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Abstract

The future of proactive Digital Companions (DCs)—smart agents
capable of assisting and protecting their users—lies in their ability
to collaborate effectively with users, learn their preferences, and
adjust their behavior according to the user’s current state and their
environment. To achieve this, DCs must carefully strike a balance
between acting autonomously, while keeping users informed to
minimize inconveniences, thereby enhancing user acceptance. In
this article, we conduct a user survey to enrich the architecture of
proactive personal DCs that explores the trade-off between full au-
tonomous functioning and ensuring sufficient user control in various
critical and non-critical scenarios. Our findings indicate that most
of the participants lean towards having control over the actions of
DCs, and will actively collaborate with those systems in everyday
situations, in which decisions are not urgent. However, participants
would not mind yielding their control to DCs in time-sensitive or
urgent scenarios. Furthermore, in our survey, participants high-
lighted the importance of explaining such actions well. Given the
results from our survey, we implemented a system prototype with
the enriched architecture of an explainable and unobtrusive proac-
tive DC for a smart home environment. The actions of this DC are
not always fully autonomous and follow our survey findings.
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1 Introduction

Several studies in the last decades have explored the proactive
behavior of Digital Companions (DC) [15] and digital assistant
systems for helping users in a variety of situations, such as assist-
ing them in do-it-yourself projects [6], reminders [21], and elderly
care [9]. Considering these diverse application scenarios and the
task-specific architectures of these assistance systems, Garcia et
al. [4] proposed an architecture for DC systems that autonomously
observe an environment and proactively assist or protect their users.
These companions can be categorized according to the environ-
ment they are responsible for, into personal and expert companions.
Both of these DC variants aim to assist and protect a user through
perceiving the environment, interpreting the situation by contex-
tualizing the perceived data, deciding on a set of actions that can
support the user, and then interacting with the environment and
the user to realize the selected support action.

Different definitions of proactive behavior have been presented
over the last decades: Wooldridge et al. [19] define proactive agents
as those “that do not simply react in response to their environment,
they can exhibit goal-directed behavior by taking the initiative”.
According to Reicherts et al. [17], proactive behavior of a digital
assistant system involves system-initiated interactions triggered
by events related to users and their environment, contrasting to
user-initiated actions, such as manually set reminders and alerts.
Nothdurft et al. [12] define proactivity in technical systems as an au-
tonomous, anticipatory system-initiated behavior, to act in advance
of an anticipated future situation, rather than only reacting to it. For
example, if a system continuously observes a user’s body tempera-
ture and deduces that they are feeling cold, it might proactively raise
the room temperature. Yorke-Smith et al. [20] highlight that even
though a digital assistant system may autonomously observe a user
and its environment to anticipate future events, it may choose to act
(or not) on these events proactively depending on the user’s context
and preferences. Based on this definition, Garcia et al. [3] highlight
two of the core requirements of a proactive DC—transparency and
unobtrusiveness—that may lead it to be trustworthy and seamlessly
integrated with users’ daily activities. Nothdurft et al. [12] point
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out that considering if, how, and when proactive behavior is needed
may enhance user acceptance of digital assistant systems.

In this article, we investigate DC proactivity further and argue
that the need for proactive behavior should be assessed in each
specific situation. If a proactive behavior is indeed needed, a DC
should be able to adopt an appropriate level of proactivity (see
Section 2) to seamlessly integrate into a user’s environment while
assisting; and it should provide explanations of its decisions to the
user. This approach aims to achieve a favorable balance between
DCs proactively assisting users and remaining unobtrusive. To this
end, we conducted a user survey (see Section 3) to gather insights
on the level of proactivity that users prefer in a DC across various
scenarios, specifically considering the perceived urgency to act in
each scenario. In addition, we have conceptualized, implemented,
and validated a prototype of a transparent and unobtrusive proac-
tive DC that is capable of understanding a situation a user is in
and then can assist this user at an appropriate level of proactivity
while explaining its decisions (Section 4). Our core contribution is
a refined DC architecture that can adjust its proactive behavior to
align with the user’s proactivity preferences, the given urgency in
a situation, and the impact of the actions.

2 Related Work

Many architectures for proactive assistant systems have been pro-
posed in the last decade to make proactive systems less intrusive and
more helpful. For instance, Machado et al. [9] propose a Proactive
Actions Manager (PAM) for caregiving services. It uses Bayesian
networks to learn from the patient’s previous actions in response
to various events and proactively avoids unwanted situations (e.g.,
when the patient does not take their medication). Miksik et al. [11]
argue that digital voice assistants should consider user preferences
and autonomously determine the optimal timing, frequency, format,
and sequence of notifications through context awareness and se-
mantic content modeling. This approach aims to capture the user’s
attention for proactive notifications and facilitate effective com-
munication via the voice assistant’s user interface without causing
disturbance. Similarly, several other recent studies on human col-
laboration with digital assistants (cf. [1, 6, 22]) investigated ways to
increase user acceptance, such as by anticipating appropriate tim-
ing [1] and refining (or augmenting) the digital assistant’s dialogues
with users [21]. To describe the extent of a system’s intervention,
Sheridan et al. [18] proposed system automation levels that were
refined by Parasuraman et al. [14] as ranging from (1) Offering no
assistance to (10) Fully autonomous functioning in a system. On this
basis, Kraus et al. [7] introduced four levels of proactivity to help
digital assistant systems moderate their autonomous behavior in ac-
tion selection and execution, making them less intrusive to enhance
user acceptance. The levels of proactivity according to Kraus et
al. [7] are: (1) None: The user must actively ask the system for support;
this level refers to reactive systems (e.g., Amazon Alexa, Microsoft
Cortana). (2) Notification: The system proactively notifies users of
important events to let them decide on the next step to take; for ex-
ample, social media notifications on a smart device. (3) Suggestion:
The system proactively notifies users of important events and suggests
possible actions including their respective explanations; the user may
then decide whether to act upon the suggestion. (4) Intervention:
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The system detects a problem and takes full responsibility for acting
autonomously. It provides the user with an explanation of the actions
being executed; for example, the crash detection function on smart
devices (e.g. phones, watches) may proactively inform emergency
services.

In a focus group discussion on designing a reference model of
digital assistants, Meurisch et al. [10] found that—depending on the
application area (e.g., mental, physical, activity, environment, so-
cial, and technology support)—users express more or less resistance
towards high levels of proactivity. However, they also show that pro-
viding appropriate reasoning about the assistant’s decision-making
counteracts user frustration and loss of trust in the assistant [10].
While very few other studies, such as [8, 12, 16] have discussed the
significance of providing reasoning of actions for regaining user
trust that might be lost due to an unexpected intervention of the
system, we emphasize that modern proactive DCs should prioritize
estimating the context-based urgency for taking action and explain
their reasoning behind those actions to users. This should have
positive effects on the desired characteristics—unobtrusiveness and
transparency—of a proactive DC highlighted by Garcia et al. [3].
Yet, today’s architectures for proactive digital assistant systems
and proactive DCs do not proactively adapt to different levels of
proactivity while explaining their actions to users to seamlessly
blend into the user’s environment.

3 Finding the User-Desired Level of Proactivity

To empirically validate our argument that estimating the context-
based urgency, understanding users’ preference for the level of
proactivity, and explaining the reasons behind proactively taken
actions may enhance the unobtrusiveness and transparency of the
DC, we conducted a user survey among 19 participants. We defined
seven diverse scenarios in which a DC might provide support to a
user. For example, a DC capable of anticipating user purchases and
identifying items a user might need to check off their shopping list
(Scenario 1 detailed in Appendix A on the supplementary material);
a DC for worker safety that identifies potential hazards if an em-
ployee enters a machine room (Scenario 3), and supports workers
on the shop floor to improve efficiency and worker satisfaction in
a car tire replacement business (Scenario 7). These scenarios were
presented to 19 participants at our institution. 17 participants (84%)
were between 18 and 35 years old and the rest were below 45 years
of age. 18 participants (95%) had at least a bachelor’s degree and
one was a high school graduate. After reading each scenario, the
participants were asked to: (1) rate the impact that the decision or
action would have on their lives considering health, social status,
and economic aspects (five-point Likert scale ranging from 1: low
impact to 5: high impact), (2) rate the level of urgency that this
scenario requires (five-point Likert scale ranging from 1: not urgent
to 5: highly urgent), (3) select their desired level of proactivity in the
scenario according to Kraus et al. [7]: None, Notification, Suggestion,
and Intervention, and (4) provide the reason for selecting that level
of proactivity (open text field).

Our survey results (see Figure 1) show that the greater the level
of urgency to act, the stronger the preference for a higher level
of proactivity is; for instance, in Scenario 3, where an employee
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Figure 1: Survey results on the desired level of proactivity in a DC across seven scenarios. (a) Average preferences for each
proactivity level (cf. [7]) scenario. (b) Average ratings for each scenario illustrate the perceived sense of urgency and the need

for action.

unintentionally enters a dangerous machine room, exposing him-
self to danger, all participants assign high or very high urgency
and impact values (average ratings 4.84 and 4.68, respectively) and
89.48% of the participants select Intervention as the preferred proac-
tivity level. The provided arguments in the open text fields discuss
that, since humans may not have sufficient time to think and act
efficiently in critical situations, the system’s rapid processing of
large amounts of data and quick decision-making would allow for a
desired intervention. Other than for Scenario 3, the preferred level
of proactivity is Suggestion since this allows the user to remain
in charge of deciding whether to act or not. However, in scenario
2, the rating distribution indicates a lack of consensus on the pre-
ferred level of proactivity. In this scenario, the participants were
asked to choose between letting a DC help their 7-year-old who did
not know what to wear to school and helping their kid themselves
despite an urgent meeting. They rated the scenario as only slightly
impactful and with a slightly low urgency. Regarding the choice of
proactivity level in this scenario, a majority of seven participants
opted for None, five for a Suggestion, five for an Intervention by the
DC, and two preferred a Notification. Across scenarios, participants’
explanations for choosing a preferred level of proactivity indicate
that people have concerns about the system’s obtrusiveness when
a proactive system is installed in a personal space which leads to a
lowering of the preferred level of proactivity. For example, one of
the participants in Scenario 1 selected None as the preferred level
of proactivity and wrote “The other options can get annoying fast.
Think about all the spam emails, and recommendations on Insta-
gram” whereas another participant for the same scenario chose
Notification and wrote “In a relaxed atmosphere a reminder would
be sufficient”.

Our survey results motivate our argument that a proactive DC
system could use the urgency of a situation to act together with a
user’s proactivity preferences to select the most appropriate proac-
tivity level, supporting the system’s overall unobtrusiveness (e.g.,
participants expressed that “Choice between Suggestion and Inter-
vention depends on degree of danger” and “I prefer to be able to
confirm.”). Such a system should further explain its actions to users
to mitigate privacy and transparency concerns (e.g., a participant
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wrote “I would prefer a notification so that I can review why the
system called the police”, another one wrote “we would need to
make sure the data is not collected/deleted right away and is not
abused to control employees”).

4 Proactive Personal DC Architecture and
System Implementation

Given our survey results, we implemented a prototype of a DC
that showcases the significance of contextual understanding and
user preferences to infer action urgency and select an appropriate
proactivity level for unobtrusively assisting users while providing
explanations.

4.1 Proactive Personal DC Architecture

Our prototype follows the architecture of DCs proposed by Garcia
et al. [4]; consisting of four phases to assist its users (see Figure 2).
In the Perceive phase, a DC may observe the environment using
multiple sensors (connected devices) such as cameras, microphones,
and environmental sensors. A DC then Interprets the observed data
using a knowledge base, which can be the common sense of an
LLM to contextualize the perceived data. Then, the DC Decides
on an appropriate set of actions to assist or protect a user, and
produces explanations of those actions based on the information
from the Interpret phase. In the Interact phase, a DC may actuate
connected devices available in the environment to execute actions
autonomously or collaborate with the user to confirm an action
before it is taken.

Garcia et al. [4] distinguish between personal and expert DCs,
stating that a personal DC takes care of a user, while an expert DC
is in charge of a physical or virtual environment. We propose to
expand the architecture for personal DCs to prioritize their unob-
trusive behaviors and promote transparency. Hence, as Figure 2
shows, the urgency of a situation is assessed in the Decide phase
based on the user’s proactivity preferences (learned over time and
curated by the users considering their health, social status, and
economic aspects) and the contextual understanding of the current
situation. These preferences may specify the proactivity levels of a
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Figure 2: Phases of the system architecture of our proactive DC system. This augments the Decide phase of a personal DC [4]
by adapting its proactivity level based on user preferences and interpretation of the context. In an example implementation
scenario, the push notification suggests to start cleaning. The user may decline or accept the suggestion and also ask the DC to

explain its actions.

user’s choice of interaction in typical and critical scenarios. Thus,
in the Decide phase, a DC computes a set of actions considering the
urgency of the situation. Then, in the Interact phase, these actions
are either autonomously executed and the user is notified about it,
or a dialogue is established with the user to confirm the execution
of an action; in which case, feedback to the Decide phase is provided
for future decision-making.

4.2 Prototype Implementation for a Smart
Home Scenario

To validate the architecture proposed in Section 4.1, we imple-
mented a prototype of a personal DC in a smart home scenario. It
perceives the environment and can use connected devices, such as
a robot vacuum cleaner, to assist its users. In our implementation,
the robot vacuum cleaner is simulated using a Lidar Bot AGV Mini
Carkit Mecanum Wheels.!

Following the phases of the proposed proactive personal DC
architecture, in the Perceive phase, our DC uses an RGB camera
module to capture a sequence of video frames that are processed
using a scene graph generation algorithm—RelTR [2]. RelTR detects
objects and the relationships among these objects in the scene.
Hence, its output is a Scene Graph (SG) composed of semantic
triples (subject-predicate-object) that denote the class name of pairs
of detected objects and their relationship (e.g., cup on table)
and the 2D-pixel positions (bounding boxes) of the objects. Given
that our DC can assist its user in the real world, for example, by
cleaning the floor, the positions of each identified object in the scene
(2D coordinates derived using bounding boxes) are converted into
(real-world) 3D coordinates. To find these 3D coordinates from an
object’s position in an observed 2D image frame, we use the inverse
pinhole camera model? that describes the relationships between 3D

!https://shop.m5stack.com/products/new-lidar-bot-agv-mini- carkit-mecanum-
wheels
Zhttps://docs.opencv.org/4.x/d9/d0c/group__calib3d.html
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points and their projection on a 2D plane. Thus, the DC determines
the 3D coordinates of the objects inside an area of interest (e.g.,
on the floor see Figure 3 (c)). Our DC then takes the SG generated
from subsequent frames captured every ten seconds to build a
temporal structure that we refer to as a temporal graph to track
objects and their relationships over time®. This temporal graph
with the 3D coordinates of each identified object is then verbalized
(i.e., converted into a text form) to create a scene description of
each second.

In the Interpret phase, the generated scene description is fed to an
LLM—in our implementation, GPT-4 [13]—to contextualize further
the perceived information, and to understand the evolution of the
scene by leveraging the LLM’s common-sense knowledge. Then,
the DC Decides on the actions to assist a user while addressing key
concerns, including the estimation of the urgency of the situation
and the user’s context-specific preferences for proactivity levels, as
identified in our survey (see Section 3). To do so, it uses a knowledge
base that specifies the proactivity preferences of the users. This
knowledge base can be represented as a JSON object or expressed
in Resource Description Framework (RDF) as part of a Knowledge
Graph. Thus, given the contextualized data from the Interpret phase,
the proactivity preferences of a specific user, and the specification
of what each proactivity level means, our DC identifies if, how,
and when it should execute an action (e.g., cleaning an area) to
be unobtrusive. Finally, in the Interact phase, the DC executes the
computed tasks by communicating with connected devices (e.g., the
vacuum cleaner), and it is capable of explaining its actions to the
users via a push notification on the user’s smartphone (see Figure 3
(b)). By explaining its actions, our prototype addresses another key
concern expressed by our survey participants: “transparency” (see
Section 3).

3A detailed description of this approach will appear soon as [5]
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Figure 3: The robot starts to follow approximately the same path in (c) as the person’s path in (a) after he permits the DC to
clean through the push notification in (b) since the LLM interprets the shown activities as a possible source of dirt and spillage.

4.3 Prototype Validation

Our DC prototype starts working by perceiving its environment
through its camera module. An overlay of multiple captured frames
is illustrated in Figure 3 (a), where a man walks to a table and
enjoys breakfast from a bowl. While perceiving the environment,
the DC creates a scene description of the captured frames every
10 seconds and computes the 3D coordinates of the objects (con-
verted from 2D-pixel positions). Since the DC has access to its users’
proactivity preferences stored in a knowledge base, it knows their
preferences for cleanliness in different scenarios (we classify them
into three categories—Critical, Standard, and Reminders—based on
the urgency of the user’s required actions). Then, our DC lever-
ages the common sense knowledge of GPT-4 to interpret the scene
description phase. To do so, the DC uses the following prompt:
“Considering what people are explicitly doing in the scene, what activ-
ities are associated with making the floor dirty?” to which the LLM
responds with a list of activities recognized such as walking, eating,
drinking, and handling potentially dirty objects. Our DC considers
those recognized activities that potentially make the floor dirty
and assesses the urgency of action based on the user’s proactivity
preferences (e.g., Intervention in critical situations, Suggestion in a
standard situation, Notification for Reminders) to decide whether
the floor needs to be cleaned and select the appropriate proactivity
level; it thereby increases unobstrusiveness and conforms to our sur-
vey findings (see Section 3). To achieve this, our DC, in its Decide
phase again utilizes GPT-4 by asking: “Considering the given user’s
proactivity preferences, infer the urgency of cleaning the room. Would
you recommend cleaning the floor or not? Which proactivity level
would you recommend? Explain”. In response, GPT-4 recommends
using Suggestion as the proactivity level and explains its reasoning
(this is communicated to the user in the Interact phase of our DC to
promote transparency): “The man (man_8caa) holding a bowl (bowl_
e558) and later placing it on the table(table_7953). If the bowl is not
properly cleaned or if there are any spills or drips from the bowl, it
can make the floor dirty. While the need for cleaning is apparent, it
falls under the standard preference category for the user. The user
may decide when to do so . Because GPT-4 recommends to clean,
our DC then asks it to list the 3D coordinates of the dirty areas in
the room for deriving a path for the connected vacuum cleaner to
follow. Our DC uses the resulting list of 3D coordinates of all of the
detected dirty areas, such as “the area beneath shoe_1cb8: (37, 206,
0) and the area beneath chair_e56a: (176, 195, 0) to derive a path for
the vacuum cleaner to clean along.
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Since our DC decided on Suggestion as the proactivity level for
this scenario, in its Interact phase, it asks the user to confirm clean-
ing the space. Thus, the DC sends a push notification (see Figure 3
(b)) to the user’s smartphone where the user can ask for an explana-
tion for the suggested action (by selecting EXPLAIN), addressing the
user’s transparency concerns identified in our survey results. If the
user declines (selecting IGNORE), the DC returns to monitoring the
environment. Otherwise, when the user wants to START CLEANING,
our prototype sends the derived path (using the 3D coordinates of
dirty areas) to the connected vacuum cleaner, which then starts
cleaning by following the path (see Figure 3 (c)). Thus, it showcases
the DC’s flexibility in achieving unobtrusiveness by acting accord-
ing to the user’s scenario-based preference for proactivity level. In
either of the cases, our DC keeps the user’s response as feedback to
improve its understanding of the user preferences and better assist
them in the future.

5 Conclusions and Future Work

In this article, we investigate proactivity in DCs; after surveying
related work, we decided to take urgency, the estimated impact of an
action on a user’s health, social status, and economic aspects, as well
as transparency, and unobtrusiveness as the main characteristics
of proactive personal DCs. We considered Kraus [7] four levels of
proactivity to conduct a survey in which we asked 19 participants to
provide feedback about the level of proactivity that they would be
comfortable with in seven different scenarios. This survey revealed
that the preferred level of proactivity is Suggestion. Based on our
findings, we then proposed to enrich a DC architecture to include
levels of proactivity. To continue our work, we plan to expand
our participant pool in the survey. Moreover, we will evaluate
our proposed architecture regarding its effectiveness in several
other real-world scenarios such as in workplaces, outdoors, and
in personal care. In this implementation, we used an RGB camera
module to estimate 3D coordinates for the vacuum cleaner to follow.
However, we plan to enhance the accuracy of our DC in the future
using an RGB-D camera.
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A List of Scenarios

This section describes the seven scenarios that we presented to our
survey participants to answer the four questions mentioned in the
article.

A.1 Scenario 1

Scenario: It is a Saturday afternoon and you are out shopping with
friends. You are in a nice fashion shop in the city center, you have
already carefully chosen a pair of elegant trousers and a pair of
shoes. The finishing touch is a bow tie, which you need to buy to
complete the outfit. In this relaxed atmosphere, you run the risk of
forgetting to buy one.

System: A sophisticated system discreetly observes customers
selecting clothes, employing predictive algorithms to anticipate
potential purchases and identifying items they might need. This
technology enhances the customers’ shopping experience by offer-
ing timely recommendations and minimizing the risk of oversight,
ensuring a seamless and personalized customer journey.

A.2 Scenario 2

Scenario: You are a manager working from home. It is the end
of the year and you are in a work meeting discussing next year’s
budget, which requires your full concentration. At the same time,
your 7-year-old son is standing in front of the wardrobe and does
not know what to wear to school.

System: A smart home system observes the activities in your
home. It uses predictive algorithms to recognize people’s behav-
iors. This technology goes beyond mere monitoring. It is able to
anticipate the potential needs of occupants, improving safety and
comfort in the home.

A.3 Scenario 3

Scenario: You are the production manager of a furniture company.
You orchestrate the use of machines and human resources. Today,
just before an important production deadline, the assembly line is
humming and you are in the warehouse managing logistics. But
suddenly an employee unintentionally enters a dangerous machine
room, exposing himself to danger.

System: A smart manufacturing system, connected to various
devices and machines in the factory, carefully monitors activity
within the building and uses advanced algorithms to recognize
people’s actions, understand their needs, and identify potential
hazards. Based on this, the system improves people’s efficiency and
proactively enhances safety.
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A.4 Scenario 4

Scenario: You are a passionate skateboarder who is preparing for
a ride on a beautiful Friday evening. Safety is very important to
you, so you usually gear up carefully before each session and put
on your helmet, knee pads, elbow pads, and wrist guards. However,
there is always a risk of forgetting to put something on.

System: A smart system in your home is capable of recognizing
people’s behaviors and uses predictive algorithms. This system is
capable of anticipating the potential needs and habits of residents,
improving the safety, convenience, and comfort of people. To en-
hance delivering assistance, the system includes a mobile home
robot.

A.5 Scenario 5

Scenario: You are on a peaceful holiday far away from Switzerland,
enjoying the sun and the calming sound of the sea. The atmosphere
is perfect for relaxing and unwinding. At the same time, however,
someone unexpectedly enters your home in Switzerland.

System: A smart system recognizes people’s activities. The sys-
tem is capable of anticipating potential dangers and acting upon
them to improve safety.
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A.6 Scenario 6

Scenario: You are relaxing at home on the sofa watching a film
like you do every evening. At 9.00 pm you have to take your daily
medicine.

System: A smart home system is capable of understanding peo-
ple’s behaviors and habits based on previous observations. The
system includes a mobile robot that can freely operate inside the
house.

A.7 Scenario 7

Scenario: You are a garage owner. Winter is on its way and the car
tire-changing business is booming. Accordingly, you are currently
changing tires all the time and are often on the lookout for the right
tools.

System: A smart system perceives the activities in the garage.
It uses predictive algorithms to recognize people’s activities and
it is capable of anticipating potential dangers and worker needs.
The system is capable of improving workers’ safety and increasing
efficiency.
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