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Learning Self-Confidence from Semantic Action Embeddings for
Improved Trust in Human-Robot Interaction

Cedric Goubard! and Yiannis Demiris

Abstract— In Human-Robot Interaction (HRI) scenarios, hu-
man factors like trust can greatly impact task performance
and interaction quality. Recent research has confirmed that
perceived robot proficiency is a major antecedent of trust.
By making robots aware of their capabilities, we can allow
them to choose when to perform low-confidence actions, thus
actively controlling the risk of trust reduction. In this paper, we
propose Self-Confidence through Observed Novel Experiences
(SCONE), a policy to learn self-confidence from experience
using semantic action embeddings. Using an assistive cooking
setting, we show that the semantic aspect allows SCONE to
learn self-confidence faster than existing approaches, while
also achieving promising performance in simple instructions
following. Finally, we share results from a pilot study with 31
participants, showing that such a self-confidence-aware policy
increases capability-based human trust.

I. INTRODUCTION

Trust is a key element of any Human-Robot Interaction
(HRI), as robots can help achieve a better interaction quality
by gauging a human’s trust and adapting their actions ac-
cordingly [1]. An important aspect of effective collaboration
is understanding when to intervene, as failures not only
inherently bring risks, but also affect the human’s future trust
[2]. This requires robots to be aware of their own capabilities,
which is known as proficiency self-assessment [3]. This is
a difficult task: to achieve it, robots must be able to learn
proficiency models quickly, accurately and generalise them to
various contexts. To that purpose, special care must be given
to the way actions are represented and understood by the
robot. In adjacent fields, the use of language-anchored action
embeddings has recently yielded promising results thanks
to their ability to capture functional similarities between
actions [4], [5], [6]. In this paper, we consider how this idea
can extend to proficiency self-assessment and the resulting
impact on human trust levels during an interaction.

We choose assistive cooking as our application scenario,
with the robot in charge of providing the right ingredients
at the right time to the human. There are several reasons
why this choice fits our problem particularly well. First, it
is a realistic example of a complex HRI scenario. Second, it
encompasses a wide range of possible robot actions, which
forces our approach to deal with the problems of exploding
state and action spaces. Additionally, it includes several types
of risks, a key element when investigating trust in HRI [7].
Examples include breaking objects, wasting food or time,
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Predicted self-confidence: 0.98 0.81

Selected next action

Fig. 1: By using semantic embeddings to represent available
actions, the robot can predict a similarity with a set of
instructions and a success chance based on past experience.
The figure shows this approach applied in our assistive
cooking setup; predictions are in the bottom, instructions in
the top part. The robot can thus ask for help before failures
happen, resulting in a positive effect on capability-based
human trust.

spilling, or staining. Finally, assistive cooking allows us to
evaluate embeddings for both a performance-oriented task
(instructions following) and self-confidence modelling.

In this paper, we present Self-Confidence through Ob-
served Novel Experiences (SCONE), a framework to learn
a self-confidence-informed policy that also allows simple
instructions following. Our contributions are as follows:

1) We present the details of SCONE and how we use a
shared embedding space to learn self-confidence from
experience and follow simple instructions.

2) We evaluate the performance of several embedding
spaces and predictive models on both the success
prediction and instructions following tasks.

3) We investigate SCONE’s effect on reported and be-
havioural trust through a pilot study involving a real-
life assistive cooking scenario.
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II. RELATED WORK

A. Robot self-confidence

Human overreliance on automated systems can lead to
lower trust when these systems fail [8], [9]. To address
this concern, researchers have explored methods to imbue
robots with self-awareness and active engagement in the hu-
man trust calibration process. A prevalent approach involves
utilising expected reward mechanisms [5], [10]. However,
this approach is focused on Reinforcement Learning (RL)-
based agents and proves difficult to implement within HRI
scenarios due to the complexities of human behaviour mod-
elling. As an alternative, comprehensive frameworks have
been developed and exhibit promising outcomes [11], [12],
[13], [14]. These models consider a wide range of factors
impacting task proficiency, albeit with specific prerequisites
that restrict their adaptability. These prerequisites include
elements like reward structuring, exhaustive PDDL defini-
tions, hierarchical databases to estimate task similarity, or
stipulating cognitive assumptions of the agent. Our proposed
approach offers a simpler method which can be easily applied
to a wide range of tasks thanks to the versatility of text
descriptions. We argue that this is a valuable aspect, as it
can be more easily included in various types of HRI user
studies. Moreover, despite the extensive research on robot
self-confidence, we believe this work to be the first one to
study the impact of a learnt, task-agnostic self-confidence on
both reported and behavioural trust.

B. Instructions following

Strategies designed to allow robots to follow instruc-
tions can be broadly categorised into two distinct groups,
depending on whether they use implicit or explicit action
representations. Approaches using implicit action represen-
tations involve training models to directly generate robot
commands from sensor data [15], [16]. However, these
approaches require extensive simulation-based training and
do not consider potential human actions in the process.
As an alternative, explicit representations deconstruct long-
term instructions into more progressive, short-term steps,
including elements such as skill descriptions, latent actions,
PDDL states, or vision/proprioception states [5], [17], [18],
[19]. Furthermore, interesting progress has been made over
the recent years by using Large Language Models (LLMs),
partly thanks to their growing ability to emulate human
reasoning and concepts. Such progress has affected both
implicit [4], [S] and explicit approaches [20], [21], [22],
[23]. While LLM-based embeddings have been extensively
explored, we believe the work presented here to be the first
to investigate their use for robot self-confidence estimation
and its effect on trust in a realistic HRI.

C. Trust in Human-Robot Interaction

Trust is a subjective, context-dependant, and multidimen-
sional phenomenon [24], [25]. In attempts to capture this
complexity, several definitions have been proposed over
the years [26], [27]. In this paper, we adopt a commonly
accepted one in HRI: ‘the attitude that an agent will help
achieve an individual’s goals in a situation characterized

by uncertainty and vulnerability’ [28]. Additionally, recent
research differentiates capability-based trust, i.e. related
to the belief over what an agent is physically capable of
doing, and moral-based trust, i. e. whether the agent’s motive
and morals are aligned with the human’s [29], [30]. When
attempting to measure trust, an important distinction must
be noted between reported trust, mostly measured using
questionnaires, and behavioural trust, observed for instance
through delegation and intervention. Behavioural trust is
the one directly affecting the HRI; when it is not easily
available, reported trust can offer a useful but noisy proxy,
as it does not always translate to behavioural trust [31], [32].
However, both measures have proven useful, and human trust
estimation and calibration have been subject to extensive
research over the past few years [30], [33], [34], [35], [36],
[37], [38]. While this research provides valuable insight,
we believe our work to be the first to study the impact of
explicit, task-agnostic robot self-confidence on both reported
and behavioural trust in a physical HRI setting.

III. THEORETICAL FRAMEWORK

A. Terminology

A robot’s overall probability of successfully grasping a
bottle is not equal to the probability of grasping a specific
bottle on a cluttered desk. To emphasise this distinction
between abstract and grounded actions, we isolate three
distinct concepts. An agent’s capability A € A is a potential
sequence of commands assigned to specific purposes, such as
‘grasping’ or ‘navigating’. An affordance oo € A arises when
a capability can be applied to an element of the environment
e € &, such as ‘the bottle on the desk’ or ‘the kitchen’. This
is in line with the original definition of ‘action possibilities
that are offered by the environment’ [39], as well as other
work from the literature [40]. Finally, when an affordance
is executed, this leads to an outcome w, obtained using
an outcome function (2. We will assume binary outcomes
as they fit our application, but the framework could easily
be generalised to continuous space. We also consider that
an affordance exists as long as the robot could intentionally
achieve it successfully at least once. Equation (1) summarises
the mathematical notations.

a=(Ne)eA=AxE,

wo = N(a) € {0,1}. o

VAEA K(N) = E[0) = E[Q(e) 0.1, @

These clarifications now allow us to refine our defini-
tion of self-confidence. We define an agent’s proficiency
at a capability x(\) as the expected success rate of all
associated affordances over the distribution of contexts, as
shown in Equation (2). The self-confidence is then simply
the predicted proficiency 4 based on past experiences. Our
framework examines several methods to obtain this estimate
in Section IV-A. Considering self-confidence as ‘trust in
oneself’, we can relate our notations to existing work, such
as [34], but with the Markovian assumption released, or [41],
but using a latent capability space.
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Fig. 2: Our architecture applied to an assistive cooking scenario. Affordances with textual descriptions are extracted
from the environment using object tracking. They are embedded using ¢ in a common space with the instructions, which are
filtered by p to remove irrelevant instructions for the robot. Actions and instructions embeddings are then compared using
the cosine distance. The same action embeddings are used by & to predict their success chance, and the most relevant and
safe action is picked. Its outcome is observed and used to update the self-confidence.

B. Framework Overview

First, we define the text space 7 and assume that a
description function § : A — 7T is available to get text
descriptions of affordances; examples on how to get such
a function are available in the literature [40], [42] . In our
application scenario, ¢ is simply ‘Put X on table’ where X
is the class name from the object detection module, and
the instructions are the recipe steps. We propose SCONE,
a policy framework relying on 3 main components, with
implementation details shared in Section IV. First, an action-
instruction joint embedder ¢ : 7 — V maps the textual
description of the instructions and available affordances to
a joint vector space V. Having instructions and actions in a
shared semantic space enables us to measure their similarity,
and serves as a base for the other two modules. Then,
an instruction relevance filter p : V — {0,1} uses the
embeddings from ¢ to (1) identify instructions that have
been completed and (2) filter out irrelevant instructions for
the robot, which reduces the complexity of the planning.
The output is binary, specifying whether or not to keep the
instruction. Finally, a self-confidence estimator # : V —
[0,1] maps an action embedding to a success probability.
Since V captures similarities between related actions, &
converges to the real proficiency much faster than other
approaches such as [6] where the outcome of each action
is only used to update that specific action, as shown in
Section V-A. An implementation example in an assistive
cooking scenario is available in Figure 2. To learn from
experience, the model used as a self-confidence estimator
(see Section IV-A) is updated after the outcome of each
action is observed.

IV. EXPERIMENTS

Our application scenario is an assistive cooking setup
where the robot delivers ingredients while the human per-
forms the recipe steps. As mentioned in Section I, we chose
this scenario because it is a complex HRI scenario with
different risks involved and large action and state spaces.

We conducted three sets of experiments, each designed to
evaluate a specific dimension of our framework. Section V-
A focuses on the self-confidence learning process, evaluating
how fast and accurate it is. Section IV-B considers how
the same embeddings perform on our core task, instructions
following. Finally, Section IV-C presents our pilot user
study to measure the impact of self-confidence-awareness on
human trust in a real-life assistive cooking scenario.

A. Experiment 1: Learning self-confidence

As described in Section III-B, the overall ability to predict
an affordance’s outcome depends both on the joint embed-
ding module ¢ and on the self-confidence estimator 4. For the
embedding step, we selected two semantic embeddings from
the current state of the art, MPNet [43] and BGE [44], both
accessed using the sentence_transformers package
[45]. We also trained a custom version of MPNet with extra
layers on a custom dataset (see Section IV-B), which we
included in the experiment. As far as the authors know,
there is no commonly accepted baseline for robot action
embedding in a success prediction task, as most related work
uses either a task-specific model or different representations
(see Section II-A). We thus decided to adopt two baselines
from adjacent problems: one-hot encodings and GloVe [46].
Both have been used to embed robot task descriptions in
state-of-the-art work [6], [34], [40].

Embeddings alone are not enough: we also needed to
compare estimators & to predict the self-confidence from the
embeddings. As a baseline, we evaluated the performance
of out-of-the-box machine learning models: random forests,
K-Nearest Neighbours (KNN), Multilayer Perceptron (MLP),
Support Vector Machines (SVM), LGBM and XGBoost [47],
[48]. Since we assumed that the robot would not get better
over time, we did not need to resort to recurrent architectures
such as [34], [49]. We found that most approaches suffer
heavily from the cold start problem, i.e. an initial lack of
data when only a few interactions have taken place [50]. To
mitigate this and prevent the models from over-generalising
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the initial observations, we also considered their performance
with an e-greedy condition.

To ensure our evaluation captured the models’ ability to
learn different proficiency profiles, we constructed a dataset
using the Gazebo simulator [51]. This simulation replicated
a robot’s efforts to complete the pick and place task while
contending with random failures in object detection, motion
planning, and execution, each occurring at different frequen-
cies. We established 10 distinct proficiency profiles, each
executing the task 100 times. The objects in the environment
were randomised every time, among a set of 21 possible
objects. Furthermore, we conducted the same task in a real-
world setting, collecting an eleventh dataset of 100 samples.
To evaluate our predictors, we focused on two key criteria:
the volume of data required by the model and the quality of
its predictions. To fit these dual objectives, we followed the
protocol detailed in Algorithm 1. The use of the Area Under
the Receiving Operator Characteristic (AUROC) enabled us
to capture both the overall prediction quality ("height” of the
curve at each step) and learning speed (how fast it rises).

Algorithm 1 Evaluation of the self-confidence models

Require: ({, ), the model to evaluate, D = {Dy,..., D11}
all datasets
acc + [ ]
for D; € D do
D; + ¢(D;) > Text to embedding
Dtrain_ ptest . D0 : 80], D[S0 : 100]
for nypqin € [10: 100 : 10] do
Kk <+ create_and_train( D" [: nyq0])
acc < acc + eval_and _record(r, D5")
end for
end for
acc < acc.mean()
perf < AU ROC (acc)/90

> acc shape is (11,10)
> acc shape is (1,10)
> Normalise to [0, 1]

B. Experiment 2: Instructions following

Using semantic embeddings for action representations also
offers a relatively simple solution for instructions following
tasks. By projecting affordances descriptions and instructions
in the same latent space, we can use a similarity metric
to measure the relevance of our affordances. To evaluate
SCONE’s performance in this aspect, we used text recipes
and ingredient lists from the Tasty V2 dataset to simulate
kitchens with unconstrained agent capabilities [52]. Each run
defined a kitchen as a space with randomly selected loca-
tions, such as cupboards or shelves, and spawned relevant
and irrelevant ingredients based on the recipe. We used a
PDDL-based agent to simulate the human’s actions. This
allowed us to generate 135 states, each made of an instruction
1, and a set of available affordances . We then manually
labelled 651 relevant actions in our 135 states, resulting in
135 triplets of (1) an instruction, (2) a set of relevant actions
and (3) a set of irrelevant actions. 80% of those were used to
train the custom models described later, and the remaining
were used as a test set for all experiments. To measure
success, we had the model predict the most relevant action

in a labelled state until no more were available in that state.
We then used these results to calculate accuracy as a ratio
of relevant actions and averaged it over all the states.

In addition to the embeddings described in Section I'V-
A, we also used the training set to refine the MPNet
embeddings. We added a MLP with dropout to the pre-
trained MPNet and trained using a triplet loss based on the
cosine distance in PyTorch [53]. We used the 651x0.8 = 520
labelled (i,, a"®!) text pairs as anchor and positive examples
and used 10 random actions as negative examples for each
pair, resulting in a dataset of 5200 samples. We tested
different dimensions for our final embedding space and found
the best results for a size of 128. Finally, we also considered
two baselines specific to instructions following. Our first
baseline was a PDDL planner, in which a Natural Language
Processing (NLP)-based module was used to translate each
instruction into a PDDL goal state. At each time step, the
remaining recipe steps defined various PDDL goal states. The
robot generated plans for each and picked one action from the
set of initial actions of all generated plans. We implemented
this baseline using Planutils [54] and the LAMA planner
[55]. Our second baseline was an adjusted version of TICC-
POMDP [6]; at each time step, the robot ran a Monte Carlo
Tree Search (MCTS) which included its own proficiency
estimate to find the best action. It updated its belief over
this proficiency estimate at every time step.

C. Experiment 3: Effect on human trust

Finally, we ran a pilot study to evaluate the impact of
self-confidence awareness on human trust. We considered a
human and a robot standing on each side of a table, following
a recipe to make a salad. The robot got the ingredients from a
shelf and put them on the table, while the human used them
to make the salad. SCONE was used to select the robot’s
actions based on the given recipe and objects perceived in the
environment. An illustration of the setup is given in Figure 1,
and more details are available in [56]. On the table, an iPad
application served as a user interface, showing the recipe and
the robot’s current action. It also allowed the robot to ask
for human help when a failure was predicted (in the session
where self-confidence was used) or after 3 failures on the
same affordance. Finally, it provided an option for the human
to take over any action, used to measure an intervention
ratio. We ran a within-participants experiment where each
participant cooks twice with the robot: once with the self-
confidence module active and once without. Our hypotheses
were:

H1: Participants interacting with a self-confidence-aware
robot will report a higher trust level.

H2: Participants interacting with a self-confidence-aware
robot will have a lower interventions count.

We used two groups to account for familiarity with the
setup, each encountering a different policy first. We collected
age, gender and dietary restrictions using questionnaires
from [57] before cooking sessions and assessed trust with
questionnaires from both [57] and [58] after each session.
To summarise, our independent variable is the robot’s policy,
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and the dependent variables are the number of interventions
and reported trust levels from the various questionnaires.
The study received approval from Imperial College’s research
ethics committee.

After both sessions, each participant gave Likert-type
answers from the MDMT questionnaire’s performance scale
in its original form [58] and Likert-like from the TPS-
HRI questionnaire [57]; see [59] for the distinction between
Likert-type and Likert-like. This type of approach often
results in longitudinal data, i. e. data with distributions that
do not fit the statistical assumption of parametric hypothesis
testing [59], [60]. A common alternative is to use non-
parametric testing, which relaxes some of the distributional
assumptions. However, this relaxation comes with a cost in
terms of statistical power; for that reason, we preferred to
use Bayesian data analysis to analyse the reported trust [61].
For comparability purposes, we also provide scoring results
as described in both of the questionnaire’s original papers.
We do this while acknowledging that averaging ordinal data
is controversial in statistical terms, as the ‘distance’ between
every value of the scale is subjective [59]. Equation (3) shows
a summary of the statistical model used for the question-
naires; both the MDMT and TPS-HRI models follow this
structure. Equation (4) is the model used for the intervention
count (some priors are identical to those in Equation (3) and
not repeated). We invite readers to explore [61] for more
details on Bayesian Statistical Modelling, and [60] for the
usefulness of Cumulative Link Mixture Models (CLMMs)
to model Likert scales.

R; ~ Ordered-logit(¢;, «),
¢i = ag[Qi] + ap[P] + ay[Gi] + [T,

a~N(0,1), ag[Qi] ~ N (&, 0q), 3)
a~ N(0,1.5), o4 ~ Half-Normal (0, 1),
ap[P;] ~ N(0,0,), op ~ Half-Normal(0, 1),
ag[Gy] ~ N(0,1), ac[Cy] ~ N(0,1).
N; ~ Poisson()\;),
“)

log \; = ap[P;] + ay[Gi] + a.[C;).

In Equations (3) and (4), the participant ID FP; is in
[1,31], G; is 1 or 2 depending on whether this is the
first or second cooking session, C; is 1 or 2 depending on
whether the self-confidence module was activated for that
session, the question ID @Q; is in [1,8] for the MDMT-
performance questionnaire and in [1,14] for TPS-HRI, and
N; is the number of interventions from the user. This model
was fit using R and the Rethinking package’s ulam function
with 6 Markov chains of 500 warmup and 500 sampling
iterations each [61]. This allowed us to sample the posterior
distribution and compute the contrast, i. e. the distribution of
the difference between the groups. The contrasts contain all
of the information and uncertainty uncovered by our research
and are a usual output of Bayesian Analysis. However, in an
attempt to make a dichotomous decision and express our
results in a fashion similar to the frequentist notion of null-
hypothesis significance testing, we also report the overlap

SC IF
LGBM | eKNN
IHE 0.56 0.65 N/A
GloVe 0.61 0.69 0.69
BGE 0.74 0.79 0.75
MPNet 0.74 0.81 0.74
MPNet ft* 0.73 0.77 0.81
PDDL N/A N/A 1.00
Trust-TICC N/A N/A 0.80

*ft denotes further training on our custom dataset

TABLE I: Self-confidence (SC) and Instructions Following
(IF) results. Metrics are in [0, 1] and explained in section IV.
LLM embeddings improve overall performance in both tasks
(see subsection V-A).

between the 95% Highest Density Interval (HDI) and the
Region of Practical Equivalence (ROPE) [62].

V. RESULTS

A. Embeddings Performance

Since the embeddings we use are the same in Section IV-A
and Section IV-B, we report the results together in Table 1.

For the self-confidence prediction problem, we report the
results from the best model candidates with and without the
e-greedy option. The best performance was overall obtained
using transformers embeddings, with a slight advantage for
MPNet (0.81) over BGE (0.79). The additional training
slightly decreased the performance (0.77) but still left it
significantly higher than other embeddings (0.69). Regarding
the predictors, the use of the e-greedy approach consistently
improved the performance. Interestingly, LGBM was the
best performer without it (0.74), but KNN was better with
it (0.81). We believe this to be caused by KNN’s lower
bias, which reduces its tendency to overfit. This should be
considered while keeping in mind that our metric emphasises
learning efficiency; results would likely lean more toward
higher bias models if we focused on mid to long-term
performance. Additionally, users are likely to have personally
preferred trade-offs between the robot asking for help or
failing too often; future work could thus explore the impact
of differentiating false positives and false negatives.

Regarding the instructions following task, the best results
were obtained using MPNet with additional training (81%).
Interestingly, the additional training only provided a marginal
improvement, and the off-the-shelf models already performed
reasonably (74% for MPNet and 75% for BGE). Compared
to other approaches, ours selected relevant actions as often
as [6] (81% versus 80%). This was of course lower than
the PDDL baseline, which only selects relevant actions by
design, but does not consider potential failures. Furthermore,
we noted a few behaviours that could be explored in future
work. First, we observed that the presence of negations in
the instructions could result in a false positive increase.
This was not a problem in our kitchen setting since few
instructions asked the agent NOT to do something, but in
different contexts, an instruction like ‘move past the kitchen
and go to the bedroom’ could easily lead to a wrong outcome.
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Fig. 3: Policy (top) and group (bottom) effects on the questionnaire answers and the intervention ratio. Left (histograms):
HDI and ROPE of the contrasts. Limits are given by the low black horizontal line (HDI) and the dashed vertical lines
(ROPE). Blue text shows if the effect is more positive or negative; black text shows how much of the contrast falls inside
the ROPE. Right (candle plots): average and standard deviation of the Likert scores (see Section IV-C) and number of
interventions. Figures (a), (b): HDI and ROPE are mutually exclusive, and the offset is positive. H1 is accepted, self-
confidence awareness increases reported trust. Figure (¢): HDI and ROPE are mutually exclusive, and the offset is negative.
H?2 is accepted, self-confidence awareness reduces interventions. Figures (d), (e), (f): the HDI and ROPE fully overlap in
all group contrasts; the order in which a participant is exposed to the policies does not mitigate the effect (see Section V-B).

Second, we used a learnt threshold on the similarity metric
as a stopping criterion; future work could investigate how
this could be generalised to various contexts.

B. Impact on trust

We ran the experiments with 31 participants, with an
average total time of 48 minutes. 55% of the participants
were between in the [21-30] age range, 25% in [31-40], 13%
in [41-50] and 7% in [51-60]. 52% identified as male and
48% as female. They reported various degrees of familiarity
with automation. One question from the MDMT was skipped
by a single participant and was dropped. As explained in
Section IV-C, we used the overlap between the 95% HDI and
the ROPE to decide whether or not to reject our hypotheses.
Based on [62], we set our ROPE to [—5 %, § %] where € is the
effect size. Following [63], we used € = 0.2, resulting in a
ROPE range of [—0.18,0.18]. If the HDI fell fully inside the
ROPE, we rejected the hypothesis as no significant difference
was observed between the groups. If it fell fully outside, we
accepted it. If there was only a partial overlap, we could
not make a decision. Figure 3 plots the HDI and ROPE
of the contrasts for the TPS-HRI, MDMT-performance and
intervention count. The self-confidence-awareness provided
by SCONE had a positive impact on reported performance-
based trust, and reduced the number of interventions; H1 was
accepted for both scales, and H2 was also accepted. Since
this is a within-participant study, we are also interested in
the impact of the order in which participants encountered the
policies on their reported and behavioural trust. To answer
this question, we use our Bayesian model to consider the
contrast between both groups. As shown on Figure 3 where
the HDI and ROPE fully overlap in all group contrasts, the

participant’s group does not affect their reported trust or
number of interventions.

VI. CONCLUSION

In this paper, we explored the relevance of semantic action
embeddings for assistive robots. We presented SCONE, a
framework leveraging these embeddings to both learn self-
confidence from experience and follow simple instructions.
We showed that SCONE improved self-confidence accuracy
and learning speed, while ensuring suitable action relevance.
We also ran a pilot study with a realistic assistive cooking
scenario, in which self-confidence awareness had a positive
effect on capability-based human trust. While an effect of sta-
tistical significance was found, this study could be extended
in several ways. The effect could be examined with a larger
variety of ages, genders and familiarity with automation
levels, as those have been found to be significant trust
antecedents. Personality and culture have also been identified
as important trust factors and could be considered [7]. Now
that this pilot study confirmed the presence of an effect,
future work can be done on quantifying its magnitude and
further investigating it. Furthermore, our approach focused
on the first step towards building trust in HRI; future research
could then explore the human perception of robot proficiency
and how to integrate it into planning. Such an extension could
allow the robot to actively calibrate the human’s trust based
on their capabilities.
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