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Abstract
The increasing application of Large Language Models (LLMs) in everyday tasks and at work highlights the crucial
importance of trust in human-AI collaboration, particularly when an AI system fails. This paper investigates the
effectiveness of failure communication strategies for trust repair in collaborative physical tasks involving a a
chat-based AI assistant. A controlled experiment in which participants built LEGO cars guided by an LLM-based AI
Assistant was used to evaluate whether findings from trust repair in a virtual environment, such as chatbots, translate
to an environment comprising tangible tasks, and whether the timing of trust repair influences the outcome. Results
indicate that actively communicating mistakes significantly improves trust compared to a no repair strategy, and that
early repair tends to be more effective, indicating that failure communication, independent of the timing, is important
for an appropriate calibration of trust.
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1. Introduction

Trust is a fundamental social construct that has
been extensively studied for decades in the so-
cial sciences. It can be understood as the belief
in another party’s reliability, goodwill, and inten-
tions, despite potential risks and unexpected out-
comes (Rotter, 1980; Mayer et al., 1995). This
confidence forms the cornerstone of interpersonal
relationships. In the field of human-computer in-
teraction (HCI), trust also plays a central role, as
machines increasingly resemble social actors and
elicit similar social responses from users (Nass
et al., 1994). As automation and conversational
AI advance, particularly in the form of LLM-based
agents such as ChatGPT, machines are now ca-
pable of assisting with complex tasks, further el-
evating the importance of trust in HCI (Schaefer
et al., 2016). In this context, understanding the
facets of trust in automation becomes essential.
Studies by Muir and Moray (1996) found that trust
in automated systems is based on factors such
as perceived reliability, competence, and integrity.
Moreover, users may exhibit under-reliance (i.e.,
using a system less than they ideally should) or
over-reliance (i.e., becoming overly dependent on
the system and accepting its outputs without suf-
ficient critical thinking) based on their perception
of system trustworthiness (Parasuraman and Ri-
ley, 1997). It has been shown, that a system’s
performance-related aspects, such as failures and
accuracy, have a strong impact on the human-AI
trust relationship (De Visser et al., 2020; Hancock
et al., 2011). In human-to-human interaction, how
failures are communicated and how individuals re-
cover from them play a significant role in repairing

trust (e.g., (Shapiro et al., 1992; Goffman, 2017;
Quinn et al., 2017)). These principles are now be-
ing explored in human–AI interaction, to determine
how AI should communicate its failures and to eval-
uate which strategies are most effective in regaining
user trust (Baker et al., 2018; De Visser et al., 2018).
For example, Esterwood and Robert (2022) exam-
ined the use of apologies with remorse after speech
recognition errors in interactions between humans
and robots. Trust was first established through a
trust game in which the robot answered questions
correctly, followed by a misrecognition of the user’s
speech. Results showed a trend towards restoring
user trust. Similarly, Lee et al. (2010) analyzed
trust in human-robot interactions and found that
apologizing and were most effective in increasing
people’s willingness to use the service again. They
also suggested that tailoring recovery strategies to
personal preferences could amplify effectiveness.

While much research focuses on regaining user
trust after mistakes, another line of work seeks to
minimize failures in the first place by improving
model performance. For instance, Wang and Li
(2023) introduced the SALAM framework, a coop-
erative study assistant that enables LLMs to learn
from mistakes by providing feedback. Although ef-
fective, it still relies on ground-truth comparisons,
which are insufficient for complex reasoning tasks
involving multiple intermediate steps. Another ap-
proach by Zhang et al. (2024) explores in-context
learning (ICL), in the form of few-shot prompting,
and introduces the LEAP framework, which focuses
on teaching generalizable principles to avoid mis-
takes. Despite these advances, failures cannot
be completely eliminated. Therefore, methods for
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repairing trust after the occurrence of a failure re-
main imperative. The central aim of this work is
to evaluate whether findings from dialogue-based
trust repair also apply in a physical collaboration
setting. Specifically, this work investigates whether
the presence or absence of failure communication
influences trust in AI during collaborative manufac-
turing, and whether the timing of trust repair affects
its success in a physical environment.

To address this, a controlled experimental setup
is designed in which participants build LEGO cars
guided by an AI Assistant implemented using a
dual-LLM system. Participants’ trust in the system
is measured under different conditions of failure
communication and timing. The results of this study
aim to deepen understanding of trust dynamics in
human–AI collaboration, particularly when interac-
tions include a tangible, physical component. Our
results show that Communicating and repairing fail-
ures reliably improved collaboration: both early and
late repair increased trust and satisfaction com-
pared to offering no repair. In our short-term task
scenario, whether an failure is acknowledged mat-
tered more than when. Participants reported more
issues when no repair was offered, while early re-
pair elicited the fewest noticed problems and some
positive remarks. Based on this we provide design
implications for failure communication and rectifi-
cation in human-AI collaboration.

2. Related Work

2.1. Trust in Human-AI Collaboration

Trust between humans has been defined in many
ways throughout time. For instance, Rotter defined
interpersonal trust as “expectancy held by an indi-
vidual that the word, promise, or written communi-
cation of another can be relied upon” (Rotter, 1967).
Similarly, Mayer et al. described it as “the willing-
ness of a party to be vulnerable to the outcomes
of another party based on the expectation that the
other will perform a particular action important to
the trustor, irrespective of the ability to monitor or
control that other party” (Mayer et al., 1995). Other
works argue that trust is multidimensional, with trust
and distrust forming separate constructs rather than
lying on a single spectrum (Lewicki et al., 1998;
Luhmann, 2018). By contrast, trust in technologies,
robots, or AI appears to be more one-dimensional
and typically concerns the human’s expectations of
the system and how that system will perform (Lee
and See, 2004). Typically, it is measured using psy-
chologically validated scales, such as the trust in
automation scale by (Jian et al., 2000), which also
has been applied often in previous works of human-
AI collaboration (e.g. see Kraus et al. (2020)).

2.2. Failures in Human-AI Collaboration
Research on human–AI collaboration has increas-
ingly moved beyond raw model accuracy to exam-
ine how failures shape team outcomes and trust.
We adopt a pragmatic view in which a failure de-
notes a divergence between the team’s output and
a normative or task ground truth (irrespective of
source), while a mistake denotes a human action
or decision that is incorrect given available infor-
mation (e.g., accepting a wrong AI suggestion or
rejecting a correct one). This distinction aligns with
work that separates system errors from use errors
and shows that collaboration introduces additional
failure modes beyond those of either party alone
(Green and Chen, 2019).

A consistent finding is that people struggle to
calibrate reliance on AI. Studies document over-
reliance, e.g., errors of commission or accepting
incorrect AI advice, and under-reliance, e.g., er-
rors of omission or dismissing correct AI advice,
as primary collaboration-specific mistakes that de-
grade team performance and trust (Bansal et al.,
2021; Green and Chen, 2019). Trust alone does
not guarantee appropriate reliance, supporting clas-
sic automation results (Lee and See, 2004). Re-
cent meta-analytic evidence further suggests that
human–AI teams often fail to surpass the better
individual agent, with miscalibrated trust and co-
ordination frictions cited as key drivers (Vaccaro
et al., 2024).

2.3. Trust Repair in Human-AI
Collaboration

Trust repair in human-to-human interactions can
take several forms, such as apologizing, denial,
performing trustworthy actions, or committing to
change. Apologies are the most straightforward
and are generally most effective immediately after
a trust violation (Kim et al., 2006), but sometimes
they are insufficient on their own (Tomlinson et al.,
2004). Denial is more often used when the violation
relates to integrity or principles, and involves shift-
ing the blame externally to absolve responsibility
(Kim et al., 2006).

Performing trustworthy actions is only effective
if the violator and trustor continue to interact, as
it requires repeated demonstrations of reliability
(Schweitzer et al., 2006). Finally, committing to
change works best when the pre-existing relation-
ship is strong (Baker et al., 2018). In human-AI
trust repair, some of these strategies do not trans-
late directly. Here, the term “AI” is used broadly
to encompass virtual conversational agents (e.g.,
chatbots and assistants), animated avatars, and
physical autonomous robots. Denial, for example,
is largely ineffective because trust in AI is grounded
in expectations of objectivity and accuracy (Ester-
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wood and Robert Jr, 2023). Denying an failure that
a user clearly observes undermines confidence and
can even render the AI deceptive (Esterwood and
Robert Jr, 2023). Performing trustworthy actions
can be viable in long-term interactions (e.g., work-
related contexts), but is less effective in short en-
counters. Apologies and commitments to change
remain the most promising strategies in human–AI
trust repair. Another important factor is the timing
of trust repair (Robinette et al., 2015). Two main
approaches exist: early trust repair, which occurs
immediately after an failure, and late trust repair,
which is delayed until a later point in the interaction.
Studies suggest that late trust repair may be more
effective than early repair in restoring confidence.
For example, in a simulated emergency evacua-
tion scenario, an AI assistant robot first violated
trust by guiding participants along inefficient routes.
Later, during a crisis phase, the AI attempted to
repair trust through apology. Results indicated that
late trust repair was more successful in influencing
users’ willingness to rely on the AI again (Nayyar
and Wagner, 2018).

2.4. Summary

Foundational HCI and automation research shows
that trust depends on perceived reliability, compe-
tence, and integrity, and that miscalibrated reliance,
such as over- or under-reliance, often follows un-
addressed failures. This motivated us to (i) make
performance-related failures an explicit part of the
task and (ii) focus on communication and repair
rather than solely optimizing accuracy. Evidence
that apologies and commitments to change are ef-
fective in human–AI repair, whereas denial is coun-
terproductive, led us to implement repair in the form
of acknowledgments, apologies, and corrections,
while we exclude denial or compensation condi-
tions. The limited evidence of findings on timing
impact led us to further investigate early vs. late vs.
no repair strategies. Because most prior work is di-
alogic or simulation-based, we situated the study in
physical collaboration to examine whether dialogue-
based trust repair effects transfer when actions are
embodied. This results in two research questions.

• RQ1 (Communication): Does communicating
and repairing failures (vs. no repair) improve trust
and satisfaction and reduce perceived severity of
failures in physical human–AI collaboration?

• RQ2 (Timing): In short collaborative tasks, does
early (immediate) vs. late (bundled end-of-task)
repair differentially affect trust, satisfaction, and
perceived severity?

3. Methods

3.1. Participants
A total of 21 individuals participated, primarily stu-
dents and faculty members. The sample consisted
of 14 male and 7 female participants, with a mean
age of 30.0 years (SD = 10.0). Of the 21 partici-
pants, two had no prior LEGO building experience,
while the remaining 19 did. Among all participants,
9 built LEGO once per year or more often, while the
remaining said they had built often as children but
no longer. On average, the LEGO building skills
were rated as M = 2.95 (SD = 0.92).

3.2. Task
Participants were asked to collaborate with a so-
called “AI Assistant” on building LEGO cars. Partic-
ipants assembled the cars by following the AI Assis-
tant’s instructions. Their goal was to complete the
LEGO car. Beyond the AI Assistant’s instruction,
the participants did not get any additional instruc-
tion material. Each experiment entailed the partici-
pant assembling three cars: a light blue car, a dark
blue police car, and a red minivan (see Figure 2).
The assembly was broken down into several individ-
ual instruction steps with slightly varying numbers
of LEGO pieces. For the light blue car, it was 13
steps and 35 pieces; for the red minivan, 11 steps
and 42 pieces; and for the dark blue police car, 9
steps and 37 pieces.

3.3. Conditions
To test for the influence of different repair strategies
on trust, three different strategies were adminis-
tered. Either the AI Assistant pointed out the failure
in the next step, during the last step of building
the car, or no repair happened at all (see Table 2).
Thus, in the following, we will distinguish between
Early Repair condition, Late Repair condition, and
the No Repair condition, respectively. Each condi-
tion corresponds to a specific car:
• Early Repair –> Light blue car
• Late Repair –> Red minivan
• No Repair –> Dark blue police car
For the generation of the specific failures, see the
system prompt for the Failure LLM in Table 1, and
Table 3 for examples of Early and Late Repair strate-
gies.

3.4. AI Assistant
The AI Assistant consisted of a dual-LLM architec-
ture that will be described in detail in the following.
We used two concurrent LLM roles with separate
chat histories:
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Table 1: Prompt behavior and error policy by strategy.

Condition Instruction LLM Failure LLM
Early Repair Short, deterministic step-by-step instruc-

tions; if a prior step is wrong (visible in
history), apologize and correct immedi-
ately.

Rewrite the targeted step into a subtle but plausible
mistake; if the user notices, apologize and provide the
correct step. Error injected at Step 3 and added to
main chat.

Late Repair Short, deterministic instructions; apol-
ogize only if the user explicitly flags a
mistake. Otherwise proceed.

Rewrite the targeted step into a subtle mistake; no im-
mediate apology. Controller injects a delayed apology
with the corrected Step 2 at Step 11 if no earlier apol-
ogy occurred. Error stored separately until repair.

No Repair Short, deterministic instructions; no
apology logic in the main flow.

Rewrite the targeted step into a subtle mistake; never
apologize. When questioned, provide the correct step
without apology. Error injected at Step 6 but kept out
of the main chat (stored separately).

• Instruction LLM produces short, step-by-step
build instruction and anchors the step counter

• Failure LLM rewrites a targeted step into a plau-
sible, subtle error. Depending on the condition, it
may or may not be allowed to apologise or cor-
rect.
We implemented the AI Assistant as a Flask

web app that calls an on-premise Ollama endpoint
(/api/chat) running the llama3.1 model. Each
request is sent with the full chat history plus a sys-
tem prompt; streaming is disabled and decoding
options are fixed: temperature = 0.2 for the In-
struction LLM, temperature = 0.7 for the Failure
LLM; top_p = 0.8/0.9, top_k = 100. To keep the
study repeatable, the controller extracts the current
step from the Instruction LLM’s reply using a regex
(Step\s+(\d+)). The controller loop prevents
multiple injections of failures by the Failure LLM by
using two flags: repeat and apologized. More
details about the controller logic is outlined in Table
2. At each turn, the controller routes as follows: (i)
parse the step number from the Instruction LLM’s
draft, (ii) if the step equals a predefined failure point
and the injection for that car has not yet occurred
(repeat = False), call the Failure LLM; otherwise,
return the Instruction LLM’s response. Whether the
injected failure appears in the main chat history (vis-
ible to the Instruction LLM) or is stored separately
depends on the assigned trust-repair strategy.

System Prompts. Each LEGO car used its own
Flask app instance and prompt pair to avoid cross-
talk. Failure steps and repair timing were controlled
per condition. This implementation delivers con-
trolled, reproducible failure timing while cleanly sep-
arating generation (Instruction vs. Failure), and re-
pair timing (early, late, never). Table 1 summarizes
the prompt behaviors implemented in the three
conditions. Each Instruction prompt contains few-
shot examples and requires numbered, one-step
replies. Failure prompts define how to alter a step

and whether apologies are permitted.

3.5. Setup
The study took place in a university room (see Fig-
ure 1). Participants sat at a desk. On the left, the
AI Assistant’s interface is shown on a screen. For
filling out the survey, an additional tablet was used.
In the middle of the table, pieces for all three cars,
along with additional distracting parts, were mixed
into a single pile, ensuring realism and enabling
plausible failures.

Interaction with the AI agent was possible via text
input or voice input through a Rode Wireless GO
microphone. Instructions were also read aloud via
text-to-speech through external speakers. Some
participants who could not attend in person used a
similar setup at home.

Figure 1: Top-down view of the experimental setup.

3.6. Procedure
At the beginning, participants were welcomed and
were introduced to the task. The study conductor
only mentioned that they had to assemble LEGO
cars, deliberately omitting that the research goal
is to investigate different failure repair strategies.
They first completed a short demographic survey on
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Table 2: Controller logic per condition. Flags repeat and apologised ensure single injection and a
single repair.

Condition Step with Failure What is logged in main chat Repair Policy Trigger
Early Repair 3 Injected mistake is

added to main chat
Instruction LLM sees the wrong
step in history, apologises,
and immediately corrects

Immediate (next turn)

Late Repair 2 Error stored separately;
main chat proceeds with the
normal steps

If no apology happened earlier,
inject a delayed apology with the
corrected Step 2

Step 11 (end-phase)

No Repair 6 Injected mistake stored only
in a secondary history; the
correct step is kept in
main chat

No apology; continue as if
no error occurred

None

Table 3: Side-by-side example dialogues showing Early Repair vs. Late Repair.

Early Repair Late Repair
...

Step 1
[U]ser: Hello, I want to build a LEGO car.
[A]I Assistant: Light blue car. Take a 4x8 base,
long side facing you. On the last row on the right,
place a 2x1 piece in the middle.

Step 2
U: Okay, next step.
A: On either side of the 2x1 piece, attach a 1x1
piece with a sideways connector, facing outward
to the right.

Step 3
U: Great, what next?
[wrong instruction] A: Using five 2x1 pieces,
build an L behind the earlier pieces.
U: Okay, what else?
[early repair] A: I made a mistake. It should be a
rectangle, not an L. Build an empty rectangle
(hole: 3 studs long, 2 studs wide) behind the
earlier pieces.

Step 4
U: Done. What should I do next?
A: Place a 4x2 piece behind the rectangle so its
long side runs along the back (only one row on
the left remains visible).

Step 8
A: Place two 2x1 white transparent pieces along
the edges; then mirror that step so the declines
face right.

Step 9
U: Okay, great—next step.
A: On the right sideways connector, attach a 2x1
flat silver grille; place a red transparent sphere on
each side.

Step 10
U: Please, give me the next step.
A: Place the two roof halves on top, smooth sides
left/right. Add two grey flat 2x1 pieces with a
single stud on top; position vertically so they do
not connect the roofs.
User: Nice—next.

Step 11
[late repair] A: I apologize; I made a mistake in
Step 2. Step 2 (corrected): Attach right behind
one black 4x1 flat piece with outward connectors
on the inside. On top, stack one flat white 4x1
piece, then a flat red 4x1 piece.

...

the tablet before starting with the first car. For each
car, the participant interacted with the AI Assistant
to build the car. After completing the assembly
of a car, the participants were asked to fill out a
subsequent questionnaire about the task and their
interaction with the AI Assistant. Concurrently, the
study conductor took a picture of the assembled
car to document the success of assembling.

During the transition between cars, the study

conductor switched the program to the next condi-
tion and saved the chat history for documentation.
These steps were repeated twice for the second
and third car. The order of cars was randomized
prior to starting each session to mitigate order ef-
fects. The entire session lasted approximately 60
minutes per participant. At the end, the study con-
ductor disclosed the true reason of the study to the
participants and saw them off with a sweet treat.
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3.7. Evaluation Metrics
Initial questions captured demographics, LEGO
experience, and familiarity with LLMs. To measure
trust, the trust in automation questionnaire was
administered (Jian et al., 2000). It consists of 12
items rated on a 7-point Likert scale from “not at
all” to “extremely” (see Table 4).

Table 4: Individual items of the trust questionnaire
by Jian et al. (2000).

Item Statement
1 The system is deceptive
2 The system behaves in an underhanded

manner
3 I am suspicious of the system’s intent, ac-

tion, or outputs
4 I am wary of the system
5 The system’s actions will have a harmful or

injurious outcome
6 I am confident in the system
7 The system provides security
8 The system has integrity
9 The system is dependable

10 The system is reliable
11 I can trust the system
12 I am familiar with the system

In addition, participants were asked the following
Yes-No-Question “Did you notice anything while
building the car?” Given the answer is "yes", par-
ticipants were prompted to write a short description
what they noticed. Further, they were specifically
asked if they noticed a mistake while assembling
the task. If the participant selected "yes", they were
asked on a 5-point Likert scale how severe the mis-
take was, how satisfied they were with the system’s
handling of the mistake, and also required to an-
swer the question “What do you think caused the
failure?” with the options “Own misunderstanding”,
“Poor instructions”, “LLM Failure”, or other.

To evaluate task performance, a car was consid-
ered correct if it matched the reference model in
shape, symmetry, and piece placement. Minor de-
viations in color (e.g., a gray base plate instead of
light blue) or orientation (e.g., a surfboard attached
in the wrong direction) were tolerated.

3.8. Analysis
To assess differences in trust across the three
conditions, we conducted a one-way repeated-
measures ANOVA. Given a significant result of the
ANOVA, pairwise comparisons were adjusted using
the Holm correction for multiple tests. The same
approach was followed for the perceived severity of
the failure and the satisfaction of the AI Assistant

(a) light blue car

(b) dark blue police car

(c) red minivan

Figure 2: Reference models of the correctly com-
pleted LEGO cars used in the study: (a) light blue
car, (b) dark blue police car, (c) red minivan.

handling the failure. For differences between the
perception of the occurrence of failures, pairwise
McNemar tests with Edwards’ continuity correction
were used. Open-ended questions were clustered
into themes.

4. Results

The following section summarizes the results ob-
tained for the trust values after each car assembly,
as well as the corresponding failure notifications,
the satisfaction with the AI Assistant’s response to
these failures, and the associated severity levels.

Trust. For the Early Repair strategy, the trust
was on average M = 4.58(SD = 1.12), for Late
Repair M = 4.35(SD = 0.90) and for No Re-
pair M = 4.02(SD = 0.79) (see Fig. 3). The
ANOVA revealed a significant main effect of con-
dition, F (2, 40) = 8.04, p = 0.001, η2 = 0.287,
between the different repair strategies. Post-hoc
comparisons showed that trust was significantly
higher in the Early Repair condition than in No Re-
pair (p = .002). The difference between Early Re-
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pair and Late Repair was not significant (p = .147).
However, Late Repair yielded significantly higher
trust than No Repair (p = .037).

Figure 3: Box plots comparing the repair strategies.

Detected Anomalies. Regarding the question,
whether something was noticed, the pattern looks
as follows:
• Early Repair: 11 participants answered with

“no”; among those 10 participants who replied
with “yes”, the dominant theme was mistakes or
wrong instructions (5 mentions). Two participants
offered positive remarks (e.g., a “straightforward
process” and “clearer instructions”), while three
participants described negative aspects of the
LLM’s behavior unrelated to the instruction qual-
ity.

• Late Repair: 16 participants replied with “yes”.
Reported themes included wrong instructions (5
mentions), correction arriving too late (3 men-
tions), and changing or imprecise instructions (5
mentions).

• No Repair: 6 participants replied with “no”, the
remaining with “yes”, namely 15. The most fre-
quent theme was bad or wrong instructions (8
mentions). The remaining reports emphasized
confusion due to “hallucinating” or inconsistent
LLM responses (7 mentions). One participant
also raised an annoyance with the text-to-speech
voice.

Detected failures. In the Early Repair condition,
eight participants noticed a failure; in the Late Re-
pair condition, 15; and in the No Repair condition,
14. Based on the within-subject tallies, the descrip-
tive rates were Early Repair = 38.1%, No Repair
= 66.7%, and Late Repair = 71.4%.

We compared conditions with paired (within-
subjects) McNemar tests using Edwards’ continuity
correction, reporting the discordant counts (b, c)
where b = yes/no and c = no/yes:
• Early vs. Late: χ2(1, N = 21) = 3.27, p = .070

with (b, c) = (2, 9).

Table 5: Severity and Satisfaction statistics by con-
dition.

N Mean Median SD
Early Repair Severity 17 3.18 4.00 1.29

Satisfaction 17 3.24 3.00 1.44
Late Repair Severity 18 2.78 3.00 1.40

Satisfaction 18 3.17 3.50 1.29
No Repair Severity 20 3.55 4.00 1.10

Satisfaction 20 2.35 2.00 1.14

• Early vs. No : χ2(1, N = 21) = 4.17, p = .041
with (b, c) = (0, 6).

• No vs. Late: χ2(1, N = 21) = 0.00, p = 1.000
with (b, c) = (2, 3).

Satisfaction with the handling of failures. The
descriptive results for the satisfaction can be seen
in Table 5. The repeated-measures ANOVA shows
that there was a significant main effect of condition,
F (2, 28) = 7.67, p = .002, η2p = .354, indicating
that satisfaction differed across the three repair
strategies. Holm-adjusted post-hoc comparisons
showed that satisfaction was significantly higher
for Early Repair than No Repair (p = .030) and
higher for Late Repair than No Repair (p = .030).
There was no difference between Early and Late
repair ( p = .546). Together, these results suggest
that applying any repair (early or late) yields higher
satisfaction than not repairing, with no meaningful
difference between early and late repair.

Perceived severity of the failure. The descrip-
tive results for the perceived severity of failures can
be seen in Table 5. We analyzed perceived sever-
ity across the three conditions using a repeated-
measures ANOVA. There was a significant main
effect of condition, F (2, 28) = 4.41, p = .022,
η2p = .240, indicating that perceived severity differed
across Repair strategies. Holm-adjusted post-hoc
tests showed that severity ratings were higher un-
der No Repair than Late Repair condition (p = .048).
The difference between Early Repair and No Repair
condition trended toward lower severity with Early
(p = .081), but did not reach the adjusted signifi-
cance threshold. There was no reliable difference
between Early Repair and Late Repair condition
(p = .250).

Task performance. In total, 63 LEGO cars (21
participants * 3 cars) were assembled. 32 cars
were completed correctly according to the definition
of task performance in Section 3.7. The remaining
31 builds were not fully correct: most were close to
correct and exhibited small issues (e.g., a missing
piece or a color mismatch on a single part), while 18
were clearly incorrect. In the Late Repair condition,
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some participants chose not to fix the failure after
the late repair attempt; thus, three of the not-fully-
correct builds were otherwise correct except for the
planned failure.

For completeness, the distribution of not-fully-
correct builds by condition was as follows:
• Early Repair: 9 builds were not fully correct.
• Late Repair: 10 builds were not fully correct (in-

cluding the three that were correct except for the
intentional mistake).

• No Repair: 12 builds were not fully correct.
Participants most often attributed mistakes to

the LLM across all conditions. In the Early Re-
pair condition, 10 participants blamed the LLM, 6
cited poor instructions, and 1 reported their own
misunderstanding. In the No Repair condition, 10
participants blamed the LLM, 6 cited poor instruc-
tions, 3 selected “other,” and 1 reported their own
misunderstanding. In the Late Repair condition, 10
participants blamed the LLM, 6 cited poor instruc-
tions, and 2 selected “other.” Overall, “LLM error”
was the dominant explanation in every condition;
“poor instructions” was the next most common attri-
bution, while “own misunderstanding” was rare and
appeared only in the Early and No-Repair groups.
The “other” category appeared in the No-Repair
and Late conditions but not in Early Repair condi-
tion.

5. Discussion

Our results show a clear benefit of communicating
and repairing failures in human-AI collaboration.
Trust was significantly higher in both Early and Late
Repair than in No Repair; Early and Late Repair did
not differ. Satisfaction with failure handling mirrored
this pattern (any repair > no repair), and perceived
failure severity was lowest when repair occurred
late and highest when no repair was offered. Qual-
itatively, participants noticed and described more
issues under No Repair (often "bad instructions" or
"hallucinating responses"), whereas early elicited
the fewest issue notices and occasional positive
remarks.

Analyzing the communication and timing of AI
failures. First, the consistent negative perception
of the No Repair condition aligns with work showing
that unaddressed system failures negatively impact
human-AI collaboration, especially regarding per-
ceived trust (Lee and See, 2004; Green and Chen,
2019). In our setup, ignoring the failure likely pre-
vented users from forming accurate mental models
of when the system is reliable, which is a known
driver of over- or under-reliance (Bansal et al., 2019,
2021). Second, the absence of a statistically re-
liable difference between Early and Late Repair

suggests that, in short collaborative tasks, whether
a failure is acknowledged and corrected may mat-
ter more than exactly when it is done. This nu-
ance slightly contrasts with reports that late repair
can outperform early repair (Robinette et al., 2015;
Nayyar and Wagner, 2018). Although the differ-
ence was not found to be significant, Early Repair
even resulted in less subjectively detected failures,
higher trust, and satisfaction rating. One plausible
mechanism is a task-structure effect. In our study,
late repair bundled corrections and an apology at
the end, potentially leveraging a recency advan-
tage in judgments of the whole interaction, which is
consistent with the reduced perceived severity we
observed for Late vs. No repair. At the same time,
Early but also Late Repair did not harm trust or
satisfaction, indicating that failure communication
is effective in general.

Link to failure attributions. Across conditions,
participants predominantly attributed problems to
the LLM, while “poor instructions” were placed sec-
ond, and self-blame was attributed rarely. This
relates to findings that users often treat the AI as
the locus of failure in mixed-initiative work, and that
miscalibrated trust emerges when systems fail with-
out clear communication (Green and Chen, 2019;
Vaccaro et al., 2024). Together with the satisfaction
and severity results, the pattern supports designs
that disclose and rectify mistakes rather than deny
or obscure them (Esterwood and Robert Jr, 2023).

Design implications. We can infer two major
implications for the design of AI systems:

1. Always disclose and repair failures. Com-
municated fixes reliably increase trust and sat-
isfaction; hiding failures harms mental models
and miscalibrates reliance.

2. Timing is secondary in short tasks. Early
and late repairs perform similarly; the key is
repairing at all.

Limitations and next steps. The study used con-
trolled, injected failures in a LEGO assembly task,
a relatively short, low-stakes collaboration. Effects
of timing may differ in longer-horizon, safety-critical,
or high-stress settings (Robinette et al., 2015). Our
within-subject design also raises potential sensiti-
zation and carryover effects. Future work should
vary the failure type and severity, frequency, and
explanation content, and examine adaptive policies
that decide whether to repair immediately or defer
based on task phase and the user’s cognitive load.
In doing so, we want to establish a robust frame-
work for handling failures of LLMs in various use
cases, such as interaction with cobots, for example
(Klein et al., 2024).



2950

6. Conclusion

Failures are natural in human-human as well as
in human-AI collaboration. However, current AI
systems, especially LLM-based systems, have lim-
ited capabilities in addressing and correcting these
through communication. Therefore, we tested fail-
ure communication in a tangible setting where par-
ticipants built LEGO cars with guidance from an
LLM-based assistant. Acknowledging and correct-
ing failures, whether early or late, consistently in-
creased trust and satisfaction compared to offering
no repair. In our task scenario, whether a repair
occurs matters more than when it occurs. Late
repair reduced perceived severity, while early re-
pair yielded the fewest noticed issues. These find-
ings support a disclosure-by-default policy: clearly
acknowledge the failure, provide a brief apology
and the cause when known, and supply a concrete
correction, selecting the timing based on risk and
potential disruption. This offers a practical path-
way to more trustworthy human–AI collaboration in
real-world, embodied tasks.

7. Ethics Statement

Communicating failures in LLM-based assistants
is essential for transparent, responsible interaction.
These systems can produce fluent but incorrect out-
puts (hallucinations), while their internal decision
processes remain largely opaque. Their persuasive
style can create unwarranted confidence, which in-
creases the risk of overreliance and harms users’
ability to judge reliability. To support responsible
use and appropriate trust calibration, LLM-based
systems must actively disclose their boundaries,
and admit errors when they occur. Our work aims
to improve the responsible use of AI assistants.
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