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1. Overview of the deliverable

1.1. Scope
This deliverable focuses on describing the hardware and the software that imple-
ments the Vocal HMI used to interact with the autonomous wheelchair developed
in the REXASI-PRO project. It serves as a high level documentation of the code
stored in the project’s GIT repository [8] hosted at DFKI. This document also de-
scribes some future work that will be conducted outside of task T3.5, but that is
strongly based on the developments carried out in that task.

1.2. Audience
This document is a reference for all partners interested in having a high level un-
derstanding of how the Vocal HMI has been implemented. Considering the con-
figurability and modularity of the Vocal HMI, reading this document will allow you
to use it in different contexts or to use some of its modules as building blocks of
other voice-based components.

1.3. Summary
This document, after introducing the role of the Vocal HMI, describes its hardware
and software architecture. Finally, it presents some future work that relates with
the Vocal HMI.

1.4. Structure
Section 2 introduces the functionalities that the Vocal HMI provides to the user
of the wheelchair; Section 3 describes the architecture of the Vocal HMI, both
from a hardware and software perspective; Section 4 and 5 introduce future de-
velopments based on or related to the Vocal HMI that will be carried out in the
REXASI-PRO project, but outside of Task T3.5. Section 4 describes the verification
processes that will be implemented for the vocal HMI, while Section 5 focuses on
trustworthiness aspects of using ChatGPT in giving assistance to the wheelchair
users. Section 6 draws conclusions and 7 lists the functional and non-functional
requirements listed in Deliverable D2.4 and referring to the vocal HMI, comment-
ing those whose implementation diverges from the initial description.

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2
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2. Introduction
Autonomous systems are advancing rapidly, and so is their ability to interact with
humans to understand their needs and consequently perform the actions neces-
sary to satisfy them. Task T3.5 focuses on giving this capability to the autonomous
wheelchair developed in the REXASI-PRO project. The type of interface chosen is
a vocal one, i.e. both the human and the autonomous system use voices to com-
municate: the former uses mouth and ears, the latter speakers and microphone.

The implemented HMI is not a pure vocal HMI, in fact the wheelchair is equipped
with a small keyboard in addition to the microphone and speakers. Interaction
with it is required for some actions, such as activating the vocal HMI, and accept-
ing or rejecting the execution of a command. This choice allows increasing the
reliability of the human-system interaction at a small cost in terms of interaction
smoothness.

So far, the vocal HMI has been programmed to answer to three needs of the
user:

• Specify target destination: the main task of an autonomous wheelchair is
bringing the user from their current position to a desired destination. The
vocal HMI, when listening to a user sentence, is able to understand that the
pronounced command is requesting to reach a target destination, and it is
also able to extract the name of this destination so that it can be passed to
the controller of the wheelchair that computes the best route to reach it. The
destination specified by a user can be of two types: a specific place (like room
103) a type of place (like toilet). In the second case, it is the controller that,
given the type of place to be reached, guides the wheelchair to the closest
place of that type.

• Adjust the driving style: the autonomous wheelchair is designed to have a
human acceptable behaviour. This means that the trajectories and the travel-
ling speed makes the user of the wheelchair (and also the surrounding peo-
ple) comfortable. However, different users have different needs, some prefer
to go faster than others, and some could be more comfortable having bigger
distances from walls and other obstacles. These kinds of request can be is-
sued by the user using the vocal HMI. Currently, the possible tuning regards
the speed and the distance from the obstacles, however they could change in
the future depending on which tuning parameter will be available in the final
version of the neural network and the rest of the software stack controlling
the wheelchair.

• Ask information about the wheelchair: finding the right information in a
very dense manual written in small fonts is quite difficult, it would be much
easier to ask our devices directly about their functionalities. This is what the
vocal HMI of the wheelchair aims at, relying on the possibilities of ChatGPT (or
other LLMs).

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2
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Figure 1: The hardware of the vocal HMI. From left to right: the LG H390 headsets, the Elgato Stream Deck
Mini and the Seed Studio J4011

3. Architecture

3.1. Hardware Architecture
The hardware stack for the vocal HMI consists of four main components:

• a microphone used by the vocal HMI to listen and capture the voice of the
user;

• a speaker used by the vocal HMI to speak to the user;
• a small keyboard used to interact with the wheelchair when high reliability is

required;
• a computing unit that processes the inputs (voice and key pressed) to gener-

ate the commands to be sent to the wheelchair controller and the responses
to be spoken to the user.

In our implementation, the microphone and the speaker are integrated in the
same device, an LG H390 headset (the first from the left in Figure 1). The choice
of this model has been done to guarantee the interaction between the user and
the wheelchair also in noisy environments thanks to its noise-cancelling features.

The chosen keyboard is an Elgato Stream Deck Mini (the second from the left
in Figure 1). This device has 6 keys, each with a small screen that allows to change
the image displayed on it. This allows us to:

• change the functionality of a key depending on the state of the vocal HMI (or
more in general of the whole wheelchair);

• use the keyboard not only as an input device, but also as an output one.
The use of the keyboard as an output device is not exploited by the vocal HMI,

but it is used extensively in other circumstances, particularly during the real-world
data collection in Task T7.3. In this case, the keys on the keyboard are used to
display the status of the data collection, so that the person collecting the data
can be notified immediately if there is a problem.

As previously mentioned, the keyboard is used where high reliability is needed.
Here is a list of the circumstances where the user is requested to interact with it:

• Activating the vocal HMI: the vocal HMI is not always listening to the user
voice. This helps to avoid unintended interaction with it (e.g. when the user is
speaking with another person). In order to activate the vocal HMI, the user is
requested to press a key.

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2
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Figure 2: Interactions between the hardware components

• Confirming and refusing commands: before executing a command, the vocal
HMI asks the user for a confirmation about the action it is going to actuate.
Confirmation and refusal take place by pressing two dedicated buttons.

• Triggering the question-answer functionality: a dedicated button allows the
user to activate the functionality to ask questions about the usage of the wheel-
chair.

• Trigger the profile creation: the vocal HMI only accepts vocal inputs from the
person using the wheelchair. Its ability to distinguish voices, requires that a
voice profile is generated each time that the user on the wheelchair changes.
This profile acquisition process is triggered pressing a dedicated key on the
Stream Deck.

The chosen processing unit is a Seed Studio J4011 (the third from the left in
Figure 1) featuring a Jetson Orin NX with 8GB of RAM. This module, which delivers
up to 70 TOPS AI performance, offers also a rich set of input outputs solutions
including USB 3.2 ports, HDMI 2.1, M.2 key E for WIFI and M.2 Key M for SSD.

The headset and the keyboard are both connected to the processing unit via
USB cable, and their interactions are summarized in Figure 2. The headset cap-
tures the user’s voice and sends it to the processing unit, which generates a re-
sponse that is sent as an audio signal to the headset’s speakers, which play it back
for the user to hear. The keyboard sends the code of the keys pressed by the user
to the processing units, which use it to command the behaviour of the vocal HMI.

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2

11



Reliable & Explainable Swarm Intelligence
for People with Reduced Mobility

Figure 3: Software architecture of the vocal HMI

3.2. Software Architecture
The process of capturing an audio signal, interpreting it and taking as a conse-
quence one or more actions, involves many software components. All of them
have been implemented in the ROS2 framework [26] using Python and are shown
in Figure 3. In the picture, we represented all the ROS2 nodes, services and topics
required for the implementation of the vocal HMI. We give a short description of
each of these ROS2 component types:

• Nodes: they are the unit of computation, where the logic takes place. Nodes
can exchange information among them using services and topics (described
later). Nodes can reside on the same machine, but ROS2 also allows distribut-
ing them to different machines.

• Services: a node can expose a service (service server). This means that it ex-
poses an interface that allows other nodes (service clients) to ask it to accom-
plish a task. Usually, the interaction is synchronous and expected to be fast:

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2
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the service client sends an input and waits for the service server to precess it
and answer with the proper output.

• Topics: nodes can use topics to communicate in a publish-subscribe model.
This model is based on three concepts: channel, publisher and subscriber. A
channel is an object where one or more publishers publish a message and
one or more subscribers listen for such messages. This leads to the imple-
mentation of event-driven logics that are intrinsically asynchronous.

We now proceed describing the role of the nodes and the channels repre-
sented in Figure 3. We start with the nodes that are part of the vocal HMI (shown
in orange in the picture), to continue later with those that are external but interact
with those of the vocal HMI (shown in blue in the picture).

• Audio capture: this node, when requested, starts recording the input audio
source (in our case the microphone of the headset). It stops the recording if
the user become silent for some seconds.

• User profiler: this node receives an audio recording and uses it to extract
a vectorial embedding of the voice of the user. For creating the voice em-
bedding, the node relies on speechbrain [30], an open-source and all-in-one
conversational AI toolkit based on PyTorch. It comes with pre-trained models
for Speech Recognition, Text-to-Speech, Speaker Recognition, Speaker Verifi-
cation, Speech Enhancement, Speech Separation, Spoken Language Under-
standing, Language Identification, Emotion Recognition, Voice Activity De-
tection, Sound Classification, Grapheme-to-Phoneme, and many others. This
node uses the Speaker Verification component. It is composed of an ECAPA-
TDNN model, a combination of convolutional and residual blocks. The em-
beddings of the voices are extracted using attentive statistical pooling. The
system is trained with Additive Margin Softmax Loss.

• User recognition: this node takes as input a voice recording and tells if its
voice belongs to the current user of the wheelchair. To do this, it computes
the voice embedding of the recording, and computes its cosine similarity with
three embeddings computed on three sentences previously pronounced by
the user. The node answers that there is a match if at least one of the calcu-
lated cosine similarities is below a given threshold. This module, as the User
profiler one, relies on the speechbrain [30] toolkit.

• STT: SST (Speech To Text) node takes as input an audio recordings with a
sentence pronounced by the user and converts it to text. To accomplish this
task, the node relies on Whisper [29], a transformer based encoder-decoder
model pre-trained for automatic speech recognition (ASR) and speech trans-
lation. Trained on 680k hours of labelled data, Whisper demonstrates a strong
ability to generalise to many datasets and domains without the need for fine-
tuning.

• NLU: the NLU (Natural Language Understanding) node takes as input a string,
and returns an intent and the entities necessary to complete the intent. For
example, given the sentence "Go to office 105" the extracted intent is pro-
vide_destination, the entity is office 105. Given this structured information, it
is easy to understand that the user has specified a destination and that this
destination is office number 105. This node performs intent and entity ex-
traction using Rasa [11], a natural language understanding module. It com-

This project has received funding from the European Union’s Horizon Europe
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prises loosely coupled modules combining a number of natural language pro-
cessing and machine learning libraries in a consistent API. It aims a balance
between customisability and ease of use. To this end, there are pre-defined
pipelines with sensible defaults which work well for most use cases. This tool
requires to be trained to recognize the set of intents and entities used in the
context of application. The information to be supplied for the training is the
list of intents. For each intent, it is necessary to supply a list of sentences that
well represents it and highlight which part of the sentence are entities to be
extracted. In Listing 1 you see how the provide_destination intent is defined.

1 version: "3.1"
2

3 nlu:
4 - intent: provide_destination
5 examples: |
6 - Can you take me to the [information desk]( destination)?
7 - I need to go to the [elevator ]( destination).
8 - Please take me to the [restroom ]( destination).
9 - Can you show me the way to the [cafeteria ]( destination)?

10 - I want to go to the [conference room]( destination).
11 - Can you take me to the [office 24]( destination)?
12 - I need to go to the [administration office ]( destination).
13 - Please show me where the [waiting area]( destination) is.
14 - Can you take me to the [parking garage ]( destination).
15 - Show me where the [north exit]( destination) is.
16 - Can you take me to the [south way out]( destination)?
17

18

Listing 1: Definition of the provide_destination intent

• OpenTTS: this node, given as input a sentence in string format, returns the
same sentence in audio format. It relies on OpenTTS [5], a wrapper to multiple
open source systems that gives support for many languages and voice tones.

• Text to speech: this node subscribes to the user_message channel, from
which it receives text messages with a priority. These messages are queued
depending on priority, converted to audio using the OpenTTS node, and pub-
lished as a sequence of bytes to the response_audio channel.

• Audio player: this node subscribes to the response_audio channel and plays
all the audio it receives on the output device (the speakers of the headsets in
our case).

• LLM: this node, given a text message with a question, uses an LLM (Large
Language Model) to answer. Currently, it is using gpt-3.5-turbo but it can
be configured to use other models. The node is tailored to answer questions
about the wheelchair usage and its characteristics, extrapolating the knowl-
edge from the manufacturer manual of the device. The process to extract this
data is explained in Section 3.2.1.

Among the nodes that are part of the vocal HMI, we have not yet described
the Operation Manager. However, we will leave it as the last one of this section,
since it interacts with almost all the nodes of the graph shown in Figure 3. Now
we proceed with the description of the nodes that are external to the vocal HMI.

• Button driver: the button driver node reads all input from the keyboard and
translates it into messages with the code of the keys pressed, which are pub-
lished on the trigger_mode channel.

• Action executor: this node takes as input an action command to be executed
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Figure 4: State machine implemented in the Operation manager node

on the wheelchair. For example, if the user asks "Go to office 105", this node
takes as input the action code corresponding to the provide_destination ac-
tion with the name of the destination to be reached. Optionally, it returns a
message to be played to the user. For example, if office 105 is a non-existent
destination, the node command returns a text message informing the user
of this fact.

• Orchestrator message broker: the REXASI-PRO project includes the pres-
ence of an orchestrator that - having a global knowledge of the spaces in
which the wheelchair is moving - provides feedback such as the best routes
or the need to brake to avoid a moving obstacle. For the sake of explain-
ability, the orchestrator communicates the reasons for its decisions using the
vocal HMI. To do this, it sends a text message to the wheelchair, that is re-
ceived by the Orchestrator message broker node that publishes it on the
user_message channel. This action causes the message to be played through
the user’s headphones. Note that messages played on the user_messages
channel have a priority that is used to order the messages in the queue where
they wait to be played. The messages sent by the Orchestrator Message Bro-
ker always have high priority and are published before the other messages.

Finally, we describe the Operation manager node, which has the most inter-
actions with the other nodes and is the main actor behind the orchestration of the
vocal HMI. This node subscribes to the trigger_mode channel, where the Button
driver node publishes the codes of the keys pressed by the user on the keyboard.
When the Operation manager receives a message from the trigger_mode chan-
nel, it reacts as described by the finite state machine shown in Figure 4. When the
vocal HMI starts, the Operation manager is in the Idle state of the state machine.
It leaves this state as a result of three events that lead to three different action
streams, which we describe below:

• The user presses the profile key on the keyboard (see Figure 4.A): the state
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machine of the Operation manager switches to state Waiting for profile ac-
quisition and takes the following actions:

– It publishes a message on the user_message channel, asking the user
to press the speak key and say the first of the three phrases to be pro-
nounced to complete the profile acquisition: "Hello wheelchair". This ac-
tion triggers the Text to Speech node which, after a few passages, leads to
the message being played through the user’s headphones.

– The state machine changes its state to Wait speak key and the Operation
manager waits until the speak key is pressed.

– At this point, the state machine jumps to state Recording, where the Op-
eration manager queries the Audio capture node to capture the next sen-
tence spoken by the user.

– Once the sentence is recorded, the state machine enters the state Tran-
scription that leads the Operation manager to interact with the STT node
to convert the voice of the user to a text message.

– The state machine jumps to the Sentence check state, where it checks if
the sentence pronounced by the user is the expected one (i.e "Hello wheel-
chair"). The check is done with the library JiWER [3] computing the WER
(Word Error Rate). This metric is computed as the Levenshtein distance
between the recognized word sequence and the ground truth transcrip-
tion divided by the number of words in the ground truth transcription.
The Levenshtein distance is defined as the minimal number of substitu-
tion, insertion and deletion operations required to turn one word string
into another.

– After this, if the WER score is above the threshold of 0.5, the state machine
jumps to the Speak request state asking the user to repeat the sentence,
otherwise it moves to the Profiling state where the Operation manager
computes the embedding of the audio recording relying on the Profiler
node.

– Once the embedding is computed, the state machine enters the state
Profile acquisition check. If all the sentences required to complete the
profile acquisition have been properly pronounced the profile acquisition
is finished and the embeddings of the pronounced sentences are stored.
Otherwise, Operation manager jumps to the Speak request state and
asks the user to pronounce the next sentence. The complete list of sen-
tences to be pronounced is "Hello wheelchair", "Bring me to the elevator"
and "Go to the cafeteria".

– Finally, the state machine goes back to the Idle state and the Operation
manager is ready to accept the next command.

• The user presses the speak key (see Figure 4.B): the Operation manager state
machine jumps to the Recording state and takes the following actions:

– By querying the Audio capture node, the Operation manager acquires
the recording of the next sentence pronounced by the user.

– The state machine changes its internal state to User verification, and the
Operation manager sends the acquired recording to the User verification
node. This node computes the embedding of the recording and com-
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pares it with those of the profile of the current user of the wheelchair
(those computed during the profiling procedure where the user pronounced
the sentences "Hello wheelchair", "Bring me to the elevator" and "Go to the
cafeteria").

– If there is no match between the embedding and the user profile, a mes-
sage informs the user about it and the state machine jumps back to the
Idle state. Otherwise, the state machine enters the Transcription node
and the Operation manager sends the recording to the STT node that
answers with its transcription.

– At this point, the state machine jumps to state Text interpretation, where
the Operation manager asks the NLU node to extract from the transcrip-
tions intent and entities.

– If such information is extracted with a too low confidence, the state ma-
chine jumps back to the state recording and the Operation manager asks
the user to repeat the command. Otherwise, the state machine changes
state and moves to the Asking confirmation state, in which the Operation
manager sends a text message to the user_message channel asking the
user to confirm the understood command.

– If the user presses the "refuse" button, the state machine goes back to the
Idle state, otherwise, it moves to the state sending action where it sends
the command to the Action executor node that executes the command.

– Finally, the state machine goes back to the Idle states and the Operation
manager is ready to accept the next command.

• The user presses the info key (see Figure 4.C): the state machine of the Oper-
ation manager jumps to the Recording state and takes the following actions:

– As the first step, it contacts the Audio Capture node to record the next
sentence pronounced by the user.

– Once the recording is finisched the state machine changes state to Tran-
scription and the Operation manager contacts the STT asking for the
transcription of the just captured recording.

– Then the state machine jumps to state Send question and the Operation
manager sends the question of the user to the LLM node that answers
with a text message that is played in the headphones of the user.

– Finally, the state machine goes back to the Idle states and the Operation
manager is ready to accept the next command.

3.2.1. Pipeline to answer questions using an LLM

The vocal HMI allows the user to ask questions about the characteristics and func-
tioning of the wheelchair. This is achieved by relying on an LLM, specifically GPT
3.5 turbo, which is instructed to extract its answers from a specific source: the
wheelchair manual. Currently, we are using the original manual of the wheel-
chair, provided by Ottobock, because a manual describing the wheelchair with
the additional features provided within the REXASI-PRO project is not available.

Basic notions on LLMs: the used LLM is based on a transformer model and
works by receiving an input, encoding it, and then decoding it to produce an out-
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put prediction. To achieve its capability to receive an input and generate an out-
put prediction, the model requires training, so that it can fulfil general functions,
and fine-tuning, which enables it to perform specific tasks. Therefore, in a first
stage, LLMs are pre-trained using large textual datasets from sites like Wikipedia,
GitHub, or others. These datasets consist of trillions of words, and their quality
will affect the language model’s performance. At this stage, the large language
model engages in unsupervised learning, meaning it processes the datasets fed
to it without specific instructions. During this process, the LLM’s AI algorithm can
learn the meaning of words, and of the relationships between words. It also learns
to distinguish words based on context. For example, it would learn to understand
whether "right" means "correct," or the opposite of "left." To make the LLM perform
a specific task, such as translation or question answering, it must be fine-tuned to
that particular activity.

Focus a question answering LLM on a specific topic: the dataset used to train
LLMs is large, but it cannot cover all the knowledge needed to answer any input of
a question-answering task. For example, the LLM cannot answer questions about
events that occurred after training or about very specific topics. To solve this prob-
lem, as a first approach one could think of retraining the model with documents
containing the missing information, but this approach is not always feasible due
to the complexity of the training procedure, the resources required to perform it,
the time it takes, and last but not least, the availability of the training pipeline. A
more common approach to this problem is to properly engineer the input (also
called prompt) to the model, adding the context from which it is expected to ex-
tract the information. Thus, if we want to get an answer about the fairy tale Little
Red Riding Hood, the input to the model would be:

Considering this fairy tale: "Once upon a time . . . " could you tell me
what animal eats Little Red Riding Hood?

and not:
Could you tell me what animal eats Little Red Riding Hood?

This technique is also very useful to limit the number of hallucinations gener-
ated by the model, i.e. situations where it produces an output that is coherent and
grammatically correct but factually incorrect.

Handling large contexts with RAG: over time, the dimension of the prompt
accepted by the LLMs has grown, however it is always limited to a fixed number
of characters. For example, in the case of ChatGPT it is about 3000 characters.
It often happens that the dimension of the documents that we want to pass as
prompt context (hereafter knowledge base) is much larger, and this is the case
also for the manual of the wheelchair that is about 6 million characters long. To
address this problem, a widely used approach is called Retrieval Augmented Gen-
eration (RAG).

This approach combines the usage of an LLM with a retrieval tool whose pur-
pose is, given a question, to extract those parts of the knowledge base that satis-
fies the following:

• to have fewer characters than the maximum accepted by the LLM prompt
• to contain the information required to give an answer to the question
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Figure 5: Descriptions of the RAG approach: above the pipeline to import the knowledge base in the vector
database, below how to exploit this information to answer the question of a user

In order to be able to accomplish this task, the retrieval tool needs to preprocess
the knowledge base taking these steps (shown in the top part of Figure 5):

• The knowledge base needs to be imported in a machine-readable format. For
example, in the case of a PDF, text needs to be extracted from paragraph and
tables.

• The knowledge base is divided in chunks, i.e. the whole text is divided in parts
such that some of them (a reasonable number is between 5 or 10) can fit in
the prompt of the LLM.

• For each chunk, an embedding is computed. This can be done with an LLM
but also with other approaches.

• The so computed embeddings are stored with the corresponding chunk in
a vector database, where they can be easily retrieved using different metrics
(e.g. by cosine similarity with a given embedding)

Once the embedding of the chunks are in the vector database, these are the
steps to take to answer questions based on the information contained in the knowl-
edge base (shown in the bottom part of Figure 5):

• Compute the embedding of the question posed by the user with the same
method used to compute the embeddings of the chunks of the knowledge
base.

• Query the vector database passing as input the embedding of the question.
The database finds the chunks with the higher probability to contain the in-
formation to answer the question. There are many approaches to accomplish
this task, the simplest consists in extracting the chunks having the embed-
dings with the highest cosine similarity with the embedding of the question.

• Compose the prompt of the LLM by concatenating the chunks correspond-
ing to the embedding extracted in the previous step and then asking the LLM
to answer the questions only relying on the information contained in that
chunks.

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2

19



Reliable & Explainable Swarm Intelligence
for People with Reduced Mobility

Implementation of the RAG approach within REXASI-PRO: so far we gave a
general description of the RAG approach, here we describe how we instantiated
it in the REXASI-PRO project mentioning tools and methods used to implement
the blue boxes represented in Figure 5:

• Text Extraction and Cleaning: the extraction of text data from the document
was made possible by the Python library pdfplumber [7], which allows ex-
traction of text and relevant metadata from pdf file; this tool also offers a vi-
sual debugger, which lets you easily inspect the result of the algorithm, test-
ing its ability to correctly parse every character in the file. In this sense, each
document was scanned, and the information associated to each page were
extracted, such as page content, page number, annotations, URLs, and docu-
ment title. The pages content were used for extracting the information for the
LLM, while the other information were used as metadata. A cleaning phase
was applied using a tool called cleantext [1]: it is a collection of functions that
lets you parse, clean and format text data. This phase was applied for normal-
ize the text outputted by the pdf parser and translate to the same encoding
of all the characters.

• Chunking: for the chunking phase the RecursiveSplitterFunction from Langchain
library [4] was used, which is a well-known resource for managing LLMs. The
aforementioned function takes a text as input, and it recursively splits it ac-
cording to specific delimiters, that denote the last chars of text’s phrases.

• Chunk and question embedding computation: for the embedding part, a
transformer model was applied, the ’all-MiniLM-L6-v2’ [2], which is a embed-
der model that maps sentence and paragraphs to a 384 dimensional dense
vector space, which is well suited for task like clustering or semantic search.

• Chunk retrieval: given an input question, we compute its embedding with
the same method used to compute those of the chunks. Then we ask the
vector database to return the 5 chunks whose embedding is closest to that
of the question. For this step we use the Euclidean distance.

• Prompt creation: the prompt used consists of three parts: PREFIX, CONTEXT,
and SUFFIX, described as follows:

– PREFIX: defines the general statement in the input to the model. De-
scribes the scope of the query, the model’s response behaviour, and the
generation constraints and/or requirements.

1 You are an intelligent wheelchair powered by artificial intelligence that was
made for helping users answer their questions.

2 Your goal is to give concise and informative answers based solely on the given
DOCUMENTS.

3 Please reply to the question using only the information present in the DOCUMENTS
below.

4 If the answer is not contained within the text above , reply politely that the
information is not in the knowledge base.

5 You must only use information from the given DOCUMENTS.
6 Use an unbiased and journalistic tone and answer only with the essential

information .
7 Do not repeat text.
8 If you don’t know the answer , just say that you don’t know , don’t try to make up

an answer.
9

Listing 2: PREFIX of the prompt

– CONTEXT: contains the chunks extracted by the vector database that are
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inherent to the user query. It has a specific format: it starts with CONTEXT
and lists every piece of information associated to the chunk.

1 DOCUMENTS:
2 - not use the wheelchair in case of ...
3 - the intended use of the wheelchair is ...
4 - do not apply external , not tested devices to ...
5 - refer to the Section 14.0 for understanding ...
6 - Section 14.0: Usage of brake system in ...
7

Listing 3: CONTEXT of the prompt

– SUFFIX: represents additional information regarding the prompt, or/and
defines an output format for the LLM. Generally is the last piece of infor-
mation ingested by the model, and can drive the output of the genera-
tion, manipulating the generation after the PREFIX and CONTEXT phase.
We will give more details on this in the next paragraph, where we explain
the strategy implemented to increase the explainability of the answer re-
ceived from the LLM.

• Passing the input to the LLM: The LLM used is chatGPT based on GPT 3.5
turbo. The inference is done using the OpenAI APIs [6], where both the gen-
erated prompt and specific additional parameters are entered. The additional
parameters play a critical role in ensuring reproducibility, which is essential for
the model to produce identical responses to identical queries. The parame-
ters include

– random-seed: Seed value for the random number to make the results re-
producible.

– temperature: metric that controls the amount of randomness in the gen-
erated output: we set it to 0 in order to get the same output when we
provide the same input multiple times.

Explainability of the answer: the described approach can fail to provide the
correct answer for multiple reasons, these are some examples:

• the chunks extracted from the knowledge base do not contain the informa-
tion required to answer the question

• the LLM misinterpreted the information contained in the chunks
• the LLM generates non-factual or nonsensical answers (i.e. hallucinations)
One mitigation strategy for such events is to provide the user with the portion

of text in the knowledge base from which the LLM extracted its answer so that
the user can verify its reliability. A first step in this direction is to provide the user
with the chunks from which the answer was generated. However, the chunks may
consist of several sentences, and it is quite difficult for the user to go through all
of them. A better approach would be to highlight the sentences that were more
relevant for the LLM to generate its answer. To achieve this result, we modified the
pipeline shown in Figure 5 in two points:

• We modified the prompt generation step by adding a SUFFIX to the prompt
asking the LLM to assign a score between 0 and 1 to each sentence of the
chunks, depending on how useful the sentence was for generating the an-
swer. Finally, we asked the LLM to return only the sentences with a score
greater or equal to 0.1 in a table with two columns: the first with the sentence
and the second with the score associated with the sentence.
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Figure 6: Example of answer provided by the model to the question "What is the overall height of the
wheelchair?"

1 For every sentence inside DOCUMENTS , detect each sentence and assign a score between
0 and 1 that reflects how informative it is to answer the question.

2 Return the answer to the question and a markdown table that shows the sentences with
a score greater than 0.1, where each row

3 has two data entries , one is the sentence , and the other is the score associated with
it.

4

Listing 4: SUFFIX of the prompt

• Since the inference now consists of two parts (the answer to the question and
the table with the most important sentences used to infer the answer), we
added an extra step at the end of the pipeline to: first, extract the answer and
send it to the vocal HMI to be played in the user’s headphones; second, get the
table with the sentences used to infer the answer, search for these sentences
in the pdf file from which the knowledge base was extracted (in our case, the
wheelchair manual), and finally highlight such sentences in the original pdf.
In the case of the wheelchair, the resulting PDF cannot be shown to the user,
but in a use case where a screen is available, it could be and would provide
useful insights to understand if the user can trust the LLM’s answer.

You can see an example of inference provided by the model with the described
prompt in Figure 6.

This preliminary work regarding the explainability and reliability of ChatGPT in
the context of REXASI-PRO will be extended outside of task T3.5 as described in
Section 5.
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4. Dialogue-based Guidance Verification
By the end of the second year of the REXASI-PRO project, as the result of task
T.4.5, the system for the dialogue-based guidance is going to be analyzed with
the objective of reducing or mitigating accidental or adversarial threats. More
specifically, the verification process will tackle two main challenges: (i) the con-
sistency of the speech w.r.t the predicted actions (S → A), and (ii) the causality
relation between action and speech (S ← A). The motivation for this analysis is
that the speech-to-action sub-system, that associates a wheelchair command to
the voice commands (given by the user), is complex and may be exploited to neg-
atively impact the safety of the user.

4.1. Speech to Action (S → A)
This analysis will ensure that the system reliably predicts actions, or intents, from
a given speech signal. Based on the architecture of Figure 3, we have two rele-
vant prediction tasks to verify: 1) predicting text from speech, and 2) predicting
action/intent from speech (the latter prediction is the sequential composition of
the STT and NLU models).

To this purpose, we will resort to the frameworks of conformal prediction (CP) [38,
9] and conformal risk control (CRC) [10]. In the context of intent prediction, CP
would derive prediction regions, i.e., sets of plausible actions, guaranteed to in-
clude, with arbitrary probability, the true (unknown) action for a given input speech
signal. Such a region directly quantifies the uncertainty of the prediction for the
input speech. When the region is not a singleton, i.e., the prediction is uncertain
and we cannot reliably exclude alternative output intents, the user is asked to re-
peat the command.

CRC generalizes CP by allowing to control the expected value of any loss func-
tion (in particular, monotone loss functions that shrink as the size of the prediction
region grows). This is especially useful in settings where we do not require the pre-
diction region to cover the ground truth output exactly, but in a looser and more
flexible manner. CRC will be used to verify the speech-to-text model: as done
in [13], we can select our loss function in such a way that the resulting prediction
regions are guaranteed to include, with a given probability, at least one sentence
whose Word Error Rate (WER) w.r.t. the ground truth text is below a given thresh-
old. For the same settings, CP instead would require that the region includes at
least one sentence equal to the ground truth text, which is arguably too strict of a
requirement for this prediction task.

Our approach will also ensure that these probabilistic guarantees hold despite
distribution shifts that arise between training and test data [37]. In particular,
we will consider covariate shifts (i.e., deviations in the distribution of inputs) oc-
curring due to 1) different levels and kinds of environmental noise (e.g., crowded
spaces, wind, traffic) and 2) the characteristic voiceprint of the test subject that,
due to anatomical and acoustic factors, is distinguished from the voiceprints of
the speech signals used for training.

This project has received funding from the European Union’s Horizon Europe
research and innovation program under grant agreement No 101070028-2

23



Reliable & Explainable Swarm Intelligence
for People with Reduced Mobility

4.2. Action to Speech (S ← A)
The methodology that will be adopted for the verification of the causality relation
between actions and speech is as follows.

1. Threat Identification and Assessment: The speech-to-action subsystem (de-
scribed beforehand in this deliverable) is abstracted into a functional and phys-
ical architecture. The functionalities (e.g., the STT and the NLP components)
and the physical components (e.g. the headset) are associated with a number
of known generic threats. Those threats are then articulated as a (threat) sce-
nario detailing how the threats could be exploited to negatively impact the
causality relation between actions and speech.

2. Mitigation Strategy: The threat scenarios will be mitigated by analyzing the
implementation of the speech-to-action subsystem (e.g., the software archi-
tecture based on ROS2) and its cybersecurity, ultimately refining the system
implementation and cybersecurity architecture.

3. The threat scenarios will also be evaluated against an impact and likelihood
scale for the prioritization of the effort for the implementation of the mitiga-
tion strategy.

One of the challenges identified in the project proposal is that the user authenti-
cation on the HMI may not be sufficient to guarantee that the speech commands
are actually given by the user. Both accidentally or maliciously, commands could
be given not by the user but by another user in proximity to the microphone of
the wheelchair, “hijacking” the authenticated session of the user. Therefore, tech-
niques for the continuous authentication of the user will be investigated as miti-
gation of this threat.
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5. Trustworthiness of ChatGPT
The recent boost of innovation in Large Language Models (LLMs), like ChatGPT
from OpenAI [28], is impacting our society as a whole. For instance, in the work-
place, more and more text authoring tasks are supported or even completely au-
tomatized by LLMs. More natural and intuitive speech-based Human-Machine
interfaces (HMI), like those embedded in most current operating systems, are an-
other prominent application of LLMs.

In the context of REXASI-PRO, we investigate novel methods to include ML
components in trustworthy-by-design architectures for assistive technologies. In
this deliverable, we focus on using LLMs to enhance the interaction between users
and smart wheelchairs. In particular, can we leverage ChatGPT to answer ques-
tions about the wheelchair’s functioning? Can we trust the answers that it pro-
vides?

This section presents the current state and future plan of our investigation of
these questions, whereas technical details about the integration of ChatGPT in the
REXASI-PRO HMI software architecture are presented in Section 3.2.1. The section
is organized as following: Section 5.1 introduces the investigation in more details,
Section 5.2 describes related works, and Section 5.3 introduces the data analysis
method and the collected dataset. The evaluation on the dataset is ongoing and
results will be part of a scientific contribution in preparation. Finally, Section 5.4
illustrates our plans to monitor/improve trustworthiness at runtime using auxil-
iary modules based on machine-learning, which will be part of the next scientific
investigation.

5.1. Trustworthiness of Large Language Models
Like most Deep Learning methods, LLMs represent black-boxes for their users.
Anecdotally, they work well, yet they do not provide guarantees on their perfor-
mance when answering domain-specific questions, like during the workflow pre-
sented in Section 3.2.1. How can we trust that their answers are correct and useful
for the user asking them? How can we trust them to declare their ignorance when
not provided with enough information to answer a specific question?

Trustworthiness of a software component relies on many factors, some of which
are subjective to the users [35]. We focus on the three most relevant features for
our application context:
Accuracy : are answers correct?
Robustness : are answers robust to small variations that generate semantically

similar questions, like it would be expected from human interlocutors?
Explainability : can LLM-based modules explain why they provide a particular

answer, and in particular, identify the source of information in the original
context?

In order to answer these questions and assess how well an LLM performs in a
specific domain, we need to:

1. define appropriate metrics for the target properties listed above;
2. define a dataset of representative questions from users;
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3. evaluate the metrics on the dataset.
While the dataset (see Sections 5.3.1) and the related results are specific to the
application domain, we present a general methodology to generate them, which
can be applied to assess the performance of LLMs-based Q&A in other domains.

5.2. Related work
Different works have already addressed trustworthiness-related topics with re-
spect to LLMs, either from the high-level perspective [25] or discussing a particu-
lar aspect focusing on a precisely defined set of research questions [20, 33, 34, 17].
Although trustworthiness as an umbrella term is a bit fuzzy and encompasses dif-
ferent things, the research mainly focalizes on topics of reliability [33, 43, 20, 18,
34, 24], robustness [43], consistency [17, 24, 36] and finally, accuracy [18, 36] as
a way to measure the performance of LLMs in question answering setup. As the
focus of this work is on a QA task, we limit the scope and leave out of consideration
other studies focusing e.g. on robustness and reliability checks of LLM code gen-
eration [43]. Although different LLMs have been considered in QA-related works
on the topic, the cornerstone of quite some of the studies remains to be ChatGPT
[33, 18, 36, 17].

To assess model reliability, initial studies performed a straightforward QA eval-
uation [18, 36], while more advanced studies typically resort to prompting, trying
to use prompts for improving reliability [34] or simply investigating how much
different prompt formulations influence the answer of a question [20, 33, 34]. As
an alternative to prompting for assessing model reliability, adversarial examples
were also used, exploiting how much perturbed but semantic-preserving ques-
tions impact the answers [33]. Some authors even provide more precise defini-
tions of particular aspects, e.g. reliability is defined as the ability to generalize,
reduce social bias, calibrate output probabilities and update factual knowledge
[34].

Current findings reveal that: 1) ChatGPT’s correctness varies across question
domains [33]; 2) prompting is extremely important as even the minor prompt
changes might lead to drastic differences in the answer [20] affecting both the
accuracy in the answering as well as the identification of unanswerable questions
(e.g. when the prompt is used for assigning a particular role to ChatGPT [33]);
moreover, the more subjective the prompt is, such as asking for opinion or agree-
ment with the user, the more likely it is that the obtained answer is incorrect [20];
3) ChatGPT is vulnerable to sentence-level and character-level attacks while syn-
onyms attack are mostly ineffective [33], however, the adversarial attack impact is
assessed only on yes-no and multiple choice questions. Another remarkable find-
ing is that ChatGPT tends to make meaningless guesses rather than to reject to
answer, identifying only 27.8% of unanswerable questions [33].

Most of the studies rely on available datasets (either entirely [34] or sampling
from these randomly [33] or curating the specifically tailored datasets e.g. [20] do
it based on different levels of truth using Wikipedia as a source, or augmenting
them using paraphrasing [17]). These datasets encompass diverse domains re-
lated to general topics (as found in Wikipedia) [20] as well as particular domains
such as recreation, medicine, (social) science, technology, law, history [33].

Very rarely the datasets were constructed from scratch and are domain-specific
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such as in [18, 36]. In contrast to our study, these specific purpose and domain
datasets were typically designed for the medical domain [18, 36]. In [36], a dataset
of clinical yes-no questions in endodontics was generated, with questions classi-
fied in three different levels of difficulty based on the complexity of the endodontic
procedure involved, the level of knowledge required and the likelihood of an in-
correct response by a general dentist. The dataset in [18], constructed to assume
binary or descriptive answers, was also particular as the questions originated from
different specializations and were categorized based on their difficulty in easy,
medium and hard, but the judgement on difficulty was entirely relying on au-
thor’s subjective opinion. This is opposite to our case, where the categorization
was done in a more systematic way. It is also worth mentioning that the results of
these studies are contradictory, as one states that the overall accuracy of ChatGPT
was fairly high across question types and difficulty (although being a bit reserved
towards specific specializations and undoubtably reliability) [18] while the other
claims significant differences in accuracy depending on question difficulty [36].

Evaluation metrics used in current literature for characterizing the quality of
the answers vary with respect to the evaluation goal. For correctness, studies have
used accuracy for yes-no and multiple-choice answers, F1-score and Rouge-L for
extractive and abstractive answers [33] as well as a six-point Likert scale evalua-
tion [18] or exact match [36]. Additionally, for completeness, a three-point Lik-
ert scale was used [18]. Consistency was evaluated based on the proportion of
matching responses additionally employing confidence intervals and binomial
Wald method. Perplexity was used for evaluating fluency [33]. For evaluating the
impact of adversarial attacks, attack success rate measuring the fraction of adver-
sarial examples that ChatGPT answers incorrectly was used [33].

With the recent expansion of large pre-trained models for NLP, the need for
more data becomes more and more critical. Given that many tasks and domains
have small training dataset, there is a need to increase the variety of examples
used to train these models. This is exactly where data augmentation steps in the
game. In NLP, data augmentation could be done using different interventions on
character (e.g. any token-level random perturbation operations including random
insertion, deletion, and swap [40]), word (e.g. synonym or antonym replacement
[19, 42, 40, 39], context augmentation [21]) and sentence level (e.g. using de-
pendency tree morphing [31], paraphrasing [16, 23, 22, 15] etc.). However, data
augmentation should be done carefully as it should preserve the original data dis-
tribution in order to prevent over-fitting or under-fitting [14]. Additionally, for the
task at hand, any data augmentation technique which changes the semantics of
the original phrase or imposes substantial obstacles in understanding the mean-
ing, such as antonym replacement as well as extensive random insertions, dele-
tions and swaps, is not acceptable. That is why unlike many applications of data
augmentation techniques which simply tend to augment the size of the training
dataset, we also need to check the preservation of semantics as a post data aug-
mentation step.

5.3. Method
5.3.1. Dataset

In our application context, LLMs answer users’ questions about the functioning
of their smart wheelchairs. Users are free to ask anything but should not expect
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Question Representative of

Can we drive backwards? A closed-form yes-no question

How often do I need to check if the wheels are
securely fastened?

A closed-form question with non-binary an-
swer

How do we stop as soon as possible in case of
a problem?

A simple open question

What should I pay attention to? A more complex open question (answer can-
not be found in a single paragraph)

How should I behave in crowded spaces? A difficult open question

What should I do if the green light still doesn’t
stop flashing even after 30 minutes?

A question with negation

How to behave in case of any health-related
issues, such as skin problems, while using the
wheelchair?

A question with appositives

Is it normal that the battery level changes as a
bolt from the blue?

A question with idiomatic expressions

Table 3: Some of the questions in the dataset.

informative answers when these would require information not provided by the
wheelchair manual. We consider state-less interaction, where users ask single
questions without follow-ups.

The dataset needs to be representative of possible user questions. In particular,
questions should:

1. touch different topics
2. exhibit different complexity wrt answer availability (that is, being answerable

using concrete information that can be found in a single paragraph or being
answerable using cross-paragraph information or only partially answerable or
even unanswerable)

3. exhibit different complexity wrt question formulation (that is, represent dif-
ferent levels of complexity from a linguistic perspective)

According to these criteria, we design a dataset composed of a total of 60
questions; Table 3 lists a few of them.

5.3.2. Data augmentation

From a single question, we generate 10 variations, that cover semantically equiv-
alent ways for users to ask for the same information. For examples, see Table 4.

We use the following methods to generate variations:
• Different synonym-replacement approaches: Synonym replacement [19] is

a lexical transformation technique in NLP that involves substituting words in a
text with their semantically similar counterparts. The objective is to maintain
the overall meaning of the sentence while introducing variation in vocabulary.
This substitution can be done using different strategies. We restrict ourselves
here to approaches relying on lexical databases such as Wordnet [27] to deter-
mine synonyms (as done in [42]) or using embedding-based word similarity
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Version Rephrased Question

v0 How do we stop as soon as possible in case of a problem?

v1 How do we stop as shortly as possible in case of a prob-
lem?

v2 In case of a problem, how do we stop?

v3 How do we stop if there is a problem?

Table 4: Example of question variations, with v0 denoting original question.

([39]) leveraging both embeddings from traditional models (e.g. word2vec,
GloVe) and contextual embeddings (e.g. BERT, DistilBERT, RoBERTa).

• Back-translation: The back-translation method is a popular technique in nat-
ural language processing and machine translation, introduced by Sennrich
et al. in 2016 [32]. Back-translation serves as a form of data augmentation,
creating synthetic examples by translating source sentences into target lan-
guages and then back into the source language. This process results in a
larger and more diverse training dataset, helping the model generalize better
to various linguistic patterns.

• Different models specifically pre-trained/fine-tuned for paraphrasing task: Para-
phrasing aims to capture the inherent meaning of a sentence while present-
ing it using alternative words or structures. In NLP, paraphrasing models are
typically either trained using large datasets that contain pairs of sentences
with equivalent meanings or the already pre-trained models are addition-
ally fine-tuned for the paraphrasing tasks. We employ both well-known para-
phrasing framework Parrot [12] and a specifically fine-tuned version of PEGA-
SUS [41] model for the paraphrasing task.1

By augmenting the dataset, we are able to
1. perform a more robust analysis with larger statistical significance;
2. measure the robustness of LLMs when answering semantically equivalent

questions.
For every instance obtained using any of the data augmentation techniques,

we investigate semantic similarity with respect to the original sample and keep
it only in the case of highly preserved semantic similarity (threshold to be deter-
mined empirically).

5.3.3. Metrics and Descriptors

For each question in the dataset, we record the following information:
• the question category (see Section 5.3.1)
• the answer from expert humans,
• the location of the relevant sources, identified by such experts,
• the answer of the LLM (for each question variation),
• the location of the most relevant sources (for each variation) as reported by

the LLM as described in Section 3.2.1,
1https://huggingface.co/tuner007/pegasus_paraphrase
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• the confidence score reported by the LLMs.
From this information, for each question, we compute the following metrics:

correctness how semantically similar is the answer to the original question with
respect to the expected answer;

robustness how similar is the answer to different versions of the original question
with respect to the obtained answer (scalar in [0, 1], mean, min, max, and
standard deviation over the variations);

faithfulness how similar is the answer to different versions of the original ques-
tion with respect to the expected answer (scalar in [0, 1], mean, min, max, and
standard deviation over the variations);

question-variability robustness how variable is the answer with respect to ques-
tion variations (scalar in [0, 1]); this is robustness which takes into account
question variations;

question-complexity robustness how variable is the answer with respect to ques-
tion complexity (scalar in [0, 1]);

relevance how relevant is the answer with respect to the actual question variation
(scalar in [0, 1], mean, min, max, and standard deviation over the variations);

confidence how confident is the LLMs (scalar in [0, 1], mean and standard devia-
tion over the variations);

explainability how accurate does the reported information sources match the ex-
pected sources (scalar in [0, 1], mean error, and error standard deviation over
the variations);

explanation variability how variable are the reported information sources over
question variations (scalar in [0, 1], standard deviation over the variations);

quality a single score to summarize the quality of an answer — high score when
high correctness, high explainability, (scalar in [0, 1], mean, min, max, and
standard deviation over the variations).

The mentioned metrics will be calculated on different levels: 1) question level,
2) question class level, 3) data augmentation method and 4) overall for the com-
plete dataset per each of the proposed prompts and eventually other parameters
used for configuring ChatGPT (e.g. temperature).

Note that some of these metrics can be used as descriptors at run-time when
the ground truth (expected answer and explanation) is not known. We discuss
how we make use of them at run-time in Section 5.4.

5.4. Runtime enhancements
In general, engineers, besides assessing using the methods presented in Sec-
tion 5.3, may want to improve trustworthiness of LLMs to answer questions in a
domain. They could use LLM-specific methods, like tuning parameters and prompts
or providing a context with more information, to optimize performance.

We plan to focus instead on a more generic alternative, where we comple-
ment the LLM with other ML modules to automatically monitor the quality of an
answer and expose this information to the user. This way, we aim to prevent over-
confident wrong answers that correlate very negatively with trust. Moreover, by
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leveraging the methods used in Section 5.3.2 for data augmentation, we show
how to increase robustness, picking the best answer to a set of semantically sim-
ilar questions.

5.4.1. Increased transparency from automatic quality monitoring

Using the same dataset that we used for assessment, we train a regressor (e.g.,
a multi-layer perceptron) that maps the descriptors computable at run-time (i.e.,
variability, confidence, and explainability variability) to the quality score. We mea-
sure the R2 score of the regressor using k-fold validation. This will tell us how good
these descriptors predict the LLM output. If the score is high enough, we will de-
ploy the regressor to filter out low quality answers and enhance transparency by
communicating the current answer quality to the user.

5.4.2. Increased robustness from question augmentations

At run-time, for each user question, instead of a single answer, we generate a set
of answers using automatically generated variations of the question. We compute
the descriptors and the predicted quality for each answer; we then pick the best
answer. We measure how much this strategy improves the quality and the trade-
off between a number of variations (i.e. computational cost) and answer quality.
We hopefully learn that generating a few variations is enough to improve the [av-
erage] answer significantly.
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6. Conclusions
In this document, we summarised the work carried out in task 3.5 to implement
the vocal HMI. We started presenting the role of the vocal HMI in the REXASI-PRO
process, and then we proceeded giving the details about its hardware and soft-
ware architecture. The description of the software architecture focused on three
aspects: the ROS2 nodes and services created to implement the vocal HMI, the
description of the internal state machine that drives the behaviour of the vocal
HMI in response to external inputs and how we integrated ChatGPT in order to
allow the vocal HMI to answer open questions elaborating the answers based on
the information present in the wheelchair manual. In the last part of the docu-
ment we have described the verification procedures that will be implemented for
the vocal HMI in the context of Task T4.5 and finally we have presented the work
that has been partially completed and that we will complete in the future to cre-
ate a framework to verify and improve the explainability and reliability of the use
of ChatGPT in a given context.
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7. Annex A
In this annex, we list the functional and non-functional requirements listed in De-
liverable D2.4, commenting those whose implementation diverges from the ini-
tial description.

Requirement ID Description Comment

WC-NFUNC-1 The wheelchair is equipped
with a headset with micro-
phone

WC-NFUNC-3 The wheelchair is equipped
with a button to accept the
confirmation of an HMI com-
mand

HMI-FUNC-1 When enabled, the
Dialogue-based HMI com-
municates its readiness to
received commands

Not implemented, it was
slowing down the experi-
ence without bringing any
improvement

HMI-FUNC-2 The user presses a dedicated
button before pronouncing
a command

HMI-FUNC-3 The dialogue-based HMI al-
lows the user to specify the
desired destination

HMI-FUNC-4 The dialogue-based HMI
prompts the user for confir-
mation for each input by the
user

HMI-FUNC-5 Before executing a com-
mand given via the vocal
HMI, the wheelchair com-
municates the command it
is going to execute

HMI-FUNC-6 When the wheelchair asks
for the confirmation of the
understood command the
user can reject the com-
mand by pressing a rejection
button
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HMI-FUNC-7 After receiving a command
confirmation with the dedi-
cated button, the dialogue-
based HMI confirms the exe-
cution of the command with
an audio message

HMI-FUNC-8 The users press a button to
ask the dialogue-based HMI
to start the procedure to cre-
ate their voice profile

HMI-FUNC-9 When the voice profile ac-
quisition is finished, the
dialogue-based HMI notifies
it with a message

HMI-FUNC-10 The vocal HMI accepts desti-
nations specified by name

HMI-FUNC-11 The vocal HMI accepts desti-
nations specified by type

HMI-FUNC-12 The vocal HMI accepts driv-
ing style commands

Not yet, but the vocal HMI
can be easily extended once
the driving style command
accepted by the wheelchair
controller will be defined

HMI-FUNC-13 The vocal HMI answers ques-
tions about the usage of the
wheelchair and the location

it only answers question
related to the content of
the manual of the original
wheelchair because we
do not have a manual of
the wheelchair developed
in REXASI-PRO or docu-
mentation describing the
location

HMI-NFUNC-1 The vocal HMI pipeline ex-
ecutes in no more than 5
seconds (to give an answer
and/or send a command)

HMI-NFUNC-2 The vocal HMI can recognise
a command in an environ-
ment with a noise of 60db

HMI-SP-1 The vocal HMI only executes
commands of pronounced
by a voice that matches the
current voice profile
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HMI-XAI-1 The vocal HMI notifies the
user when a command is
pronounced by a voice that
does not match the current
profile

Table 5: Requirements listed in D2.4 and implemented in T3.5
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