchmark Problem [11](see Figure 3 for complete assem-
bly). The problem consists of the assembly of a pendulum,
in which the placement of some pieces are a prerequisite for
others, and for some pieces the order of placement is not
important. The assembly requires at least twelve constraints
to be fully constrained.

The interactions was tested using speech on the one hand
and typed text on the other. The Microsoft speech recognition
had an error rate of about 15% on this specific problem.
Out of the twelve constraint sentences, ten contained some
kind of error. Every mistake will need to be corrected if the
FCG needs to interpret it. Since a manufacturing plant is a

Fig. 2. The assembly graph of the Cranfield Benchmark Problem, after all
advice has been given. The steps must be performed from left to right.

semi-controlled environment and FCG requires a mapping
for all words in the grammar, it is possible to find the best
matching word in the vocabulary. For example, the speech
recognizer always interpreted the word pin as the word bin.
These mistakes can be corrected by finding the closest word
in the vocabulary. Nonetheless, this will not work for every
error. Eg. the word sequence ”green peg” is interpreted as
”Greenback, which cannot be solved this way.

So, because the speech recognizer was too unreliable, the
testing was further done by typing text. Here the results
showed that the system was able to interpret the twelve
natural language sentences. Some example sentences that the
system is able to recognize are:

• Start the assembly by placing the base plate.
• Assemble all red round pegs after the base plate.
• First assemble the base plate, and then do the blue

square pegs.
• Place the separator after the blue square pegs.

On a lower level, the system is also able to interpret the



Fig. 3. The Cranfield Benchmark problem after assembly of the pendulum
is finished.

sequential programming of primitive actions. So if the robot
knows it has to start the assembly with the base plate, then
the user can program the actions of this specific object by
saying: ”First grasp the base plate, next transport and release
it.”.

Of course, these results are preliminary and do not prove
that the system is useable and intuitive enough for untrained
factory workers. Therefore the next step is to do experiments
with participants to compare this teaching process to a state-
of-the-art interface used today in industry.

V. CONCLUSIONS

In this abstract, an intuitive task level programming inter-
face is presented where the user can give advice using natural
language, and will not be required to memorize all possible
commands. The interface uses a Fluid Construction Grammar
to interpret natural sentences from users. The experiments
showed that speech recognition toolbox is not robust enough
to translate accurately from speech to FCG interpretable text.
On the other hand, it is able to interpret typed sentences to
a meaning network and apply this to the assembly graph.
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