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Figure 1: Shifting from technical "silent" failures to transparent, understandable communication. On the left, current HRI
systems often provide generic error alerts that leave users confused and erode trust. On the right, our proposedmultidimensional
taxonomy allows robots to diagnose and communicate the specific nature of a failure (e.g., a Perception Failure), enabling
context-aware explanations that sustain safe and effective human-robot collaboration.

Abstract
As robots become integrated into everyday environments, interac-
tion failures are inevitable. However, current robotics design often
treats failures as technical bugs rather than interactive mistakes.
When these errors are presented in technical terms, users might
not be able to understand them, reducing trust and the ease of the
interaction. To address this, we present a preliminary, multidimen-
sional taxonomy of HRI failures. Based on team brainstorming and
literature, our framework classifies failures across three core sys-
tem capabilities: Perception, Cognition, and Execution. Crucially,
it attributes these failures not solely to the robot, but also to hu-
man and environmental factors, while assessing their impact on
user trust and safety. By pinpointing the exact nature and origin of
an error, this taxonomy provides the vocabulary needed to equip
robots with targeted, context-aware explanations, advancing the
design of transparent and understandable human-robot interaction.
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1 Introduction
Regardless of the technical and social efforts to make robots reliable,
the reality in human-robot interaction (HRI) is that they continue to
fail and frequently encounter unexpected errors and misinterpreta-
tions [16, 26]. Crucially, every technical error carries a consequence
for the interaction that often goes unmeasured: the perceived de-
pendability. As we progress toward a more robot-integrated envi-
ronment, with robots moving from controlled laboratory settings
to real-world contexts [8, 21, 23, 34], the importance of exploring
and managing these vulnerabilities increases.

A failure in this context is broadly defined as a robot behavior
that deviates from the user’s desired or expected outcome [30].
Given the complexity of dynamic everyday environments [16],
such failures are inherent to interaction and can be triggered by the
robot’s system [15, 19], environmental anomalies [9, 29], or human
actions [14, 32]. Since eliminating these failures across different
contexts is unlikely to be feasible, the focus of modern HRI should
shift to how robots manage, mitigate, and communicate them.

Current robotics designs often treat failure simply as a system
error to be eliminated [2–4, 25]. However, for a user, a failure can
mean more than that, possibly further undermining their already
limited trust in the robotic agent [21]. To restore this trust and
ensure continued safety, the user must understand how and why
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the failure occurred, and how to recover from it [6, 10, 33]. By
designing robots capable of transparently communicating their in-
tent, reasoning processes, and system limitations, we can transform
these failures from interaction- and trust-ending errors into regular,
understandable events.

To better understand failures, prior work has sought to define
them, with a focus on user-centered [16], safety [18], and mobile
robots [5]. However, a comprehensive, structured taxonomy en-
compassing various failure types, their consequences for factors
such as safety and trust, and their recoverability in HRI remains
underexplored. These dimensions are particularly relevant during
live interactions, where an unexplained error does more than affect
a task; it fundamentally alters the user’s perception and confidence
towards the robot. Without a structured way to classify these fail-
ures, they remain ’silent,’ leading to a decline in trust that might be
difficult to repair.

This work aims to address this gap by developing a systematic
and comprehensive failure taxonomy that integrates multiple per-
spectives. By providing a structured framework for understanding
and categorizing failures, this taxonomy can help researchers and
practitioners identify, discuss, quantify, compare systems and their
interactive behaviors, and ultimately mitigate failures in human-
robot interaction while promoting user trust.

2 Methodology
In this section, we describe the (ongoing) process to develop and
validate a comprehensive and robust failure taxonomy for HRI. To
address both the technical and social dimensions of HRI, we are
following a five-phase iterative approach. Currently, the first two
phases are complete, yielding the preliminary taxonomy presented
in this paper, while the third phase is ongoing.

2.1 Initial Review of Existing Taxonomies
(Completed)

To establish a foundation for our taxonomy, we conducted a com-
prehensive review of existing taxonomies related to failures in
robotics, assistive robots, service robots, and HRI. We used the
Google Scholar search engine to find relevant articles. To achieve
this, we used specific key words which included "HRI Taxonomy",
"robotics taxonomy", "Failure taxonomy", etc. This process allowed
us to understand the various dimensions in which failures have
historically been categorized and informed our initial framework
for structuring failure types. We documented and organized these
insights using a Miro board, which served as a collaborative space
for mapping and refining our taxonomy.

2.2 Preliminary Taxonomy Development
(Completed)

Building on the initial review, we initiated the taxonomy develop-
ment phase by synthesizing the extracted failure categories into
a preliminary framework. This early version of the taxonomy in-
cluded broad failure types based on previously identified patterns.
We then iteratively refined them to better fit the HRI context.

To ensure a multidisciplinary perspective, we engaged an in-
terdisciplinary team of 7 researchers with expertise in developing
conceptual frameworks, HRI, Robotics, HCI, Accessibility, Design,

Virtual and Augmented Reality, and Computer Vision. The team
contributed equally in the discussion process.

Utilizing a collaborative digital workspace (Miro), our team
mapped and iteratively refined the categories through multiple
rounds of discussion to better align with the specific nuances of
HRI. Each iteration aimed to improve clarity, coverage, and appli-
cability of the taxonomy. Adjustments were made in response to
feedback from these sessions. Categories were merged, subdivided,
or redefined to ensure that the taxonomy was both comprehensive
and applicable across different HRI contexts.

2.3 Scoping Review (Ongoing)
To ensure our framework objectively captures the full spectrum of
documented real-world HRI failures, we are currently conducting
a scoping review that grounds our taxonomy in a comprehensive
empirical research base. This review follows the Preferred Report-
ing Items for Systematic Reviews and Meta-Analyses (PRISMA)
statement [24, 31]to ensure transparency and reproducibility.

We queried three major academic databases: Science Direct, IEEE
Xplore, and ACM Digital Library, using the following search string:

(robot*) AND (interaction* OR Collaboration*
OR user* OR experience OR cooperation* OR
assistive* OR rehabilitation* OR service
OR social*) AND (fail* OR malfunction OR
error OR breakdown OR incident OR violation)

To define the scope of our review, we applied the inclusion and ex-
clusion criteria detailed in Table 1. We prioritized studies involving
physical robots to ensure the taxonomy reflects the challenges of
real-world deployment.

The review is guided by the following Research Questions (RQs):
RQ1: What types of failures have been reported in human-robot
interaction, and how are they described or classified across studies?
RQ2: What types of failures are under-represented or overlooked in
the literature? RQ3: What factors contribute to these failures (e.g.,
robot, human, and environmental aspects)?

To systematically analyze the included papers, we developed a
data extraction spreadsheet. To strengthen the validity of our find-
ings, each paper was independently annotated by two of the four
researchers involved in this phase. Any discrepancies or conflicts
in the annotations were resolved through collaborative discussion
with the full research team, ensuring a high level of inter-annotator
agreement. For each selected study, we extract contextual metadata,
including the study type, study context (e.g., healthcare, public
space), robot model, target users, and the robot’s level of autonomy
during the interaction, as well as the number of agents in the in-
teraction (humans and/or robots). Crucially, to directly answer our
Research Questions and map findings to our preliminary taxonomy,
we extract specific failure-related metrics for every documented
incident. This metrics include: How the authors name and define
the failure; When the failure occurred during the interaction, and
whether the primary agent at fault was the human, the robot, or the
environment; The reported effects of the failure on the interaction,
specifically regarding safety, usability, and user trust, which has
been shown to be significantly impacted by both technical and
social robot errors [11, 12, 19, 20]; and if there were any recovery
actions taken by the system, such as providing an explanation,
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Table 1: Inclusion and Exclusion Criteria for the Scoping Review

Category Inclusion Criteria Exclusion Criteria

Population Humans interacting with physical robots (social, ser-
vice, assistive).

Simulated robots, virtual agents, or pure simulation en-
vironments.

Concept Explicit focus on failures, errors, or unexpected behav-
iors.

Failures mentioned only anecdotally; pure algorithm
validation without interaction data.

Context Failures occurring during active human-robot interac-
tion (or in shared environments).

Technical failures analyzed in isolation (e.g., bench-
marking) without human impact.

Study Type Empirical studies, case studies, experiments, and peer-
reviewed theoretical frameworks.

Pre-prints, editorials, opinion pieces, chal-
lenges/protocols.

Publication Peer-reviewed (Journal/Conference); English; Published
≥ 2015.

Non-English; Unavailable full text; Gray literature.

attempting a system reset, or prompting a human takeover. The
purpose of this ongoing review is to systematically map existing ev-
idence, identify underrepresented failure types, and extract specific
use cases to test against our framework.

2.4 Taxonomy Iteration (Future Work)
Once the scoping review is complete, the extracted data will be used
to expand, validate, and improve our preliminary taxonomy. Cate-
gories will be adjusted, merged, or subdivided based on the newly
mapped evidence to ensure comprehensive coverage of technical,
social, and environmental failure aspects.

2.5 Validation and Evaluation (Future Work)
Lastly, to evaluate the robustness and applicability of the taxonomy,
we will conduct a validation phase in which we systematically cate-
gorize documented robotic and HRI failures using it. This involved
reviewing failure reports from academic literature, case studies, and
real-world deployments. We will also conduct focus groups with
roboticists, designers, engineers, and HRI specialists. They will be
presented with a series of HRI failure scenarios and asked to catego-
rize them using our framework to assess its feasibility and perceived
clarity. This iterative validation process will ensure that the tax-
onomy effectively captures real-world failures while maintaining
clarity and consistency. As a result, our final taxonomy provides
a structured and comprehensive framework for categorizing fail-
ures in HRI, supporting both research and practical applications in
failure analysis and mitigation.

3 Preliminary Taxonomy
Our preliminary taxonomy classifies failures in HRI based on the
moment they occur and their underlying cause (Fig. 2).

The primary dimensions of our framework: Perception, Cogni-
tion, and Execution, are grounded in the PCA (Perception-Cognition-
Action) model [1, 13] commonly used in human factors engineering
and cognitive psychology, and often related to the Sense-Plan-Act
cycle in robotics [27]. This model provides a robust alternative
to purely social error taxonomies by focusing on the underlying

functional process of the robotic system. While existing work often
categorizes errors by their social outcome (e.g., a "norm violation"),
our taxonomy identifies the technical root (e.g., a "perception fail-
ure" of a social cue), which is essential for a robot to generate an
accurate, transparent explanation for the user.

A core premise of our framework is that interaction failures
are not solely the robot’s fault. They can be triggered by three
distinct agents: the Robot, the Human, and the Environment, with
the possibility that more than one agent can initiate the failure.
In a case where a failure leads to another, we apply a root cause
principle, where a failure is attributed to the earliest stage in the
PCA cycle.

Failures are grouped into three primary dimensions correspond-
ing to the fundamental capabilities of a robotic (or human) system:
Perception, Cognition, and Execution. The three dimensions are
defined as follows:

• Perception Failures: These occur when a robot or user
misinterprets sensory information. This dimension includes
actors’ perception errors (e.g., the robot misidentifies a hu-
man user or vice versa) and environmental perception er-
rors (e.g., the robot incorrectly interprets its surroundings
and fails to adapt, or sunlight affects the robot’s sensors).
Common triggers include sensor limitations, mispercep-
tions of the robot’s capabilities, algorithmic miscalculations,
or external environmental factors such as poor lighting and
excessive noise.

• Execution Failures: These occur during the attempt to
perform an action. This includes mechanical failures (e.g.,
malfunctioning motors or actuators), coordination failures
(e.g., failing to synchronize movements with a user, result-
ing in failed handovers), and communication failures (e.g.,
providing incorrect or inadequate feedback; the user using
the wrong or no input, etc.). These errors often stem from
hardware deterioration, real-time movement coordination
errors, or mishaps in verbal and non-verbal signaling.

• Cognition Failures: These stem from incorrect processing,
reasoning, or memory retention, which impedes the robot’s
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Figure 2: The proposed multidimensional HRI Failure Taxonomy. The framework maps failures across functional dimensions
(Perception, Execution, Cognition) and evaluates their downstream consequences across three critical impact axes: Security,
Impact, and User Trust.

ability to understand and adapt to human interaction. Sub-
categories include adaptation failures (failing to respond
to specific user needs), memory failures (forgetting previ-
ously learned information), and knowledge gaps (lacking
the necessary information to make appropriate decisions;
“forgetting” information, etc).

Beyond categorizing the type of failure, our taxonomy integrates
attributes to assess the failure’s overall significance on the interac-
tion. We argue that these attributes are not standalone, but rather
emergent properties that influence one another and dictate the
necessary recovery strategy. A failure can have repercussions for
users’ safety, ranging from no impact to those that introduce poten-
tial risks to those that create immediate danger. Connected to this
is the effect on users’ trust, which serves as a primary proxy for
the user’s perception of the robot. This assesses the failure’s effect
on user reliance, evaluating whether it causes minor user doubt,
decreased confidence, or a complete loss of trust. Additionally, we
have the overall Impact, which encompasses these categories, as
well as error mitigation and recovery. It can range from minor to
major to critical, depending on how low or severe these aspects are.

Classifying HRI failures through this multidimensional lens is a
necessary prerequisite for designing transparent, understandable
robots, as a system can only provide meaningful explanations and
restore user trust when it accurately understands the specific nature
and origin of its own failure.

4 Discussion and Future Work
While our scoping review is still ongoing, our initial full-text screen-
ing has already revealed a significant technocentric bias in how
the HRI community currently reports failures. We have identified
that the vast majority of research articles treat failures and errors
as purely quantitative, technical metrics. Frequently, failures are
mentioned only in passing to benchmark algorithmic performance,
with one system deemed superior to another solely based on a lower
error percentage [17, 28]. These technical validations routinely omit
crucial contextual details regarding how the failure actually un-
folded during the human-robot interaction. Consequently, there is
a distinct lack of qualitative analysis concerning how these failures
are perceived, experienced, and interpreted by the users themselves.

4.1 The Need for a Transparency-Driven
Taxonomy

This preliminary finding underscores a critical gap in the field:
treating a failure merely as a system bug or an algorithmic error
rate ignores the inherent social contract of HRI. If a robot’s internal
logic treats an error as a statistical anomaly, it cannot effectively
communicate to the user what went wrong [7, 22].

To design transparent and understandable robots, the field must
shift from analyzing failures purely as technical defects to under-
standing them as critical interactive events. Our proposed taxonomy
facilitates this shift. By classifying failures not just by their technical
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source (e.g., sensor noise), but also by their interactive dimension
(Perception, Execution, Cognition) and their impact on the user
(Trust, Safety), we provide designers with the specific vocabulary
needed to trigger appropriate mitigation strategies. Furthermore, by
explicitly expanding the taxonomy to encompass human and envi-
ronmental triggers alongside robot errors, the framework facilitates
the anticipation and prediction of interaction failures. Recogniz-
ing these external sources enables designers to proactively predict
when and how failures might occur, enabling more robust, timely
mitigation. For instance, an Execution Failure (e.g., dropping an
object) requires a fundamentally different explanation and recovery
strategy than a Cognition Failure (e.g., misinterpreting a user’s
intent or forgetting a preference).

4.2 Bridging Taxonomy and Transparent
Communication

Moving forward, our immediate work involves completing the full
scoping review to thoroughly validate and populate the proposed
taxonomy. Beyond this, our goal is to leverage the taxonomy as
a foundational framework for designing active, transparent error-
recovery behaviors.

As robots become increasingly autonomous in everyday envi-
ronments, it is no longer enough for them to fail silently; they
must be understandable in their failures. A generic error alert, or a
complete lack of communication, leaves users confused about what
went wrong and does little to repair trust. By pinpointing exactly
where the failure occurred (Perception, Cognition, or Execution)
and what triggered it (Robot, Human, or Environment), design-
ers can equip robots with targeted, context-aware explanations
and mitigation strategies. This framework moves failure handling
away from simple technical debugging and toward proactive, un-
derstandable communication, ensuring that when robots inevitably
fail, they can explain why in a way that preserves safe and effective
human-robot collaboration.

Moving forward, our goal is to leverage this taxonomy notmerely
as an analytical tool, but as a foundational mechanism for active
failure prediction and recovery. Because a mechanical execution
error requires a fundamentally different response than a cognitive
misunderstanding of user intent, it is clear that each taxonomy
category demands a distinct mitigation strategy. We plan to explore
how robots can use this framework to self-diagnose the nature of an
error and dynamically adapt their communication. Future studies
will focus on linking these specific failure categories to tailored
explanations of the robot’s reasoning processes and underlying
uncertainties. Ultimately, by accurately mapping how and why fail-
ures occur, we aim to empower systems to anticipate errors, recover
gracefully, and sustain user trust through transparent interaction.
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