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Abstract—Ambient Intelligence (AmI) systems are ubiquitous
environments that sense, adapt to, and respond to users’ needs.
Although these systems increasingly rely on human feedback for
machine learning and personalization, determining how and what
feedback to elicit remains a major challenge. While fine-grained
feedback is assumed to improve machine learning performance
by providing richer learning signals, its impact on user experience
remains underexplored. We investigate how feedback granularity
affects both usability and machine learning ability of an adaptive
system for opportunistic software composition: a novel AmI ap-
proach that dynamically delivers tailored services by combining
available components to meet implicit user goals.

We conducted two complementary empirical studies in a
simulated ambient environment, comparing a baseline interaction
with a condition that allows users to provide feedback at different
levels of granularity on the services delivered by the intelligent
system. The first study evaluates user experience using the
USE questionnaire, while the second analyzes the AmI system’s
learning behavior. Our results indicate that introducing granular
feedback tends to decrease perceived usability compared to
the baseline, while simultaneously providing benefits to system
learning performance. These findings suggest that, in human-in-
the-loop AmI systems and more generally in human-AI systems,
increasing user control does not necessarily lead to better overall
interaction quality. This highlight a clear usability–performance
trade-off. We discuss design implications for calibrating feedback
mechanisms in adaptive Human–AI systems, emphasizing the
need to balance learning benefits against usability costs in
everyday, non-expert contexts.

Index Terms—Human-in-the-loop, Usability, User Studies, Re-
inforcement Learning, Recommender Systems.

I. INTRODUCTION

Recent work in human–AI collaboration highlights a trend
toward proactive AI agents that go beyond simple reactive
responses—anticipating user needs, leveraging contextual in-
formation, and initiating actions based on learned models of
user goals—marking a significant shift in how AI systems
interact with users in dynamic environments [1]. For such
systems, the quality of decisions and actions depends critically
on the quality of their interactions with humans. As a result,
applications that integrate humans in the loop increasingly rely
on user feedback to guide learning and decision-making [2].
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In many cases, however, this feedback is very simple, such as
a binary ”good” or ”bad” signal [3].

Granular feedback, by contrast, refers to fine-grained input
that targets specific aspects of an AI system’s output rather
than evaluating it as a whole, thereby conveying more detailed
information [4]. For example, in an AI programming assistant
that recommends code snippets [5], granular feedback may
apply to an individual line of code, whereas coarse feedback
concerns the entire snippet. Providing mechanisms for granular
feedback is recommended in established guidelines for the
design of usable human–AI systems [6].

Granular feedback is particularly relevant in the context of
Ambient Intelligence (AmI) [7], which extends human–AI
interaction to pervasive, adaptive environments such as mod-
ern healthcare environments [8], smart homes [9], or smart
campuses [10]. In these environments, designing usable and
effective interactions is a central challenge [11], [12], and in-
corporating granular feedback has been suggested as a promis-
ing way to improve system adaptability and user experience
[13]. At the same time, increasing feedback granularity may
introduce interaction problems: while it can improve system
performance, it may also clutter the interface and reduce
usability [14]. However, very few studies provide controlled,
empirical comparisons of feedback granularity in terms of
both machine learning performance and usability metrics.
This limits our understanding of how the design of feedback
mechanisms mediates the trade-off between task effectiveness
and human factors, leaving open questions about optimal
feedback granularity in human-AI and AmI applications.

In this paper, we investigate these questions in the context of
opportunistic software composition [13], a novel approach for
dynamically constructing applications on-the-fly in ambient
environments. Using an opportunistic software composition
prototype, the Opportunistic Composition Engine (OCE)
[15] as a testbed, we study the effect of incorporating a granu-
lar feedback mechanism on both system performance and user
experience. We conduct a series of user studies in a simulated
ambient environment, comparing a baseline OCE system with
a version that allows users to provide granular feedback. Our
goal is thus to better understand the relationship between
feedback granularity, usability, and learning performance. Our
results show that granular feedback improves the richness



of system learning signals but comes at a measurable cost
to usability, highlighting the inherent trade-offs in designing
human-in-the-loop AmI systems.

We make the following contributions:
• An empirical usability study (N1 = 61) comparing a

baseline interaction with a granular feedback condition
in OCE, showing that increased feedback expressiveness
can negatively affect perceived usability.

• An complementary evaluation of learning performance
(N2 = 12), analyzing how granular feedback influences
the recommendation system’s learning behavior, indicat-
ing a potential improvement in learning signals despite
reduced usability.

• A quantified trade-off between usability and learning per-
formance in a human-in-the-loop AmI system, highlight-
ing a misalignment between system-centric optimization
and human-centered interaction quality.

• Design implications for Human–AmI interaction, sug-
gesting that lightweight or implicit feedback mechanisms
may offer a better balance than fine-grained user control
in non-expert, everyday contexts.

In the context of Ambient Intelligence, systems are ex-
pected to operate seamlessly within users’ environments while
remaining adaptive, context-aware, and minimally intrusive.
In such settings, evaluating the balance between system-
driven intelligence (e.g., automation accuracy) and human-
centered factors (e.g., usability and user control) is critical.
Poorly calibrated systems may either overwhelm users with
interaction demands or, conversely, reduce transparency and
trust through excessive automation. This work contributes to a
deeper understanding of how opportunistic and compositional
systems can align with AmI principles. Specifically, it informs
the design of systems that can dynamically adapt to user needs
without imposing continuous interaction burdens, thereby sup-
porting the broader goal of creating intelligent environments
that are both effective and unobtrusive.

II. RELATED WORK

Human-AI approaches increasingly leverage user feedback
to guide AI learning and improve task performance. For ex-
ample, Yu et al. [16] compared scalar, detailed feedback with
binary, coarse feedback in reinforcement learning, demon-
strating that richer, multi-level feedback can enhance learning
performance when appropriately modeled. Looking at the
implications of soliciting too much feedback, Honeycutt et
al. [17] found that while it can improve model outcomes,
soliciting user feedback may negatively affect user trust and
perceived accuracy, highlighting a potential trade-off between
system performance and subjective usability. Research on
interface design in human-AI systems further suggests that
increasing the granularity of feedback can impose cognitive
load and reduce usability if not carefully managed [14], [18].

In the context of Ambient Intelligence, systems learn from
sensor data to personalize services in highly complex and dy-
namic environments. To adapt rapidly to users’ evolving needs,
leveraging human feedback is essential. Karami et al. [11]

demonstrate that integrating user feedback in smart homes
improves adaptation quality, but designing feedback channels
that are both effective and unobtrusive remains a challenge.
Alves Lino et al. [19] and Sadri [7] emphasize that complex
or highly adaptive ambient systems can overwhelm users if not
carefully designed, highlighting the need to consider usability
in interaction design. Furthermore, Park and Han [12] found
that overly complex adaptive behaviors can degrade usability,
suggesting that balancing system responsiveness with human
cognitive load is a core design challenge in AmI.

Despite this growing body of work in human–AI and AmI
interaction design, only a few of these studies empirically com-
pare feedback granularity in terms of learning performance and
usability, leaving open questions about its optimal design and
motivating our research.

III. PROBLEM

Although prior work highlights the potential benefits of
human feedback in adaptive systems, the impact of varying
feedback granularity on both learning performance and us-
ability remains underexplored.

The central question is not whether granular feedback
can improve learning outcomes—this has been demonstrated
in various human-AI contexts [5], [16]—but rather whether
users are willing and able to provide such detailed feedback
without compromising the overall quality of the interaction. In
other words, we are interested in understanding the trade-off
between enabling granular user input and maintaining usability
in adaptive environments. Based on this problem framing, we
formulate the following research questions:

RQ1 - Usability. How does the introduction of granular
feedback options affect users’ perceived usability and in-
teraction experience in an adaptive Ambient Intelligence
system?
RQ2 - Learning Performance. How does granular user
feedback influence the learning behavior and performance
of the AmI system’s recommendation mechanism?
RQ3 - Trade-off. What trade-offs emerge between us-
ability and learning performance when increasing feedback
granularity in Human–AmI interaction?

IV. OPPORTUNISTIC SOFTWARE COMPOSITION AND OCE

To answer these research questions, we focus on opportunis-
tic software composition, an Ambient Intelligence approach
that dynamically constructs services by combining available
software components in the environment. This approach is
implemented in the Opportunistic Composition Engine (OCE)
[15], which has been demonstrated in realistic AmI scenarios
such as opportunistic car navigation [20].

A. Key Principles

In ambient environments, software components (e.g., IoT
devices) are often present but not pre-integrated. Opportunistic
software composition aims to assemble these components into
functioning applications tailored to the user’s needs, rather



Fig. 1: Iterative assembly, feedback, and learning cycle of OCE

than enforcing predefined assemblies that may become quickly
outdated due to changing preferences or dynamic availability
of components. The idea is to take what is available and
construct the best possible service in a given context.

The operational principle of OCE follows the iterative cycle
illustrated in Figure 1. To construct an assembly, OCE gathers
information about components present in the environment. The
proposed assembly is then presented to the user, who can
accept, modify, or reject it. If not rejected, this interaction
triggers both deployment in the environment and the learning
process of OCE.

Internally, OCE relies on a multi-agent reinforcement learn-
ing mechanism [21], where agents represent available services
and collaborate to propose optimal assemblies based on their
knowledge. Agents aim to maximize positive reward computed
from the user feedback (acceptance of assemblies by the
user) while balancing the exploitation of known effective
combinations with the exploration of new ones. The key
feature of OCE is its ability to adapt dynamically to changing
environments and user preferences, integrating humans in the
learning loop without requiring explicit specification of all
preferences [15].

B. Simulated Ambient Environment

To interact with OCE and support our user studies, we de-
veloped a 2D simulated ambient environment. This simulation
abstracts away the challenges of deploying real-world devices
while allowing live interaction with OCE in a Web-based
interface accessible from any browser. It provides a simplified
testbed to focus on the interaction logic and learning behavior
of the system. The supplementary material [22] includes a
video demonstrating interaction with OCE in this environment.

The environment resembles a 2D game in which the user
controls an avatar and can interact with various components,
such as doors, lights, sensors, and smartphone-based apps.
These components are managed by OCE enabling users to

request assembly propositions, modify them, and accept or
reject them, which triggers the corresponding learning and
deployment processes. The environment also includes the
possibility to create simple goals, such as opening a door or
displaying a temperature, to create meaningful tasks for our
user studies.

Figure 2 illustrates a typical interaction in the simulated
environment. Users can explore a space populated with diverse
components (Figure 2a). When they need to interact with the
components, they can request OCE to propose an assembly,
which is displayed as components, nodes, and service links
(Figure 2b). The users can modify connections by dragging
them to adjust the assembly to their goals then accept, or reject
the assembly (Figure 2c). Accepted assemblies are deployed
in the environment and provide feedback to OCE’s learning
agents, while rejected ones prompt further exploration. Once
deployed, users can directly interact with components, e.g.,
clicking a smartphone button to open a door (Figure 2d),
completing the perception-action-learning cycle.

C. Granular Feedback Integration in OCE

Based on design recommendations from [13] on human–AI
interaction in AmI systems, we extended OCE to allow users
to provide feedback at multiple levels of granularity. This
complements the baseline OCE described earlier by enabling
a more nuanced understanding of user preferences, which
can lead to better recommendations and improved system
performance.

Users can provide positive or negative feedback on four
levels: individual services, connections between components,
entire components, or complete assemblies (Figure 3). Each
feedback signal is interpreted by OCE’s multi-agent system to
adjust the likelihood that the corresponding service, connec-
tion, component, or assembly appears in future proposals. This
flexible feedback mechanism allows the system to finely adapt
to changing user needs and the dynamic ambient environment.

In the simulated environment, the feedback is represented by
thumbs-up and thumbs-down icons that appear in the tooltips
for each level of granularity upon mouse hover (Figure 3).
Clicking these icons updates the MAS knowledge, reinforcing
or diminishing the associated elements in future assembly
propositions.

In the studies presented in this paper, we compare this
granular-feedback version of OCE (version B) with the base-
line version without granular feedback (version A).

V. STUDY DESIGNS

We conducted two between-subjects user studies to inves-
tigate the impact of granular feedback in an adaptive AmI
system. The first study focused on evaluating OCE’s usability
(Study 1), while the second examined the ML accuracy of
OCE’s recommendation mechanism (Study 2). In both studies,
we compared the baseline version of OCE (condition A)
with the version incorporating granular feedback mechanisms
(condition B), as described in Section IV.



(a) The user must connect their phone’s button to the environment’s
center door, in order for their character to pass.

(b) OCE proposes to connect the button with the door on the right
of the environment.

(c) The user corrects the engine by dragging the connector to the
correct component.

(d) The user clicks on the button to open the door. They can
advance to the next step.

Fig. 2: Simple interaction with the simulated ambient environment. The user controls an avatar and can interact with components,
and with OCE in order to act out AmI use cases.

Fig. 3: The four possible levels of granularity for user
feedback, along with the associated screenshots. A user can
provide feedback on a service, a connection, a component, or
an assembly by interacting with the corresponding “thumbs
up/down” buttons.

The studies were conducted over a period of five months.
In both studies, participants completed a demographic ques-
tionnaire followed by a tutorial designed to familiarize them
with OCE and its simulated AmI environment. They then

performed a series of tasks and goals with the assistance of
OCE, before completing a post-study questionnaire assessing
relevant aspects of usability (Study 1) or system behavior
(Study 2). Participants were also given the opportunity to
provide their opinion through an open-ended comment section.
In parallel, interaction logs and system data were collected
on the server side to support our analysis. Each participant
interacted with an independent instance of OCE’s multi-agent
system, which was initialized without any prior information
about the participant or the ambient environment.

Rationale for Two Studies: We deliberately separated the
evaluation into two studies to address distinct methodological
requirements associated with usability assessment and learn-
ing performance evaluation. Measuring usability in adaptive
systems typically requires providing users with a high degree
of freedom and ecological validity, allowing them to interact
naturally with the system [23]. However, this flexibility makes
it difficult to rigorously assess learning performance, as user
goals and preferences may vary widely and cannot be explic-
itly specified.

Conversely, evaluating learning performance necessitates a
more constrained experimental setting in which task objectives
and expected system behaviors are well defined, enabling



objective measurements. Such constraints, however, may limit
the realism of the interaction and reduce the validity of us-
ability measurements. To address this tension, Study 1 adopts
a more open-ended, realistic interaction scenario suitable for
assessing usability, while Study 2 employs a more structured
task design that enables precise evaluation of learning behavior
and system performance.

Each study involved different task sets, goals, and evaluation
metrics aligned with their respective research questions. We
provide, as supplementary material [22], the complete list of
tasks and goals that participants were required to do in each
study.

A. Study 1 – Usability

The goal of Study 1 was to simulate a realistic interaction
scenario in a smart environment, in this case a smart campus.
Participants were asked to complete a series of tasks typical for
campus users, such as conducting classes, navigating between
buildings, and using campus facilities. To preserve ecological
validity, participants were free to choose the order in which
they completed tasks, allowing them to interact with the
environment naturally rather than following a rigid sequence.

B. Study 2 – Machine Learning Performance

Complementing Study 1, Study 2 was conducted in a more
constrained environment to allow precise control over the
“correct” component assemblies at each step of the experi-
ment. The setting simulates a smart home, focusing on typical
morning and evening routines, such as preparing meals, setting
alarms, and managing household devices.

Participants completed five series of morning and evening
routines (referred to as “experiment days” in the following)
to provide sufficient repetitions for OCE’s machine learning
mechanism to adapt to their preferences. To maintain eco-
logical validity, no two experiment days were identical; for
instance, some components malfunctioned or user preferences
shifted between days, simulating the dynamic nature of real-
world environments.

C. Participants

The experiments were conducted online using a web
browser with no assistance provided to participants other
than the tutorial. The URL to the experimentation platform
was made publicly available and participants were recruited
through social media and various academic mailing lists
Participation criteria included being a French speaker, as the
experiments were conducted exclusively in French, and having
access to a computer with a keyboard and mouse or trackpad,
since the simulated environment was not compatible with
smartphones. No compensation (monetary or otherwise) was
provided for participation.

Study 1 involved N1 = 61 participants and was conducted
over a period of four months. For Study 2, as we targeted
experienced users in order to focus on system performance,
the experiments were conducted primarily with participants
who had already completed Study 1. As a consequence of time

constraints, Study 2 lasted only one month, resulting in N2 =
12 participants. In both studies, participants were randomly
assigned to condition A or B, ensuring roughly equal numbers
in each condition (for S1: 31 in A and 30 in B; for S2: 6 in
A and 6 in B).

In both studies, most participants were aged between 18 and
35 years (S1: 78.7% – S2: 58.3%), held a Master’s degree or
higher (S1: 55.7% – S2: 75.0%), and were from the computer
science field (S1: 77.0% – S2: 91.7%). Additionally, the vast
majority reported playing video games at least occasionally
(S1: 96.7% – S2: 91.6%), reflecting the need for a population
capable of navigating a 2D environment with minimal assis-
tance. The supplementary material [22] includes a detailed
breakdown of the demographic questionnaires used in each
user study.

D. Measures

Here, we describe the measures collected across our stud-
ies, organized according to our research questions: usability
measures for RQ1, machine learning performance measures
for RQ2, and combined measures for assessing trade-offs for
RQ3.

a) Usability Measure: To address RQ1, usability was
assessed in Study 1 using the USE Questionnaire [24], which
was translated into French for this study. The USE ques-
tionnaire consists of 30 items rated on a 1–7 Likert scale
and evaluates four dimensions of user-perceived interaction:
usefulness, ease of use, ease of learning, and satisfaction.
Participants had the option to select “Not Applicable” (NA)
for any item, and responses marked as NA were excluded
from subsequent statistical analyses. Additionally, three items
(items 7, 9, and 26) were formulated in a negative form to
mitigate potential response bias. The supplementary mate-
rial [22] contains the full questionnaires in both their original
and translated versions.

Several standardized instruments are available for evaluating
user experience. For instance, the System Usability Scale
(SUS) [25] is widely used and concise (10 items). Comparative
analyses of usability questionnaires [26] indicate that the USE
questionnaire is among the few instruments that systematically
measure both usability and user satisfaction, which is an addi-
tional insight into general system performance [27]. For these
reasons, the USE questionnaire was selected as the primary
instrument for assessing participants’ perceived usability in
this study.

b) Machine Learning Performance Measures: The con-
trolled nature of Study 2 allowed us to define a unique correct
output (OCE assembly) for each step, which served as the
ground truth. We then compared OCE’s recommendations
against this ground truth for each recommendation and com-
puted an accuracy score:

Accuracy =
Count of Correct Recommendations

Count of Correct + Incorrect Recommendations
To capture the evolution of OCE’s learning over time, we

computed two measures for each participant: (1) the average



accuracy across all experiment days, and (2) the maximum
accuracy achieved on any single experiment day. These metrics
allow us to assess both overall learning performance and the
system’s best-case adaptation capability.

c) Combined Measures: To address RQ3, we combine
the results from Study 1 (usability) and Study 2 (ML per-
formance) to evaluate potential trade-offs between the two
objectives. For each OCE version (A and B), we compute
an average usability score from the USE questionnaires and
an average accuracy score from the machine learning perfor-
mance measures.

Usability and ML performance can be viewed as competing
objectives, and the trade-off can be conceptualized similarly
to a multi-objective optimization problem [28]. Specifically,
we define a local Pareto slope representing the accuracy gain
per unit of usability change between two configurations:

s =
|accuracyB − accuracyA|
|usabilityB − usabilityA|

This measure allows us to directly compare interface alterna-
tives in terms of their relative benefit for learning performance
versus potential cost in usability.

Because usability is measured on a bounded Likert scale
and the relationship between usability and performance may
be nonlinear, this slope should not be interpreted as a uni-
versal or absolute metric. Instead, it serves as a descriptive,
local indicator for contrasting design options under identical
experimental conditions.

E. Ethical Considerations

Although formal Institutional Review Board approval was
not required for this study, we adhered to established ethical
guidelines for human-subject research. Participants provided
informed consent prior to participation and were informed of
their right to withdraw at any time. No sensitive or person-
ally identifiable data were collected, and all responses were
anonymized before analysis.

VI. RESULTS

Across the two studies, each participant completed an
average of approximately 70 OCE cycles, where each cycle
corresponds to OCE making an assembly recommendation
that the participant either accepted, modified, or rejected. On
average, participants spent around 40 minutes completing the
experiment. In the granular feedback condition (Group B),
participants used the granular feedback feature an average of
11 times.

The results shown in Figures 4, 5, and 6 are presented
as boxplots, with the number of participants in each group
indicated and the mean scores represented by dashed lines.
Statistical significance for these results was assessed using
Student’s t-test, Welch’s t-test, or the Mann–Whitney U test,
as appropriate. Each test yields a p-value, denoted as p in
the respective figures. A p-value below 0.05 (respectively
0.01) is considered statistically significant (respectively highly
significant) and is indicated by a single asterisk * (respectively
double asterisks **).

The supplementary material [22] contains the raw,
anonymized data collected from the experimental platform,
along with all scripts required to generate the figures and
perform the statistical analyses (e.g., t-tests) reported in this
section.

A. RQ1 – Usability

Before interpreting the USE questionnaire results, we first
assessed its validity and reliability. Following the approach
advocated by Gao et al. [29], participants with more than 5
NA responses in the questionnaire were excluded from the data
analysis. This resulted in 4 exclusions in group A, resulting
in 27 questionnaires taken into account for this study.

Regarding validity (i.e., whether the questionnaire measures
what it is intended to measure), Gao et al. [29] conducted
a psychometric evaluation of the USE questionnaire and
concluded that it is a valid instrument, based on comparisons
with the SUS [25] across various applications.

For reliability (i.e., the extent to which the instrument
produces stable and consistent measurements over time [30]),
we computed Cronbach’s alpha for each USE questionnaire di-
mension to assess internal consistency in the translated French
version. The resulting alphas were: Usefulness α = 0.92, Ease
of Use α = 0.89, Ease of Learning α = 0.87, and Satisfaction
α = 0.94, indicating good reliability across all dimensions.

a) Per-dimension results: Figure 4 shows the distribution
of participant responses for each USE questionnaire dimen-
sion. Across all dimensions, there was a decrease in scores
from version A to version B. The p-values indicate that this
decrease was statistically significant for the Satisfaction and
Ease of Use dimensions, whereas the reductions in Ease of
Learning and Usefulness were smaller and not statistically
significant.

These results indicate that introducing the granular feedback
option had a measurable impact on participants’ perceived
satisfaction and ease of use of OCE. Several participants in
group B commented on the intrusive nature of the feedback
prompts, for example: “Too many pop-ups; it can disrupt
the user experience.” Nevertheless, participants still generally
found OCE useful and easy to learn, with one participant
noting, “I really like this interaction with the user.”

b) Overall usability: Figure 5 presents a single usability
score per participant, calculated by averaging the scores of the
30 USE items. The overall results confirm the per-dimension
findings: usability decreased significantly from version A to
version B. Participants attributed this primarily to the graphical
interface for providing granular feedback, which they found to
be overly cluttered; as one participant commented, “The cause
[of my frustration] is that the graphical interface is too easily
overloaded.”



1 2 3 4 5 6 7
(a) Satisfaction

A. Baseline

B. Granular
Feedback

n=27

n=30

p = 0.04*

1 2 3 4 5 6 7
(b) Ease of use

A. Baseline

B. Granular
Feedback

n=27

n=30

p = 0.0**

1 2 3 4 5 6 7
(c) Ease of learning

A. Baseline

B. Granular
Feedback

n=27

n=30

p = 0.31

1 2 3 4 5 6 7
(d) Usefulness

A. Baseline

B. Granular
Feedback

n=27

n=30

p = 0.16

Fig. 4: RQ1. Participants’ answers to the USE questionnaire
for each dimension.
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Overall USE Score

A. Baseline

B. Granular
Feedback

n=27

n=30

p = 0.01*

Fig. 5: RQ1. Usability of OCE across the tested versions.

RQ1 - How does granular feedback affect OCE’s perceived
usability?

The introduction of granular feedback led to a measurable
decrease in participants’ perceived usability, with significant
reductions in satisfaction and ease of use, while usefulness
and ease of learning were largely unaffected.

B. RQ2 – Learning Performance

Figure 6 reports the average accuracy of OCE during
Study 2 for each participant group, as well as the maximum ac-
curacy achieved on any single experiment day (approximately
20 OCE cycles).

These results allow us to observe the evolution of OCE’s
learning capabilities over time. Average accuracies were ini-
tially low (below 0.5), reflecting the fact that OCE started
with no prior knowledge of participants’ preferences. In ad-
dition, the tasks and component assemblies were deliberately
designed to be complex, providing a realistic challenge for
OCE’s multi-agent system. After several repetitions, however,
accuracy improved substantially as shown in the maximum
reported, with one participant reaching a maximum accuracy
of 1.0. While this is an exception, overall this demonstrates
that OCE successfully adapted to participant preferences over
the course of the experiment.

Comparing the two groups, participants in the granular
feedback condition (B) achieved significantly higher accuracy
than those in the baseline condition (A). This indicates that
providing granular feedback substantially enhanced OCE’s
learning performance: participants were able to communicate
their preferences more effectively, which allowed the system
to generate more accurate assembly recommendations and
complete tasks more successfully.

RQ2 - How does granular feedback affect OCE’s learning
performance?

Providing granular feedback significantly improved OCE’s
learning performance, allowing the system to adapt more
quickly and accurately to participants’ preferences com-
pared to the baseline condition.

C. RQ3 – Trade-off

Figure 7 illustrates the trade-off between usability and
maximum accuracy achieved by OCE for the Baseline (A)
and Granular Feedback (B) conditions. For each condition, we
computed a mean usability score and a mean accuracy score
by averaging the corresponding measures across participants
expressed as percentages. Ellipses summarize the variability
of the accuracy and usability values and are included for vi-
sualization purposes only. The local Pareto slope representing
the trade-off is visualized with an arrow connecting the two
conditions.

This visualization shows that introducing granular feedback
leads to a gain in system performance at the cost of de-
creased usability. The slope of the trade-off line, calculated as
s = ∆accuracy/∆usability ≃ 0.78, indicates that each one-percent
decrease in usability corresponds to a 0.78 percent increase in
accuracy, meaning that the increase in performance is rather
expensive in term of usability.

While this slope is specific to our experimental setting and
should not be interpreted as a universal law (particularly when
these measures originate from different studies) it illustrates
a measurable trade-off between learning performance and
usability. In our study, the trade-off is tilted toward usability:
the performance gains afforded by granular feedback come at
a substantial cost to the user experience.
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Fig. 6: RQ2. Average and Maximum Accuracy of OCE across the different versions.

20 40 60 80 100
Usability Score (%)

34

36

38

40

42

44

46

48

Ac
cu

ra
cy

 (%
) A. Baseline

B. Granular
Feedback
Mean Points

Fig. 7: RQ3. Usability–Performance Trade-off across Study 1
and Study 2. Ellipses indicate the overall spread of the data
along each axis

RQ3 - What trade-offs arise between usability and learning
with granular feedback?

The introduction of granular feedback creates a clear trade-
off between learning performance and usability: it improves
OCE’s accuracy but at a measurable cost to user experience,
with the trade-off in our study being more heavily weighted
toward usability loss.

VII. DISCUSSION

The results of our studies provide empirical insights into
how granular feedback affects both user experience and ma-
chine learning in Human–AmI systems. They highlight a clear
trade-off between usability and performance and suggest de-
sign considerations for adaptive interfaces that rely on human-
in-the-loop feedback.

A. Limitations and Threats to Validity

We distinguish between internal validity, factors that may
have influenced our measurements, and external validity, fac-

tors that may limit the generalizability of our results.
a) Internal Validity: We modified the USE questionnaire

through translation into French and by rewording three items
in a negative form. These changes may have introduced biases
affecting construct validity. However, internal consistency was
assessed using Cronbach’s alpha, which showed good reli-
ability across all dimensions, suggesting that the translated
questionnaire remained a coherent measurement instrument.

Regarding Study 2, although task execution followed stan-
dardized routines in the form of experiment days (see Section
V-B), the variations between those days (i.e., which component
was set up to fail or reappear at what time) did influence
OCE’s learning dynamics and performance. These variations
affected the ML accuracy measurements negatively, but were
intentionally introduced to reflect realistic challenges in AmI
systems, thereby increasing ecological validity.

Finally, prior exposure bias may have influenced the results.
Given the demographic composition of our participants, some
had prior experience with similar tasks, computer science, or
video games. This affected how quickly participants learned
the interface or how effectively they used the granular feed-
back mechanism, impacting ML performance outcomes.

Overall, while these factors may have influenced absolute
measured values, they do not undermine the core comparative
findings of the study, which focus on differences between
interaction conditions under otherwise comparable settings.

b) External Validity: Several factors limit the general-
izability of our findings. Our participant pool was relatively
homogeneous, consisting predominantly of young, French-
speaking individuals with computer science backgrounds. In-
teractions took place in simulated environments, over relatively
short experimental sessions (around 40 minutes per partici-
pant) and with a limited set of tasks.

Moreover, the experiments were conducted in simulated
environments, which necessarily simplify real-world Ambient
Intelligence systems. In real deployments, additional sources
of complexity–such as environmental distractions, long-term
usage, and evolving user goals–may affect both perceived
usability and system learning outcomes.



Finally, the results are tied to the specific interface, feedback
modality, and timing implemented in OCE. To disentangle the
general impact of granular feedback mechanisms from their
particular implementation, future work should explore multiple
interface designs and interaction strategies. While alternative
implementations may mitigate some of the observed usability
costs, our results nonetheless illustrate a concrete instance
of the usability–performance trade-offs inherent to granular
feedback in Human–AI and Human–AmI interaction.

B. Implications and Future Works

While the tension between usability and system perfor-
mance is well documented in Human–AI research [14], [17],
[18], our results show that this trade-off also persists in
adaptive Ambient Intelligence systems and can emerge even
from relatively modest interaction design changes.

a) For Opportunistic Software Composition: Our study
of OCE’s interaction design and its impact on usability and
system performance provides insights into the design of op-
portunistic software composition systems more broadly. While
this result illustrates a clear usability–learning performance
trade-off, it also suggests that not all levels of granularity
are equivalent. Soliciting feedback only at specific levels of
abstraction (e.g., at the component level rather all four levels)
may offer a more favorable balance between usability and
learning performance, effectively pushing the Pareto frontier.

Moreover, this work opens avenues toward deploying oppor-
tunistic software composition systems in real-world Ambient
Intelligence environments. Studying such systems in real-
world settings—where user preferences, available components,
and environmental constraints evolve over time—constitutes
an important direction for future research.

b) For Adaptive Human-AI Systems: Our findings indi-
cate that granular feedback can substantially improve system
learning while simultaneously degrading perceived usability.
This highlights that user feedback should be treated as a strate-
gic resource rather than a constant interaction requirement. Not
all steps in a task necessarily warrant detailed feedback, and
designers should carefully consider when to request granular
input, at which moments in the interaction, and at what level
of detail. In the context of ambient intelligence, constant
interaction can undermine the goal of unobtrusive support
by increasing cognitive load and interrupting user activities.
Instead, feedback mechanisms should be designed to maximize
informational value while minimizing disruption—for exam-
ple, by triggering feedback requests at moments of uncertainty,
system failure, or model retraining phases. Poorly timed or
overly frequent feedback requests may impose cognitive and
interaction costs that outweigh their performance benefits, as
hinted by our answer to RQ3.

These observations are consistent with prior work on feed-
back granularity. For example, Peska et al. [31] show that
overly coarse feedback may be insufficiently informative for
learning systems, while excessively fine-grained feedback is
often overlooked or underutilized by users. Together with our
findings, this suggests that effective feedback design requires

balancing informativeness for the system with effort and
attention demands on the user.

An alternative direction explored in the literature is the
collection of implicit feedback, such as signals derived from
mouse movements or interaction traces [32]. Peska et al. [31]
frame granular feedback as a more explicit and often com-
plementary alternative to such implicit signals. While implicit
feedback can reduce user burden, it is noisy and difficult to in-
terpret, potentially leading to erroneous inferences [33]. More
broadly, integrating human feedback into machine learning
systems remains challenging: as noted by Nguyen et al. [34],
human feedback is subjective, varies across users, and is not
always directly translatable into machine-interpretable signals.

c) For AmI Study Design: Beyond design implications,
our work offers methodological insights for future research
on Human–AmI systems. First, the two-study setup proved
effective despite its added complexity. Measuring usability in a
realistic, open-ended scenario while assessing learning perfor-
mance under more controlled conditions allowed us to capture
complementary aspects of the interaction. Second, starting
with realistic yet constrained simulations provided a practical
testbed for studying adaptive behavior. This allowed us to
focus on the design of feedback and interaction itself, without
addressing other practical challenges covered elsewhere in the
literature, such as sensor data acquisition [35], or data safety
[36] in AmI systems.

This combination of experimental design choices can serve
as a useful starting point for future work in Human–AI
and Ambient Intelligence research. Future studies should ex-
tend this approach by exploring alternative interface designs,
feedback modalities, and longer-term deployments, in order
to better characterize and potentially mitigate the usabil-
ity–performance trade-offs identified in this work.

VIII. CONCLUSION

This paper investigated how introducing granular user feed-
back in an adaptive Ambient Intelligence system affects both
user-perceived usability and machine learning performance.
Through two complementary user studies, we evaluated a
baseline version of an opportunistic software composition pro-
totype, OCE, against a version enabling explicit, fine-grained
feedback. The first study focused on usability, while the
second examined learning performance under more controlled
conditions. Together, our results show that granular feedback
significantly improves system learning performance, enabling
OCE to better adapt to user preferences over time. At the
same time, this improvement comes at a measurable cost to
usability, particularly in terms of user satisfaction and ease of
use. These findings highlight that richer feedback mechanisms
are not universally beneficial and must be carefully calibrated
within the interaction flow.

Beyond the specific case of OCE, this work contributes to a
growing body of research on agentic and adaptive AI systems
that rely on human input to guide learning and decision-
making. As AI agents become increasingly proactive, persis-
tent, and embedded in everyday environments, the question is



no longer whether humans should provide feedback, but how,
when, and at what level of granularity such feedback should be
solicited. This work examines the trade-offs between usability
and ML performance in this context, a topic that is largely
unexplored in the literature. Our results suggest that feedback
should be treated as a limited and valuable resource, rather
than a default interaction pattern.

For the broader agentic AI community, this work under-
scores the importance of jointly evaluating learning perfor-
mance and human experience when designing adaptive sys-
tems. Optimizing agents solely for learning efficiency risks
degrading user experience in ways that may ultimately un-
dermine long-term adoption and trust. We argue that future
research should further explore adaptive feedback strategies,
and alternative feedback modalities to better understand how
agentic systems can learn effectively while remaining usable
by their users. In this sense, our work represents a step toward
more human-centered approaches to designing and evaluating
learning agents in Ambient Intelligence and beyond.
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